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Abstract

Deep learning is finding increasing applications in the automated medical de-
tection of neurodevelopmental disorders, such as autism spectrum disorder (ASD).
Automated tools aim to overcome the limitations of traditional screening methods,
which are based on clinicians’ subjective observations and are also costly and time-
consuming. With the rapid development of brain fMRI technology, more research is
focused on using it to uncover the intrinsic biological markers of ASD. This research
aims to improve classification for ASD, both in terms of the deep learning framework
and the choice of fMRI imaging data. Specifically, we will focus on two fMRI acqui-
sition paradigms: resting-state and visual task-based approaches. First, the author
proposes an improved ASD prediction framework based on a graph neural network
and analyzes the contribution of the graph structure. The proposed model is a com-
petitive alternative to the current best deep learning methods for ASD classification
in the resting-state paradigm. Visual task-based fMRI is another method used to
study brain activity related to visual stimuli, including face recognition and gaze
perception relevant to ASD research. By studying ASD with visual task-based fMRI,
researchers can gain insight into how the brains of individuals with ASD respond to
visual stimuli. Thus, the author further generalizes the proposed graph neural net-
work to visual task-based fMRI. Finally, the author introduces a novel multi-modal
framework to incorporate visual stimuli information that may be useful in detecting

and treating of ASD.
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Chapter 1

Introduction

Over the past decade, machine learning methods have been used for auto-
mated medical detection of neurodevelopmental disorders, such as autism
spectrum disorder (ASD). Automated medical detection aims to overcome
the limitations of traditional observational methods, which are based on clin-
icians’ subjective observations and are often times costly and time-consuming,.
With the rapid development of brain imaging technology, more research is
focused on uncovering the intrinsic biological markers of ASD.

This research aims to identify the optimal practices for improving the clas-
sification of ASD, both in terms of the data choice and deep learning frame-
work. This chapter will provide an introduction to the thesis by presenting
the background of ASD-related research, followed by the introduction of the

research problem, the research aim, and objectives.

1.1 Autism Spectrum Disorder (ASD)

Autism spectrum disorder (ASD) refers to a neurodevelopmental disorder
that affects peoples’ communication, learning ability, behavior, and social in-
teraction. The term "spectrum" refers to a range of levels of disability in func-
tioning that can occur in people with ASD. Both children and adults can be
affected by a disease across all socioeconomic and ethnic groups. People with
ASD may have repetitious behavioral patterns or narrow interests, which are
usually present from childhood and affect everyday functioning. However,

not everyone diagnosed with ASD may express those symptoms.



2 Chapter 1. Introduction

A traditional diagnosis of ASD is based on an assessment of the intellec-
tual disability and language functioning of a patient. A complete evalua-
tion requires a multidisciplinary team, including a neurologist, psychologist,
speech therapist, psychiatrist, and other experts who diagnose and treat the
disorder. Consequently, such observational tests are time-consuming, costly,
and moreover subjective to the experts” evaluation.

ASD-related traditional behavioral markers that have been found include
diminished social interaction and attention, atypical visual attention, and
non-smooth visual object tracking. Furthermore, children with ASD may
exhibit atypical social behaviors such as decreased attention to social scenes,
decreased frequency of gaze to faces (Belen et al., 2020). Finding the biomark-
ers associated with ASD using modern computational methods is particu-
larly valuable in understanding the roots of the neurodevelopmental disor-
der, which can lead to earlier diagnosis and more targeted treatment (Li et al.,
2018). More recent research focuses on the role of visual information process-
ing in patients with ASD by utilizing computer vision methods, such as eye
tracking (Greene et al., 2019) and the analysis of behavior to visual stimuli

(Belen et al., 2020).

1.2 Brain Imaging

The application of machine learning methods for brain imaging analysis is
targeted to develop new ASD detection methods without requiring expert
knowledge. Among different brain functional activity measuring techniques,
functional magnetic resonance imaging (fMRI) and electroencephalography
(EEG) are widely used nowadays (Straaten and Stam, 2013).

Compared to other imaging methods, fMRI is considered to be the most
advanced tool of clinical diagnosis due to the high spatial resolution of imag-
ing data (Bullmore and Sporns, 2012). fMRI is used for identifying nor-
mal and abnormal brain functioning patterns by measuring so-called blood-
oxygen-level-dependent (BOLD) signals. The method is based on the fact

that neural activity and blood flow are correlated: the activation of the brain
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FIGURE 1.1: Graphical illustration of voxel in fMRI data.

region requires an increased supply of blood oxygen to that region (Ogawa
et al., 1990). This way, fMRI allows capturing the different patterns of the
brain’s activations under varying physical factors, such as body movements,
presentation of sensor stimuli, or during pathological states (Bassett and Bull-
more, 2009; Bullmore and Sporns, 2012).

An fMRI scan can be viewed as a 4-dimensional matrix with three spa-
tial dimensions and one temporal dimension, as illustrated in Figure 1.1.
The smallest unit of fMRI that stores a signal value is called a voxel. The
amount of whole-brain voxel-wise fMRI signals could be immense: a three-
dimensional snapshot in time can contain millions of such voxels per subject.
Hence, fMRI is known for its high spacial resolution, which provides more
detailed imaging, but at the same time increases difficulty in the analysis.

(Zhang et al., 2021b).

1.3 Deep Learning Methods for Brain Imaging Data

The study of the brain has advanced greatly in recent decades, partially due
to the rapid growth of technology used in collecting and processing medi-

cal imaging data. Modern analysis of brain imaging data is interdisciplinary
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research that requires expertise from various technical fields, such as ma-
chine learning and image processing. Computational approaches to analyz-
ing brain functioning are important for diagnosing brain disorders or mental
illnesses. Optimized computational algorithms enable the efficient process-
ing of large volumes of brain imaging data and provide tools for uncovering
important patterns.

Deep learning models provide state-of-the-art computational methods for
automated feature extraction mechanisms, thanks to their capability to ap-
proximate complex functions (Jaiswal et al., 2018). However, the application
of Al in detecting neurodevelopmental disorders using brain imaging infor-
mation is a challenging task, due to the complexity of the fMRI data, and the
oftentimes lack of specific triggers which could characterize the disease. An-
other big challenge in applying deep learning directly is the scarcity of the
available brain imaging data required for making a reliable prediction given

the input and output labels.

1.4 fMRI as Brain Imaging Data for Detecting ASD

Two approaches exist for acquiring fMRI data (see Figure 1.2). The first one
is resting-state fMRI (rsfMRI), a passive acquisition state in which subjects
lie motionless and are not instructed to think of or do anything in particular.
The second one is task-based fMRI (tfMRI), which is an externally imposed
paradigm that utilizes inputs and outputs from subjects (Zhang et al., 2016).
In addition to differences in acquisition, brain fMRI data has multiple ways
of its representation. Since fMRI data captures both spacial and time-based
patterns of brain activity, it can be represented as 1) BOLD signal feature
vectors corresponding to different regions (Kamitani and Tong, 2005); 2) as
three-dimensional images; or 3) as a connectivity network between differ-
ent brain regions. The latter representation is typically used for resting-state

data.
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FIGURE 1.2: BOLD signal corresponding acquired through two

fMRI paradigms: a) resting-state data recorded during resting;

b) task-based data recorded from the primary visual cortex dur-

ing a simple task paradigm that requires opening and closing
eyes. Image adapted from Fox and Raichle, 2007.

1.4.1 Resting-state fMRI

The resting state or task-free fMRI data is a promising tool to investigate func-
tional alterations in the human brain in a relaxed state when a human subject
is not engaged in any particular task during scanning session. Despite the
absence of tasks or stimuli in a resting state, the human brain is known to
exhibit low-frequency fluctuations in blood oxygen level-dependent signal
(Ogawa et al., 1990). Studying the brain at rest helped to discover the prin-
ciples of macro-scale brain organization and shed light on the relationship
between spontaneous and evoked activity. Nowadays, resting-state data is
actively applied in the study of such neurodevelopmental disorders as at-
tention deficit hyperactivity disorder and autism spectrum disorder with the
expectation to improve existing diagnostics (Finn, 2021).

Resting-state brain fMRI signals became the conventional representation
of brain activity in detecting neurological disease. Existing diagnostic studies
focus on alterations in resting-state connectivity to characterize neural func-
tion (Kowalczyk et al., 2021). Therefore, we focus on the analysis of resting-

state data in the first part of the thesis.

1.4.2 Task-based fMRI

The primary goal of task-based functional MRI is mapping the response of

the brain to perceptual, motor, or cognitive stimulation. By measuring how
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BOLD signal changes between task-stimulated states, task-based fMRI is used
broadly to identify brain regions that are functionally involved in specific
task (Zhang et al., 2016).

Among all sensory perceptions, vision is the human’s dominant sense,
which also affects cognition (Ripley and Politzer, 2010). For example, vision
problems are common in patients who have suffered a traumatic brain injury
(Armstrong, 2018). Professor Mriganka Sur of MIT’s Department of Brain
and Cognitive Sciences and Professor David Williams Director of Rochester’s
Center for Visual Science suggest that understanding how vision works is
key to understanding how the brain works as a whole system (Hagen, 2012).

Consequently, many studies adopt visual task-based fMRI for studying
and treatment of such cognitive and neurodevelopmental disorders as atten-
tion deficit hyperactivity disorder (Kowalczyk et al., 2021), obsessive-compulsive
disorder (Pagliaccio et al., 2019), autism spectrum disorder (Li et al., 2018),
because of how differently these patients visually perceive and process the
world. Compared to using just resting-state connectivity data, task-based
fMRI allows an extended investigation of brain activation patterns specific to
different cognitive processes.

New research on neurobehavioral genetics by Gandal et al., 2022 sheds
light on sensory hypersensitivity linked to ASD. The authors report that brain
changes associated with ASD affect gene expression across cortical regions,
with the most gene drop-offs observed in the primary visual cortex. In re-
gards to ASD, atypical visual signal processing has been observed using var-
ious stimuli and tasks, with several reports of altered sensitivity (Utzerath

et al., 2018; Kolodny et al., 2020)

1.5 Thesis Organization

1.5.1 Motivation

Studying the human brain at rest became very popular over the past decades

and accounts for a large percentage of neuroimaging research. Resting-state
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research offered the field new research methods which enriched our knowl-
edge of brain functioning. Primarily, the community holds great expectations
for the application of deep learning methods for discovering markers of ASD.
However, the resting-state paradigm has a number of limitations that restrict
the amount of knowledge that we can extract from it. As a result, the exist-
ing research in neurological disease might miss out on the prospects of using
task-based imaging data.

Both resting-state fMRI and task fMRI are the two modalities that are used
to identify individuals with ASD. Given the lack of research analyzing the ef-
ticiency and interpretability of the resting-state and task-based fMRI data in
DNN-based neurological disease prediction, this study will aim to propose
a framework for classifying Autism Spectrum Disorder (ASD) using both
resting-state and task-based fMRI data, considering their unique differ-
ences.

Many studies including this one consider ASD classification into binary
classes. This contrasts with the fact that in reality ASD is diagnosed with
varying degrees of severity or on a spectrum. However, it is important to
note that the end goal of our research is to be able to use an ASD classification
framework as a screening tool in identifying individuals who may have ASD
and not to provide a definitive diagnosis. A further evaluation by a qualified
healthcare professional would be necessary to confirm an ASD diagnosis. In
addition, the machine learning-based classification of ASD using non-binary
labels is limited by the available annotations in the dataset. For example, the
Autism Brain Imaging Data Exchange (ABIDE) dataset, used in this study,
focuses on classifying ASD as present or absent and therefore contains binary
labels. Autism severity scores are only partially available in ABIDE dataset,
and their distribution varies greatly from site to site.

For now, ASD classification into binary classes is aligned with our moti-
vation to use the classification framework during screening, which can clas-
sify ASD using non-behavioral markers from fMRI signals. Therefore one of

the potential uses is during the early stage of the disease, where behavioral
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markers can’t be used. Given that the training dataset contains data from pa-
tients with varying degrees of disease severity, binary classification of ASD
as present or absent is sufficient for this task.

We state the following objectives which will help to achieve the research

aim:

1. Following the existing research on the resting-state fMRI dataset, pro-
pose a framework for population analysis and identify the importance
of imaging resting-state fMRI and non-imaging features in the predic-

tion task.

2. Generalize the proposed framework to visual task-fMRI for ASD clas-

sification.

3. Considering the differences between resting-state and task-fMRI data,
evaluate the effectiveness of deep learning methods applied to task-

based visual fMRI.

With regard to the research objectives stated above, we aim to answer the

following research questions:

1. What kind of neural networks can efficiently model the population of
subjects using fMRI data containing both imaging and non-imaging in-

formation?

2. Can a population-based classification framework help in improving

ASD prediction in task-based fMRI?

3. How effective are neural networks with task-based fMRI data com-

pared to resting-state data?

As a solution to research question 1, we present a graph-based neural
network that can incorporate brain imaging information from subjects and
inter-subject similarity. We explore the contribution of non-imaging features

to the improved classification.
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To address question 2, we present additional experiments where we in-
tegrate task-based visual fMRI data obtained for the study of ASD and the
population graph-based framework.

To answer question 3, we consider task-fMRI as a data-rich brain imaging
data source from which different neural networks can extract meaningful in-
formation for classification. As discussed in Section 2.1.1, resting-state fMRI
data has its own limitations. Therefore, we explore different neural network
learning strategies to learn better from rich task-based fMRI.

This study will contribute to the body of knowledge on ASD detection
by first evaluating the effectiveness of the traditional resting-state research
paradigm. Second, it will address the current shortage of research in the task-
based paradigm. Finally, this study will present deep learning techniques

that can be useful for improving ASD detection in task-based paradigms.

1.5.2 Structure and Organization

The content of this thesis is organized as follows:

1. In Chapter 1, we introduce the context of the study, that is, two main
brain fMRI imaging types: resting-state and task-based fMRI. We iden-
tify research objectives and questions and emphasize the value of this

research.

2. In Chapter 2, we present the related background literature on the state-
of-the-art methods in brain disorder classification using Deep Neural
Networks (DNNs). We overview the application of DNNs for resting-
state and task-based fMRI. First, we present several neural network
models popular in the analysis of resting-state data. Then, we present

deep learning frameworks for task-based fMRI.

3. Chapter 3 presents our framework for ASD detection using population
graphs for resting-state data. We introduce a population graph-based
framework and present empirical results to show the effectiveness and

limitations of the presented method.
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4. Chapter 4 provides a generalization of the proposed framework for

task-based fMRI analysis for ASD detection. We discuss the prospects
of using task-based fMRI for ASD by unifying the graph-based classifi-
cation framework introduced in Chapter 3 with visual task-based fMRI.
In addition, we explore the existing DNN methods for task-fMRI which
can be relevant for disease prediction. We propose a framework that

can incorporate brain imaging and task stimuli-related information.

. Chapter 5 discusses the design considerations and limitations of our

proposed framework. We also show the usefulness of combined task-
fMRI features and visual stimuli-related features as input. Further-
more, we discuss the implications and limitations of using resting-state
fMRI and task-based fMRI, and deep learning techniques that can or

cannot be shared with these two fMRI acquisition paradigms.

. Finally, in Chapter 6, we conclude this thesis and suggest potential fu-

ture work.
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Chapter 2

Background

In this chapter, we introduce the topics that will build the foundation for dis-
cussion in later chapters. Namely, we first describe two types of fMRI data:
resting-state fMRI and task-based fMRI used in literature for classifying ASD,
and provide a discussion of the benefits of one over the other. Following the
description of the fMRI data, this chapter will present the background litera-
ture on the state-of-the-art DNN5s used for the analysis of resting-state fMRI
and task-based fMRI.

2.1 Resting-state and Task-based fMRI

Resting-state functional connectivity fMRI is performed while the partici-
pants are at rest. The participants are not engaged in any particular task, and
their brain activity is measured in the absence of external stimuli. In con-
trast, a task-based fMRI is performed when the participant is engaged in a
task. For example in a visual task, the participant is typically presented with
visual stimuli, and their brain activity is measured in response to the stimuli.
The key distinction in the application of resting-state and task-based fMRI to
ASD classification lies in the input type, namely, the distinction between uni-
modal and multi-modal inputs (as shown in Figure 2.1). Uni-modal input
refers to input that comes from a single sensory modality. In case of resting-
state fMRI, only fMRI data is used for the analysis and single-input DNNs
are sufficient for analysis. On the other hand, task-based fMRI contains addi-

tional essential visual stimuli information, and thus contains two modalities:
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FIGURE 2.1: Distinction between uni-modal and multi-modal
inputs.

fMRI signal and stimuli. Multi-modal input can provide more information
and context, but it can also be more complex to analyze. To learn the relation-
ship between both modalities DNNs need to process a multi-modal input. In
addition, the presence of rich visual stimuli in task-based fMRI enables utiliz-
ing modern computer vision models and techniques, such as the use of visual
image representation from models trained on large-scale visual datasets.

Both task-based fMRI and resting-state fMRI analysis have their own unique
advantages and limitations. Task-based fMRI is useful for identifying the
neural networks involved in performing a specific task, while resting-state
fMRI is useful for identifying intrinsic functional connectivity patterns in the

brain.

211 Resting-state fMRI

The resting state or task-free fMRI data is a promising tool to investigate func-
tional alterations in the human brain in a relaxed state when the human sub-
jectis not engaged in any particular task during the scanning session. Despite
the absence of tasks or stimuli in a resting state, the human brain is known to
exhibit low-frequency fluctuations in blood oxygen level-dependent signal
(Ogawa et al., 1990). Studying the brain at rest helped to discover the prin-
ciples of macro-scale brain organization and shed light on the relationship

between spontaneous and evoked activity. Nowadays, resting-state data is
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actively applied in the study of such neurodevelopmental disorders as at-
tention deficit hyperactivity disorder and autism spectrum disorder with the
expectation to improve the existing diagnostics (Finn, 2021). The resting state

fMRI (rstMRI) has several advantages over task-fMRI for disease prediction:

e First, the data acquisition is usually shorter and less complex, espe-
cially when samples need to be collected from a large group of people

(Albuquerque et al., 2021; O’Connor and Zeffiro, 2019).

* Second, due to the absence of the specific task, the data preprocessing
and analysis is significantly simplified (Liu et al., 2022). This makes it
easy to share the data across the laboratories with the goal of creating a

large-scale database.

¢ Finally, rsfMRI is more practical when individuals, such as children,
paralyzed, or cognitively impaired patients, are unable to perform fMRI

tasks (O’Connor and Zeffiro, 2019).

Because of these advantages, a number of researchers have been investigat-
ing the brain’s activation patterns during the resting state and many public
datasets are focused on using rstMRI. On the other hand, a resting-state f{MRI
data acquisition has limitations in decoding activity patterns due to two main

factors:

¢ The brain activity patterns in the resting state can potentially take a
large number of possible configurations. The lack of a stimulus or an
experimental task causes much greater variability in activity patterns
than expected. A big variation between training and test data samples
across a single individual subject makes the task quite challenging for
computational models designed for extracting common patterns from

the data (Guidotti et al., 2015).

¢ In addition to the variability within a single-subject scan, the variabil-
ity of fMRI signals across different subjects can be a source of concern.

The evidence shows that it has been particularly challenging to obtain
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consistent fMRI activations across different brains and populations due
to the huge variability between individuals (Zhang et al., 2016). This
makes it challenging to compare the imaging data of different individ-

uals.

Despite the limitations and due to the simplicity and practicality of the ex-
perimental setup, resting-state brain fMRI signals became the conventional
representation of brain activity in the diagnosis of neurological disease, fo-
cusing on alterations in resting-state connectivity to characterize neural func-
tion (Kowalczyk et al., 2021). Therefore, we focus on the analysis of rsfMRI
data in the first part of the thesis.

2.1.2 Task-based fMRI

The primary goal of task-based functional MRI is mapping the response of
the brain to perceptual, motor, or cognitive stimulation. By measuring how
BOLD signal changes between task-stimulated states, task-based fMRI is used
broadly to identify brain regions that are functionally involved in specific
task (Zhang et al., 2016). However, it has been shown by recent works that
task-induced brain state manipulation can be used to improve the prediction
of individual traits (Greene et al., 2020; Greene et al., 2019). Li et al., 2018
showed that visual regions of the brain can be used to distinguish controls
from ASD patients, since controls may attend to the visual features more
closely than ASD subjects. Several properties of the visual task-based state
fMRI make it appealing for diagnosis and disease prediction (Zhang et al.,
2016):

* Data acquired from task-based fMRI has enhanced interpretability and
sensitivity to meaningful between-subject variability in healthy adults
and patients (Finn, 2021). Even tasks that are seemingly unrelated to
the target behavior, such as predicting fluid intelligence from a finger-
tapping task, may yield better improved prediction results compared

to the resting state. This way, tasks serve as an instrument that one can
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use to constrain overall variability between subjects (i.e., reduce noise)

and at the same time preserve meaningful differences.

* The presence of the task allows more control over the data processing
such as averaging the samples across different runs or scanning ses-
sions and across subjects. Thus, task paradigms enable researchers to
parse signals into meaningful and non-meaningful segments and look

for generalization patterns in the behavior (Finn, 2021).

¢ Compared to the resting-state, task-based fMRI analysis is based on
more standardized methods, while rsfMRI analysis still lacks a consen-
sus over the best analysis methods, including maximizing inter-subject

signal variability (O’Connor and Zeffiro, 2019).

Among all sensory perceptions, vision is the human’s dominant sense,
which also affects cognition (Ripley and Politzer, 2010). Vision problems are
common in patients who have suffered a traumatic brain injury (Armstrong,
2018). Professor Mriganka Sur of MIT’s Department of Brain and Cognitive
Sciences and Professor David Williams Director of Rochester’s Center for Vi-
sual Science suggest that understanding how vision works is key to under-
standing how the brain works as a whole system (Hagen, 2012).

Consequently, many studies adopt visual task-based fMRI for studying
and treatment of such cognitive and neurodevelopmental disorders as atten-
tion deficit hyperactivity disorder (Kowalczyk et al., 2021), obsessive-compulsive
disorder (Pagliaccio et al., 2019), autism spectrum disorder (Li et al., 2018),
because of how differently these patients visually perceive and process the
world. Compared to using just resting-state connectivity data, task-based
fMRI allows an extended investigation of brain activation patterns specific to
different cognitive processes.

New research on neurobehavioral genetics by Gandal et al., 2022 sheds
light on sensory hypersensitivity linked to ASD. The authors report that brain

changes associated with ASD affect gene expression across cortical regions,
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with the most gene drop-offs observed in the primary visual cortex. In re-
gards to ASD, atypical visual signal processing has been observed using var-
ious stimuli and tasks, with several reports of altered sensitivity (Utzerath

et al., 2018; Kolodny et al., 2020)

2.1.3 fMRI Data Representations

Typical fMRI data representations include voxel-based and connectome-based
as presented in Figure 2.2. Below, we will discuss the differences between
these two representations.

Voxel-based fMRI representation. Voxel-based fMRI captures the activ-
ity of individual voxels in the brain. Voxel-based analysis provides high
image resolution, meaning it can identify activity in specific brain regions.
However, it does not consider the relationship between different regions of
the brain.

Connectome-based fMRI representation. On the other hand, connectome-
based fMRI representation, captures the functional connectivity between dif-
ferent brain regions. It considers the relationship between voxels, creating a
network of connections between them. This approach provides insight into
how brains function and how different regions work together. Voxel-based
fMRI representation focuses on local activity in the brain, while connectome-
based fMRI focuses on the functional connectivity between brain regions.

The choice of representation depends on the research question and the
goal of the analysis. Generally, connectome-based representation is useful
for reducing complex matrices containing millions of voxels of resting-state
fMRI into more easy-to-process connectivity networks. While task-based
fMRI usually produces data that is task-specific and focused on a particular
brain region, therefore the common representation is the vector of individual

voxels.
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FIGURE 2.2: Voxel-based and connectome-based representa-
tions of fMRI data.

2.2 DNN Analysis for Resting-state and Task-based
fMRI Data

As mentioned in Section 1.4, the amount of data collected from brain fMRI
sessions could be immense, reaching several million data points (voxels) for a
single subject. Subsequently, the servers handling such amounts of data are
required to have high memory capacity as well as high computing power.
Nowadays, deep neural networks (DNNSs) are used as a powerful analysis
framework, which can satisfy the requirements of large data inputs and com-
plex computations with the data. Deep learning is revolutionizing data anal-
ysis tools in many domains, including neuroscience (Jordan and Mitchell,
2015; LeCun, Bengio, and Hinton, 2015). In particular, DNNs have recently
gained significant attention in the analysis of brain connectivity patterns ac-
quired through functional magnetic resonance imaging (fMRI).

While both resting-state and task-based acquiring methods use fMRI to
measure neural activity, they differ in their approach and the type of infor-
mation they provide. Resting-state functional connectivity (RSFC) fMRI mea-
sures the correlation between different regions of the brain while the subject
is at rest. Whereas, task-based fMRI measures the changes in brain signals

that occur when a subject performs a specific task.
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The differences in the data acquisition between resting-state and task-
based fMRI, and the presence of the rich external stimuli in the visual task
paradigm, have different implications for the design of DNNs.

RSFC fMRI data is generally static in nature, there are no explicit time
frames of interest and the correlations between brain regions remain rela-
tively constant over recording time. Consequently, DNNs designed to pro-
cess RSFC fMRI data tend to be shallow depth-wise, with fewer network lay-
ers and fewer learning parameters. On the other hand, task-based fMRI data
is highly dynamic, with the patterns of brain activity, captured by individual
voxels, changing more rapidly as the subject goes through different tasks.
DNN s designed to analyze task-based fMRI data tend to be deeper and more
complex, with more network layers and more learning parameters. In addi-
tion, the nature of the stimuli, such as visual images, requires the adoption of
the existing visual DNNSs to effectively map representations from the brain

signal domain to the image domain.

2.21 Deep Neural Networks for Resting-state fMRI Analysis

Based on the differences in fMRI data representation and the task, the diver-
sity of DNN models in the literature used for fMRI analysis can be catego-
rized into several groups. The first group of methods relies on simple fully
connected DNNSs. Such methods have become a popular choice for the analy-
sis of rsfMRI, represented in the form of resting-state functional connectivity
networks (RSFC). The second group adapts convolutional neural networks
(CNNSs) and recurrent neural networks (RNNs) popular in image, speech,
and video analysis.

Another group of methods uses a graph structure to represent data sam-
ples. Since the task involves a set of human subjects, it is natural to construct
a population graph, a structure composed of the entire set of human sub-
jects and representing inter-individual connectivity between them, as shown
in Figure 2.3. In this approach, each subject is modeled as a node with cor-

responding brain-connectivity data, and each edge is defined based on the
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FIGURE 2.3: Representing a population using a graph.

similarity between subjects” phenotypic features (age, gender, handedness,

etc.).

Convolutional Neural Networks

CNN architecture has been widely used for the analysis of functional connec-
tivity of resting-state functional magnetic resonance imaging. Using this ap-
proach, 2-dimensional brain connectivity matrices, which represent relations
between pairs of a brain region, are fed as input to convolutional layers. For
example, in the research by Sherkatghanad et al., 2019, the authors focused
on the automated detection of autism spectrum disorder (ASD) using CNN
with a brain imaging dataset. The authors presented a CNN-based archi-
tecture with one convolutional layer, followed by max-pooling and densely
connected layers (see Figure 2.4). The hidden layer followed by max-pooling
is used to decrease the number of features and avoid overfitting. After the
max-pooling layer, a dropout is applied which keeps only 25% of the nodes
for training. Finally, the output is concatenated and passed to a dense layer,

which is subsequently used for classification (Sherkatghanad et al., 2019).
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FIGURE 2.4: Proposed CNN architecture by Sherkatghanad et
al., 2019 for automated detection of ASD. The figure is adapted
from a corresponding paper.

Graph Convolutional Networks

Over the past few years, Graph Convolutional Network (GCN) has been
used as a powerful method for processing graph structure. The strength of
GCN originates from combining local node-level context and global neighborhood-
level context (Defferrard, Bresson, and Vandergheynst, 2016; Kipf and Welling,
2017). Similar to standard two-dimensional image convolution (Krizhevsky,
Sutskever, and Hinton, 2012), which uses a rectangular filter over the values
of the neighboring pixels, graph convolution aims to aggregate the neigh-
borhood information of nodes in a graph using graph Laplacian matrix (Kipf
and Welling, 2017).

In the context of population-based brain disorder detection, Graph Con-
volutional Network (GCN) takes adjacency matrix representation A of pop-
ulation graph G = (V, E, £) as an input. The element a;; of symmetric adja-
cency matrix A € R"*" corresponds to edge weight between nodes v; and

vj. Some of the popular methods used to determine edge weight include
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FIGURE 2.5: Schematic pipeline for GCN.

the Pearson correlation, the K-nearest neighbor (KNN), and the distance-
based graph Shuman et al., 2013. The graph is annotated with feature matrix
F = [fy,..., ] ", where each row f; € RP corresponds to a D-dimensional
fMRI features of node v;. The feature matrix F is used as an input feature
matrix to the first layer of GCN, i.e H<?> = F. The output of the model is
binary matrix Y € R"*C, where each row y; denotes the probability of node
v; belonging to one of the C = 2 classes, healthy or pathological (see Figure
2.5).

GCN can be classified into spectral-based (Defferrard, Bresson, and Van-
dergheynst, 2016) and spatial-based (Niepert, Ahmed, and Kutzkov, 2016).
Spectral-based GCN is built upon the concept of spectral convolutional neu-
ral networks that utilize the concepts of the graph Fourier transform and the
normalized graph Laplacian matrix. Spatial-based GCN represents a graph
convolution operation using the spatial relationships between the graph nodes.
In other words, convolutional operation on a graph structure in layer / is
performed by multiplying adjacency matrix A and the input feature matrix
H<k"1> from the previous layer k — 1: H¥> = AH<*"1>. One multiplica-
tion operation AH<F> averages feature vectors of nodes within the one-hop
neighborhood. By stacking K layers, GCN aims to aggregate K-hop neigh-
borhood information from node features. In addition to performing graph
convolution, each layer k linearly transforms hidden feature representation
by a weight matrix ®<%>. Then, a non-linear activation such as ReLU is ap-
plied to each layer, resulting in the following forward propagation formula
for layer k:

H<F> = ReLU(AH<F"1>@<F>), (2.1)
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where A = D~2(A + I)D~2 is normalized adjacency matrix containing self-
loops and D is a degree matrix of A. Finally, class labels for each node in the

graph are computed using the final K-th softmax layer:
Ycen = softmax(AH<K~1>@<K>) (2.2)

It is important to note that there are many research works using graph-
based deep learning models that aim to map functions to brain regions, model
functional connectivity of the brain, and analyze the brain’s response to ex-
ternal events. These research works have been used for various tasks, in-
cluding gender classification, emotion recognition, and brain motor imagery,
and have been suggested to have potential clinical applications (Ahmedt-
Aristizabal et al., 2021). However, they are not related to detecting or classi-

fying a disease. Thus, their contributions are not presented in this work.

2.2.2 Deep Neural Networks for Task-based fMRI Analysis

The objectives of task-based fMRI can range from the classification of motor
functions for prosthetic arm movement control (Cohen et al., 2014) to more
complex tasks such as the identification of disease markers in vision, speech,
and the motor function (Zhang et al., 2021b). Depending on the research
objectives, different DNNs are used for task-based fMRI. The main advan-
tage of using task-based fMRI with DNNs is the presence of additional input
modalities such as image, video, or speech, which can be correlated with
brain activity. Using a task paradigm gives an opportunity to qualitatively
assess the meaningfulness of brain activity patterns captured in an fMRI
scan. Moreover, the presence of external input modalities, such as natural
images, makes it possible to overcome fMRI data size limitation (thousands
of samples) by leveraging the models pre-trained on the relatively abundant
(millions of samples) data. In the interest of this thesis, we will focus on the
visual task-based fMRIL

Convolutional neural network (CNN) for visual task-based fMRI. In
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computer vision, the convolution operation is a popular method for extract-
ing information from images. When applied to task-based fMRI analysis,
CNNs usually aim to extract visual feature representation from the stimuli
images and map them to the corresponding brain activity. Convolutional lay-
ers in CNN perform feature extraction by filtering the information within a
neighborhood of pixels in an image. Because of convolutional operation, the
CNN has a better feature extraction capability compared to a simpler multi-
layer feed-forward neural network, which disregards the structural informa-
tion of input images (LeCun et al., 1989). Stacking convolutional layers on
top of each other allows learning hierarchical visual features of input images,
known as feature abstraction. The lower CNN layers learn low-level details,
whereas the higher CNN layers extract global high-level visual information
from images (Mahendran and Vedaldi, 2015). The use of CNNs is ubiqui-
tous in image processing tasks, including image reconstruction. Specifically,
encoder-decoder (Beliy et al., 2019; Gaziv et al., 2020), U-Net (Fang, Qi, and
Pan, 2020), generative adversarial network (Goodfellow et al., 2014), and
variational autoencoder (Kingma and Welling, 2014) are popular architec-
tures that adopt stacked convolutional layers to extract features at multiple
levels.

To map brain fMRI activity to the visual stimuli, Shen et al. (Shen et al.,
2019a) utilized a pretrained VGG-19-based convolutional DNN to extract hi-
erarchical features from stimuli images (see Figure 2.6 A). The DNN consists
of sixteen convolutional layers followed by three fully connected layers. This
method was motivated by the finding that hierarchical image representations
obtained from different layers of deep neural network correlate with brain
activity in the visual cortex (Eickenberg et al., 2017; Horikawa and Kami-
tani, 2017). Using this fact, one can establish a hierarchical mapping from
fMRI signals in the low /high-level areas of visual cortices to the correspond-
ing low /high-level features from the DNN. For this task, the authors imple-
mented a feature decoder D that maps fMRI activity patterns to multilayer
DNN features. These decoded fMRI features correspond to the hierarchical

image features obtained from DNN. The optimization is performed on the
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feature space by minimizing the difference between the hierarchical DNN

features of the image and multilayer features decoded from fMRI activity.
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FIGURE 2.6: Overview of two variations of frameworks pro-
posed by Shen et al., 2019a: (A) ShenDNN and (B) ShenDNN+DGN.
The yellow color denotes the use of pretrained components.

Encoder-decoder methods. In computer vision, encoder-decoder mod-
els are multilayer models that incorporate convolutional layers. Encoder—
decoder models are widely used in image-to-image translation (Isola et al.,
2017) and sequence-to-sequence models (Cho et al., 2014). They learn the
mapping from an input domain to an output domain via a two-stage ar-
chitecture: an encoder E that compresses the input to the latent space rep-
resentation z = E(x) and a decoder D that produces the output from the
latent representation y = D(z) (see Figure 2.7 A) (Minaee et al., 2021). The
compressed latent representation vector z serves as a bottleneck, which en-
codes a low-dimensional representation of the input. The model is trained to
minimize the reconstruction error, which is the difference between the recon-
structed image and the ground-truth image.

Beliy et al., 2019 presented a CNN-based encoder—decoder model, where
the encoder E learns the mapping from stimulus images to the correspond-
ing fMRI activity, and a decoder D learns the mapping from fMRI activity to

their corresponding images. The framework of this method, which we refer
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FIGURE 2.7: (A) Encoder—decoder architecture. (B) VAE. (C)
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to as BeliyEncDec, is presented in Figure 2.8. By stacking the encoder and
decoder back-to-back, the authors introduced two combined networks E-D
and D-E, whose inputs and outputs are natural images and fMRI record-
ings, respectively. This allowed the training to be self-supervised on a larger
dataset of unlabeled data. Specifically, 50,000 additional images from the Im-
ageNet validation set and test fMRI recordings without stimulus pairs were
used as unlabeled natural images and unlabeled fMRI samples. The training
was conducted in two steps. In the first step, the encoder E builds a map-
ping from stimulus images to fMRI activity. It utilizes the weights of the first
convolutional layer of the pre-trained AlexNet (Krizhevsky, Sutskever, and
Hinton, 2012) and is trained in a supervised manner to predict fMRI activity
for input images. In the second step, the trained encoder E is fixed, and the
decoder D isjointly trained using labeled and unlabeled data. The entire loss
of the model consists of the fMRI loss of the encoder E and the Image loss
(RGB and features loss) of the decoder D.
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FIGURE 2.8: BeliyEncDec framework proposed by Beliy et al.,

2019: (A) supervised training of the Encoder; (B) supervised

and self-supervised training of the Decoder. The weights of the

Encoder are fixed. The blue color denotes the components of
the model trained on external unlabeled data.

2.3 Challenges in Applying DNN Models

There are several challenges in applying DNN to fMRI data. The main chal-
lenge is the lack of large annotated datasets. Unlike image data, fMRI datasets
are relatively small and expensive to acquire. This limits the amount of data
available for training DNN models. Another challenge is the variability of
brain activation patterns across individuals, which makes it difficult to gen-
eralize DNN models to new subjects.

In the case of resting-state fMRI, the main challenge in applying DNN
is the lack of a clear objective to guide the learning of DNN, unlike task-
based fMRI, where the cognitive task or stimuli acts as a clear objective for
the analysis. This makes it more difficult to define a loss function and train
DNN models. Another challenge is the presence of artifacts and noise in the
data, which can negatively impact the performance of DNN models.

In the case of task-based fMRI, the presence of time-locked stimuli that
are shared across participants allows extending the amount of brain stim-

uli samples recorded from one brain. In addition, this time-locked stimuli is
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shared across participants and this allows to significantly improve the signal-
to-noise ratio and the inter-subject correlation. Stimuli information provides
ground truth for averaging across scanning sessions and helps parse the com-
plex signal into meaningful chunks. This in turn helps to reveal correlations
across subjects, as recent research on visual task-based fMRI shows an im-
provement in the ability of DNN to generalize to new subjects (Kamitani and
Tong, 2005; Beliy et al., 2019). While the presence of cognitive tasks or stimuli
acts helps to improve the performance of DNN models, it also poses the chal-
lenge of how to design a model to handle multi-modal input, which contains

both brain signals and the stimuli information.
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Chapter 3

Classifying Autism Spectrum

Disorder using Resting-state {MRI

3.1 Introduction

Automated medical detection of autism spectrum disorder (ASD) using deep
learning techniques has shown great promise. With the advent of neural
networks, the analysis of complex brain imaging data, such as functional
magnetic resonance imaging (fMRI) data, has become more feasible. Numer-
ous applications of neural networks have been proposed, including those
based on direct image processing of brain data (Horikawa and Kamitani,
2017; Sherkatghanad et al., 2019) and those that utilize phenotypic informa-
tion of subjects for disease prediction (Khosla et al., 2018; Parisot et al., 2018).
In this chapter, we focus on Autism Spectrum Disorders (ASD) prediction
using functional connectivity networks from resting-state f{MRI.
Resting-state functional connectivity (RSFC) measures the temporal cor-
relation between the blood-oxygen-level-dependent signal in different brain
areas during a resting state (Biswal et al., 1995). RSFC can reveal new pat-
terns in the brain network that can lead to neurological disorders and thus
are widely used to study brain organization and mental disorder (Bassett and
Bullmore, 2009; Hulvershorn et al., 2014; Bullmore and Sporns, 2009). RSFC
is computed for each subject and is represented using a square matrix where

each entry corresponds to the strength of the functional connectivity between
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two regions of the brain. Along with RSFC, fMRI datasets contain subject-
level non-imaging phenotypic information. For example, the Autism Brain
Imaging Data Exchange (ABIDE) database combines both imaging (RSFC)
and phenotypic information, including biological sex, age, and imaging site
(Di Martino et al., 2014). Phenotypic information, in particular biological
sex, was shown to be useful for the prediction of ASD since the disease af-
fects females less frequently than males (Werling and Geschwind, 2013). The
efficient use of both imaging and non-imaging information for neurological
disorder prediction has become the focus of many recent works (Parisot et

al., 2018; Ktena et al., 2018).

3.1.1 Motivation and Objective

The goal of this chapter can be summarized into the following points:

1. To design a framework that can classify ASD in a population using

resting-state fMRI.

2. Analyze the role of graph structure in the classification and identify the

role of imaging resting-state fMRI and non-imaging features.

In motivation (1), we build network models using resting-state functional
connectivity data and additional non-imaging features corresponding to sub-

1

jects” phenotypes *. In (2), we would like to propose a more general ap-

proach, where the informativeness of the features is decided by the model.

3.1.2 Organization

We begin this chapter by introducing the background research in Section 3.2.
We then present the process of population graph construction using fMRI
data and describe the differences between various edge-defining functions in
Section 3.2.2. Section 3.3 describes the dataset. In Section 3.4.1, we present a

simplified graph-based framework that can classify ASD using resting-state

1By phenotype we imply non-fMRI features, which characterize the person’s age, biolog-
ical sex, handedness, etc.
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fMRI. We then analyze the role of graph structure in the classification and
identify the role of imaging resting-state fMRI and non-imaging features us-
ing methods of graph signal processing (GSP) in Section 3.4.2. We then move
on to analyzing multiple population graphs using the tools from GSP in Sec-
tions 3.4.3. Section 3.6 shows the detailed results of our proposed multi-

model population graph-based ensemble.

3.2 Background

3.2.1 Graphs and Graph Neural Networks.
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FIGURE 3.1: (a) RSFC graph and (b) population graph

Graphs present a natural way of modeling complex interactions by com-
bining features of different modalities (Leskovec, Huttenlocher, and Klein-
berg, 2010; Escala-Garcia et al., 2020). For example, in social networks, nodes
represent individuals, and the presence of a link between two nodes signifies
the existence of a friendship between the corresponding individuals. Unlike
social networks, where links are predefined, graphs constructed from medi-
cal data require a more elaborate choice of the subjects’ features for defining
edges.

The diversity of graph-based models proposed earlier in the literature can
be categorized into two classes, based on the way the nodes are defined. The
tirst class of models (Figure 3.1(a)) uses graphs to describe the structural or

functional connectivity of the human brain on an individual level (Bullmore
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and Sporns, 2009). In other words, nodes represent brain regions and edges
represent functional correlations between the time series of those regions (Ji,
Maurits, and Roerdink, 2019; Hsieh, Sun, and Liang, 2014; Ventresca, 2019).
As a result, each constructed graph corresponds to one subject and further
analysis is performed using graph comparison metrics. The second class
of models (Figure 3.1(b)) involves the construction of a population graph,
a structure composed of the entire set of human subjects and representing
inter-individual connectivity between them. In this approach, each subject
is modeled as a node with corresponding brain-connectivity data, and each
edge is defined based on a specific similarity metric (Parisot et al., 2018). This
property of incorporating different types of features made population graph
models effective for brain disorder classification (Parisot et al., 2018; Parisot
etal., 2017).

Some researchers found incorporating additional non-imaging data use-
ful for defining graph structure (Parisot et al., 2017; Parisot et al., 2018). In
this work, we use graphs to represent inter-subject connectivity or popula-
tion graph composed of the entire set of human subjects. Each subject is
modeled as a node with corresponding RSFC data, and each edge is defined
based on the similarity between subjects’ features (RSFC, age, sex, etc.). Thus,
the advantage of using graphs for medical diagnosis is multi-fold. First,
modeling the subject’s data as a population graph allows incorporating sub-
jects” non-imaging features (Parisot et al., 2018; Parisot et al., 2017). Second,
the existing graph-based methods, such as graph neural networks (Kipf and
Welling, 2017), allow efficient computations on brain imaging datasets.

One such method is Graph Convolutional Neural Network or GCN. It
was introduced as an efficient method for node classification on graphs (Kipf
and Welling, 2017). Unlike traditional methods that focus either on the fea-
tures (regression models, convolutional neural networks, etc.) or on the net-
work structure (community detection algorithms, node embeddings, etc.),
GCN provides a computational framework that accounts for both node fea-

tures and graph structure (Defferrard, Bresson, and Vandergheynst, 2016;
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FIGURE 3.2: Overview of subject classification using graph

neural networks. The model’s inputs are an adjacency matrix

representation A of the population graph and a set of subjects’
RSFC features F.

Kipf and Welling, 2017). The aggregation of global neighborhood-level in-
formation is accomplished via graph convolution operation, which in con-
trast to standard image convolutions, is performed by matrix multiplication
of graph Laplacian (Kipf and Welling, 2017). The computational pipeline of
GCN applied to brain imaging data is presented in Figure 3.2.

Related works by Parisot et al., 2018; Anirudh and Thiagarajan, 2019
showed graph-based models to be useful for improving classification perfor-
mance on brain imaging data. In the study of Autism Spectrum Disorder and
Alzheimer’s disease, Parisot et al., 2018 defined edges in a population graph
based on the similarity between phenotypic features and RSFC patterns of
the subjects. To identify the most informative phenotypic features, the au-
thors compared the performance of GCN on the set of population graphs
constructed using different combinations of those features. Based on the re-
sults, the authors concluded that along with RSFC, the biological sex of the
subject and the location of the imaging facility contributed significantly to-
wards the improved prediction of Autism Spectrum Disorder. Whereas for
Alzheimer’s disease, a different combination of features (sex and genetic in-
formation) resulted in the best model’s prediction performance. To mitigate
the problem of choosing the best-performing graph, the authors in (Anirudh
and Thiagarajan, 2019) proposed to use a set of graphs with randomly re-

moved edges. However, a significant issue with the previous works remains.
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This is a lack of systematic approach to choosing a particular graph defini-
tion over the other. In most cases, the similarity function used to define the
edges becomes problem-specific, i.e., the choice of a particular graph defini-
tion might work for one dataset but fail or not be applicable for others. There-
fore, there is a need for a robust model that is less sensitive to the choice of

the underlying graph construction method.

3.2.2 Graph Construction

We describe the process of population graph construction adopted by (Parisot
et al., 2018). Using the set of healthy controls and patients with ASD, we de-
fine the population graph as follows. The graph nodes represent the subjects
from the dataset, and edges connecting the nodes represent the similarity
between subjects” imaging and phenotypic features (see Figure 3.3). More
explicitly, we construct an undirected weighted graph G = (V, E, W), where
the set of nodes V = {vy,...,v,} corresponds to a set of subjects. Each node
v; is associated with a d-dimensional feature vector x; extracted from fMRI
imaging data in the form of RSFC. The feature matrix X € R"*“ consists of

stacked feature vectors of n nodes in the graph. The set of edges E C V x V
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TABLE 3.1: Statistics of the ABIDE I subset used in this work.

ABIDE
Total subjects in a subset 871
Patients 403
Healthy controls 468
Female/Male 144 /727
Age range 6 - 58
Age mean 16.94
Sites 20

corresponds to links between the nodes, and W : E — R is a function which

assigns weight w;; to each edge as follows:

H
W(l/]) = sim (Xi, X]) Z 1[Mh(vl) = Mh(U])], (31)
h=1
where sim (xi, x]-) is defined based on correlation distance between lower tri-
angular elements of RSFC matrices, and M, (v;) is categorical phenotypic fea-

ture value? corresponding to node v;.

3.3 Autism Spectrum Disorder Dataset

In this section, we describe the publicly available fMRI dataset used in our
experiments (see details in Tables A.1 and 3.2). Autism Brain Imaging Data
Exchange I (ABIDE I)? dataset combines structural and functional MRI data
of 1,112 subjects from 17 international acquisition sites, which we refer to as
imaging sites (Di Martino et al., 2014). Both imaging and non-imaging data
are provided in the ABIDE. A single RSFC matrix represents functional con-
nectivity between 111 regions of interest (ROIs) in the brain extracted from
the fMRI scan. Non-imaging data correspond to phenotypic features, such as

sex, age, and imaging site.

2Categorical phenotypic features are sex (male/female), imaging site number, and age
(categorical values corresponding to age groups).
Shttp:/ / preprocessed-connectomes-project.org/abide/
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TABLE 3.2: Non-imaging information of ABIDE I
subsset (871 subjects) for each individual site.

Site ASD Healthy control Male count Female count
CALTECH 5 10 10 5
CMU 6 5 7 4
KKI 12 21 24 9
LEUVEN 26 30 49 7
MAX_MUN 19 27 42 4
NYU 74 98 136 36
OHSU 12 13 25 0
OLIN 14 14 23 5
PITT 24 26 43 7
SBL 12 14 26 0
SDSU 8 19 21 6
STANFORD 12 13 18 7
TRINITY 19 25 44 0
UCLA 48 37 10 5
UM 47 73 7 4
USM 43 24 24 9
YALE 22 19 49 7

Quality assurance in ABIDE dataset. Seventeen international acquisition
sites contributed fMRI to the ABIDE dataset. Upon receiving the data, it was
checked for extreme outliers, impossible data entries, and missing values.
Each site reviewed and verified the accuracy of the data before it was dis-
tributed (Di Martino et al., 2014; Abraham et al., 2017), the chance accuracy
level is 54.03%.

The importance of non-fMRI features in ABIDE dataset. Previous stud-
ies claim the importance of non-fMRI including site, gender, and age infor-
mation in the classification model. In the case of site information, the claim
is that the same site fMRI contains a smaller variation in signal, thus the
variations across different sites can impact the analysis (Parisot et al., 2018;
Abraham et al., 2017). Other non-imaging features such as gender and age
are also considered in various studies (Parisot et al., 2018; Ktena et al., 2018).

ABIDE subset. Based on the specifics of a research problem, researchers
use different subsets of the ABIDE dataset. There are several reasons why

researchers use different subsets from ABIDE dataset:
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* Depending on the problem and study design, researchers might use
different subsets of the dataset. Some studies may focus on influence
of specific age range, gender or geographical region, while others may
only use brain imaging data. For example, Di Martino et al., 2014 fo-
cused on the subset of 763 subjects including the individuals in dif-
ferent age groups. Nielsen et al., 2013 explored the impact of scanning
site differences on resting-state functional connectivity and, specifically,
examined the influence of site-specific factors, such as scanner manu-
facturer and different imaging parameters, within subset of ABIDE I

dataset (964 subjects and 16 separate international sites).

¢ The quality of the brain imaging preprocessing techniques also influ-
ences the number of subjects. For example, common preprocessing
steps include correction for motion, and slice timing, spatial normaliza-
tion, and smoothing. Other steps may include denoising, artifact cor-
rection, and registration to a standard brain template. The differences
in these preprocessing steps results in a different number of subjects

selected for analysis.

To ensure a fair comparison with other baselines, we utilize the same
subset of data in all our analyses. This subset consists of 403 patients with
ASD and 468 healthy individuals, and was selected based on quality assur-
ance preprocessing method established by Abraham et al., 2017. This subset
has been used in related works by Abraham et al., 2017; Parisot et al., 2018;
Sherkatghanad et al., 2019; and Anirudh and Thiagarajan, 2019, allowing for

more accurate conclusions when comparing our findings to these baselines.

3.4 Proposed Method

In this section, we first present a simple yet efficient graph-based framework

that can classify ASD using resting-state fMRI. We then analyze the role of
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graph structure in the classification and identify the role of imaging resting-

state fMRI and non-imaging features using methods of graph signal process-

ing.

3.4.1 Simplified Graph Neural Network

In standard GCN, Convolutional operation on a graph structure in layer [ is
performed by multiplying adjacency matrix A and the input feature matrix
H<¥"1> from the previous layer k — 1: H¥> = AH<*"1>. One multiplica-
tion operation AH<F> averages feature vectors of nodes within the one-hop
neighborhood. By stacking K layers, GCN aims to aggregate K-hop neigh-
borhood information from node features. In addition to performing graph
convolution, each layer k linearly transforms hidden feature representation
by a weight matrix ®<%>. Then, a non-linear activation such as ReLU is ap-
plied to each layer, resulting in the following forward propagation formula
for layer k:

H<*> = ReLU(AH<F"1>@<F>), (3.2)

where A = D2 (A+ I)D’% is normalized adjacency matrix containing self-
loops and D is a degree matrix of A.

Multi-layer Graph Convolutional Network (GCN) is considered to be the
state-of-the-art method for learning population graph representations (He
et al., 2018; Parisot et al., 2018). Inspired by the convolutional neural net-
work in the image processing domain, GCN adopts similar neural network
architecture by stacking feature propagation layers followed by a non-linear
activation function. However, the application of a multilayer neural network
results in greater complexity due to non-linear transformations (He et al.,
2018; Wu et al., 2019).

SGC (Wu et al., 2019), which stands for Simple Graph Convolutions, is the
simplest formulation of a graph convolutional model which was introduced
to better understand and explain the mechanisms of GCN. The simplicity
of the linear graph convolutional model is achieved by removing non-linear

activations between layers, and aggregating weight matrices corresponding
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to each layer into a single matrix. (Wu et al., 2019) also showed that the
multilayer Graph Convolutional Neural (GCN) network primarily benefits
from local averaging achieved by a graph convolution operation. Therefore,
after removing non-linear layers from the equation (3.2) and collapsing the
repeated multiplications with normalized adjacency matrix A into a single

matrix AK, the resulting linear model becomes as follows:
Ysce = softmax(AKFO), (3.3)

with K-hop convolutional component AXF (where F = H<?>) multiplied by
logistic regression classifier parametrized by weight matrix @ = IIK_ @<+,

In our work (Rakhimberdina and Murata, 2020), we utilize the linear ar-
chitecture of SGC for performing efficient computations on the constructed
population graphs (see Figure 4.5). For each of the datasets, we first compute
normalized adjacency matrix A (with added self-loops) of the population
graph G = (V,E,£). We further annotate each node v; in the graph with
feature vector f; representing fMRI connectivity. For simplicity of further
calculations, we stack individual feature vectors into a single feature matrix
F=[f..., fn]T. Adjacency matrix A and feature matrix F become the in-
puts to SGC model that is further trained to learn output matrix Y € R"*2.
The computational speedup and memory efficiency of SGC over GCN is
achieved by precomputing AXF, which minimizes memory consumption as
the model learns only a single weight matrix ®. The training of the model
reduces to binary logistic regression performed with the Adam optimization

algorithm.

3.4.2 Population Graph Construction

Constructing a population graph from the set of patients and control sub-
jects is not a straightforward task, as there exist multiple edge definitions
that map the data to the graph structure. In a graph setting, after defining
subjects as nodes, we are interested in identifying the features that capture

the intrinsic relationship between the nodes. The optimal graph structure is
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FIGURE 3.4: Overview of classification pipelines based on SGC.
SGC takes adjacency matrix representation A of population
graph G = (V,E, ) as an input.

considered to be the one in which clusters of patients and healthy subjects
can be well separated. Learning the optimal graph structure becomes even
more crucial in the later stage as the most optimal graph topology permits
subsequent efficient data processing. In the following section, we first de-
scribe the process of population graph construction adopted in the literature.
We then proceed to the analysis and selection of the best-performing graphs
using Graph Signal Processing (GSP) tools. Finally, we present the ensemble
of multiple graph-based models on brain imaging data.

From the edge definition in equation (3.1), it is clear that the parameter
that affects the graph topology is the edge defining function V. We therefore
briefly describe the variety of edge-defining functions proposed in this and

earlier works. For clarity, we categorize the resulting graphs into four groups:

1. sim_RSFC: a fully connected weighted graph constructed using a cor-
relation between RSFC features. This corresponds to using a weight

function W(i, j) = sim (x;, x;).

2. sim_phenotype graphs: graphs which are constructed using a combi-
nation of phenotypic features (site, sex, age). The graph construction
corresponds to taking only the second part of the equation (3.1), i.e
when W(i,j) = YL 1M, (v;) = My, (v;)]. Totally there are seven
sim_phenotype graphs constructed using combinations of three pheno-
typic features: sim_site, sim_age, sim_sex, sim_site_age, sim_site_sex,

sim_sex_age, and sim_site_age_sex.
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3. sim_RSFC_phenotype graphs: graphs that utilize the combination of RSFC
features and phenotypic features for edge definition. Similarly, there
are seven sim_RSFC_phenotype graphs in total: sim_RSFC_site, sim_RSFC
_age, sim_RSFC_sex, sim_RSFC_site_age, sim_RSFC_site_sex, sim_RSFC

_sex_age, and sim_RSF C_site_age_sex.4

4. Baseline graphs: a) FC — a fully connected graph with edge weight
equal to 1, b) identity graph — a fully disconnected graph with adjacency
matrix equal to the identity matrix, and c) random graph, constructed by

randomly assigning binary edges in identity graph.

Graph Signal Processing

After constructing multiple population graphs based on the different choices
of edge-defining functions, we are interested in identifying the ones which
capture the most optimal representation of the dataset. For this purpose, we
utilize the tools from Graph Signal Processing (GSP) to analyze the under-
lying structures of the resulting graphs. This section describes the funda-
mental concepts of GSP, such as graph Fourier Transform and graph filter-
ing. GSP tools help to perform a quantitative comparison between graphs
produced using a different choice of edge definition. In particular, based
on the characteristics of signal smoothness, we are interested in selecting
the most relevant features for population graphs constructed using different

edge-defining functions.

Graph Fourier Transform

GSP, in contrast to classical signal processing, analyzes signals that reside
on the nodes of graphs. These graph signals can also be referred to as node
features. With GSP, we can generalize the signal processing concepts, such as

signal smoothness and signal filtering, to a graph domain. We introduce the

“Note that when we are not using any features, the graph becomes sim_RSFC, which
corresponds to the first group.
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fundamental concepts of GSP using conventional definitions of the adjacency
matrix, graph Laplacian matrix, and graph Fourier transform (Chung, 1996).

Given a graph G with the adjacency matrix A and degree matrix D, the
combinatorial Laplacian matrix of graph G is defined as a difference L = D —
A € R™". A feature vector x € R defined on each node is called a graph
signal. Since L is a positive semidefinite matrix, it can be decomposed into a

complete set of orthonormal eigenvectors and corresponding eigenvalues:

L = UAUT, (3.4)

where U is a matrix containing eigenvectors as columns, and A is a diagonal
matrix that contains eigenvalues along the diagonal.

Finally, we introduce the graph Fourier transform (GFT) and its inverse,
which is used to represent a graph signal in node and spectral domains.
Given a signal x € R and eigendecomposition of Laplacian L, the graph
Fourier transform of x is defined as ¥ = U'x and represents the signal in
the graph spectral domain. While the inverse graph Fourier transform of X is
defined as x = UX. X is also referred to as a frequency component of x.

Similarly to time series analysis, the graph frequency components X rep-
resent the signal variation with respect to the graph structure. To evaluate
how much a signal varies, we use a graph’s spectral representation. For ex-
ample, in Figure 3.5 (a), we plot a barbel graph with two clusters and a fixed
signal over its nodes. The signal varies smoothly over the graph since more
similar values appear on neighboring nodes (low-frequency signals). The
spectral representation of this graph in Figure 3.5 (d) shows that the signal
mainly consists of low-frequency components. However, if we rewire or re-
move some edges from the original graph, i.e., introduce dissimilar signals
on neighboring nodes (Figures 3.5 (b) and (c)), we can observe that the sig-
nal will have more energy in the higher frequencies (Figures 3.5 (e) and (f)).
The last two graphs are referred to as high-frequency graphs. In population

graph construction, we are particularly interested in the case when the graph
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is constructed in such a way that the neighboring nodes have similar fea-
tures. This property of the graph is referred to as global smoothness (Dong
et al., 2019).
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Graph Filtering

The knowledge about whether the graph is smooth or not helps to perform
efficient computations by applying graph filtering (Shuman et al., 2013). It
has been shown in (Zhu and Rabbat, 2012) that smooth signals have com-
pressible Fourier coefficients. This is because the sorted magnitude of Fourier
coefficients exhibits power-law decay; thus, the largest coefficient can be
used to approximate the signal. Using this fact, we can filter the original
graph signal x by extracting signal components corresponding to different
frequencies as follows:

x = UHU "x, (3.5)

where H is a diagonal filter matrix. Specifically, we can define low-pass fil-
tering for k lowest graph frequencies, by setting diagonal elements of H to 1

for the first k eigenvalues and 0 otherwise. This is equivalent to using only
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the first k eigenvectors:

)’Zk = U[O:k} HUF(;:HX' (36)

3.4.3 Analysis of Population Graphs using GSP
Evaluation of Fourier Transform Coefficients

In this section, we investigate four groups of constructed population graphs,
defined in Section 3.2.2. Using GFT decomposition, we calculate the magni-
tude of graph frequency coefficients X to understand which graph frequency
components contribute most to the signal x. Figures 3.6 and 3.7 show how the
decomposed signals are distributed across each of the following population
graphs: sim_RSFC, sim_RSFC_site, sim_RSFC_sex, FC, and random. We plot
the magnitude of GFT coefficients computed for one feature of RSFC-based
feature vector x. Clearly, the smoothness of a signal depends on the under-
lying graph structure. In sim_RSFC, sim_RSFC_site, sim_RSFC_sex (Figure
3.6) the contribution is the highest from low-frequency components. On the
other hand, FC and random graphs are not smooth (Figure 3.7), as the values
of frequency components fluctuate around zero, and the contribution from

all frequency components is relatively equivalent and small.

Classification using Low Frequency Components

In the previous section, we discovered that some of the graphs exhibit a low-
frequency nature. Smooth graph signals decay rapidly and can be closely ap-
proximated by graph Fourier coefficients (Shuman, Ricaud, and Vandergheynst,
2016). Also, taking the first k eigenvectors is proven to be efficient for graph
clustering purposes (Shuman et al., 2013). Therefore, by incrementally adding
more than one smooth eigenvector, we can improve the performance of graph
clustering (Ng, Jordan, and Weiss, 2001). We use this fact to test how low and
high-frequency components in different graphs contribute towards the accu-
racy of subject classification. To identify the range of the low best-performing

graph frequencies, for each graph configuration, we construct a multi-layer
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feedforward neural network (with two hidden layers of size 512 and 64, sep-

arated by the ReLU activation function). We train and evaluate the perfor-

mance of the model on the subject classification task as follows:

1. Using equation (3.6), we filter the graph signal incrementally using the

first k-frequency components.

2. We train a multi-layer feedforward neural network on the reconstructed

features and report test accuracy.
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FIGURE 3.8: The average accuracy of the classifier over
ten folds on frequency-filtered feature vectors for the ABIDE
dataset. The plot shows the cumulative contribution of fre-
quency components to the classification accuracy. Based on the
performance of models at different frequency regimes, we split
the graphs into two categories, i.e., those that yield higher clas-
sification accuracy at (a) low or (b) high frequencies. The eigen-
values corresponding to k-frequency components are sorted in
order of increasing magnitude.

Figure 3.8 presents the performance results of the multi-layer feedforward
neural network model for different graph configurations. Based on the mod-
els” performance at different frequency regimes, we split the graphs into two
categories: those that yield higher classification accuracy at either low or high
frequencies.

For the ABIDE dataset, the best-performing graph is sim_RSFC, i.e., the
graph constructed solely using RSFC data. We classify it as a low-frequency
graph type since the maximum average accuracy of 69.8% is achieved us-
ing only the first 150 frequency components (first 20% of graph spectrum).
The graphs constructed using the combination of RSFC, sex, site, and age
(sim_RSFC_site, sim_RSFC_sex_site_age, sim_RSFC_sex, and sim_RSFC_site_age)
also showed low-frequency nature of the graph signal. For all these graphs,
the model achieves an accuracy of over 66% on its first 200 frequency com-
ponents (Figure 3.8 (a)).

On the other hand, the performance of identity, FC, random graphs and
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graphs from sim_phenotype group exhibits high-frequency nature, as the model
requires seeing all graph frequency components to achieve the best perfor-
mance (see Figure 3.8 (b)). It is worth noting that even after seeing all the fre-
quency components, the top performance of high-frequency graphs is infe-
rior to the performance of low-frequency graphs. We attribute this to the fact
that smooth graphs that use RSFC features capture the underlying structure
of the population graphs better than those that do not utilize graph structure
or rely only on non-fMRI features.

We analyze the role of imaging resting-state fMRI and non-fMRI (phe-
notype) features on the graph framework. Based on the classification accu-
racy results presented in Table 3.8 graphs build with different combinations
of fMRI and non-fMRI features, we conclude that non-fMRI features alone
(shown in the right-hand side by baselines sim_site, sim_age, and sim_site) do
not contribute significantly, toward the model performance. For example,
non-fMRI features such as site information can improve the accuracy only
up to 58%. fMRI features (and combinations using fMRI features) contribute
more towards improved accuracy. The most optimal population graphs are
the ones that utilize fMRI features or a combination of fMRI and non-fMRI
features. These population graphs also performed best at low frequencies,

unlike graphs without fMRI features.

Population Graph-based Multi-model Ensemble for ASD Prediction

In many cases, the choice of population graph can be problem-dependent,
and due to discrepancies of heterogeneous data (such as coming from dif-
ferent sources or having unique features), no population graph can be con-
sidered entirely accurate. Thus, it is reasonable to consider the performance
of multiple population graphs. For this purpose, we propose a multi-model
ensemble, which integrates multiple best-performing population graphs to
yield a better classification performance (Rakhimberdina, Liu, and Murata,
2020). The model consists of two stages. The schematic representation of the

ensemble model is shown in Figure 3.9.
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In the first stage, we select eight best-performing low-frequency graphs
and, along with RSFC features, pass each of them through frequency filter-
ing feedforward neural network described in Section 3.4.3. Each of these net-
works can be considered as a learning block, which learns a lower-dimensional
representation of input graphs.

In the second stage, we create an ensemble by combining the predictions
of each of the eight learning blocks. The ensemble model is implemented as
a fully-connected layer with a learnable weighting mechanism. It takes as
input n x 512 feature vector p, which is composed of eight stacked n x 64
hidden representations p; from the first stage. For each sample in the test set
of size n, the final prediction is a binary n x 1 vector, with 0 representing a
healthy subject and 1 representing a patient diagnosed with ASD. We em-
ploy a weighting mechanism to assign importance to each individual learn-
ing block, corresponding to different input graphs. The classification results
of eight models for each subject in the test set are combined by passing them
through a softmax layer. For each hidden representation p; from the first
stage, the corresponding weight «; is calculated according to the following

equation, where w is a randomly initialized scoring vector:

_oxp (wi) (3.7)

YT exp (w))

After that, the weighted sum of the individual prediction blocks H =

Y a;p; is passed into the sigmoid layer:

7 = sigmoid(WH + 1), (3.8)

where W and b are weight and bias matrices of fully-connected layers, re-
spectively. Finally, the loss is calculated using the cross-entropy error over

the labeled samples:
L£L=-Y Ylog (Y) (3.9)
c

where Y. and Y is the actual and the predicted labels.
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FIGURE 3.9: The schematic representation of the ensemble
model.

3.5 Experimental Settings

3.5.1 Baseline Methods

We establish a baseline by comparing our method against several competitor
methods developed for ASD detection. These methods are divided into two

categories: non-graph methods and graph-based methods.

Non-graph Methods

* CNN (Sherkatghanad et al., 2019) proposed a convolutional neural net-
work architecture to classify ASD patients and control subjects using
RSFC. The authors reported a classification accuracy of 70.22% and
Area Under the Receiver Operating Characteristic Curve (AUC) of 0.75
on a subset of 871 subjects from the ABIDE dataset.

¢ ASD-DiagNet (Eslami et al., 2019) increased the computational speed
of autoencoder based DNN (Heinsfeld et al., 2017) by introducing a
hybrid learning procedure. Similarly, only RSFC features were used as

the input to the model.
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* Ensemble_mv (Kam, Suk, and Lee, 2017) utilized multiple discrimi-
native restricted Boltzmann machines (DRBM) to classify 263 subjects
from the ABIDE dataset. The majority voting strategy was used for
combining the prediction outputs of individual DRBMs.

Graph-based Methods

* GCN (Parisot et al., 2018) Graph Convolutional Network for classify-
ing ASD (Parisot et al., 2018). The authors were among the first to
propose an application of Graph Convolutional Networks (GCN) on
population-based brain disorder classification task. In this research,
authors combined imaging (fMRI scans) and non-imaging (phenotypic
data) data by representing subjects as nodes, and pairwise similarities
between them as edges. Further, the authors formulated the task of

subject classification as node labeling over the population graph.

* Ensemble_bootstrap. Anirudh and Thiagarajan, 2019 proposed a boot-
strapping approach by generating twenty randomized graphs from the
initial population graph. Each randomized graph was passed through
a graph neural network. The final output of the ensemble was deter-

mined by averaging the probability estimates of each of the networks.

3.5.2 Training Setup

Due to the limited size of the ABIDE dataset and for the sake of fair compari-
son with baseline methods, we used ten-fold stratified cross-validation, with
the stratification criterion being an equal allocation of the class labels: pa-
tients with ASD and healthy subjects. The hyperparameters for each graph-
based model in the first stage (the number of layers, the learning rate, dropout
rate, etc.) were tuned using the Optuna hyperparameter optimization frame-
work (Akiba et al., 2019). We trained a graph-based model on 200 epochs
with Adam (Kingma and Ba, 2015) optimizer and learning rate = 0.01. We
fixed the graph filtering frequency threshold to k = 200. All models were de-

veloped using the open-source machine learning library PyTorch and trained
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on NVIDIA GeForce GTX TITAN X GPU with 12GB memory size and CPU
Intel(R) Core(TM) i7-7700K CPU 4.20GHz.

3.5.3 Evaluation Metrics

When evaluating the performance of a model, we use accuracy, sensitivity,
specificity, and AUC (area under the receiver operating characteristic curve)

metrics:

1. Accuracy represents the ratio of correct predictions. The sum of a true
positive and a false negative is divided by the total number of events.
Accuracy is useful when the classes in the dataset are nearly balanced.
One of the primary advantages of accuracy is its simplicity and inter-
pretability. Accuracy directly represents the proportion of correct pre-
dictions out of the total number of instances. It’s an intuitive metric
that’s easy to understand and can be used to explain the results to a

general audience.

2. Sensitivity, or recall, measures the ratio of predicted positive classes.
The number of true positive events is divided by the sum of true posi-

tive and false negative events.

3. Specificity or True Negative Rate measures the rate of actual negatives

correctly identified.

4. AUC stands for “area under the curve” and captures the area under
the ROC (Receiver Operating Characteristic) curve and compares the
relationship between the true positive rate with the false positive rate
across different cut-off thresholds. The metric is useful when datasets
are imbalanced, because it is not affected by the proportion of sam-
ples at each class. Even for balanced binary datasets, there are still ad-
vantages of AUC over accuracy. First, the AUC considers predictions
across all thresholds, not just the default threshold of 0.5 used by accu-
racy. This can be useful if we want to specify a threshold in case when

false positives and false negatives have different costs. Second, AUC
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score is not affected if distribution of classes in the test set is different
from the distribution in the training set, unlike accuracy. The model
trained on a balanced dataset, might be used to make predictions on
unbalanced datasets in the future, in that case, AUC-ROC could be a

better measure of performance.

It is important to consider the application of the ASD detection method when
choosing the evaluation metric. In the context of autism spectrum disorder
prediction, sensitivity, and specificity are important metrics for evaluating
the accuracy of a diagnostic test. A high sensitivity value is important for
avoiding false negatives, which could lead to missed diagnoses and delayed
treatment. On the other hand, a high specificity value is necessary for avoid-

ing false positives, which could lead to unnecessary treatments.

3.6 Results and Discussion

In this section, we evaluate the performance of our SGC framework and

graph-based ensemble model in comparison with the baselines.

3.6.1 Results for SGC Model

Comparison with baseline models. To verify the proposed graph construc-
tion process and efficiency of the SGC-based model, we compare our method
with several baselines. The first two baselines are our PyTorch implementa-
tions of the GCN-based population model and the competitive GCN-based
model, proposed by Parisot et al., 2018. These baselines were introduced to
test the performance of the SGC model over other graph convolutional mod-
els. Additionally, we introduce three baselines, Graph_random, Graph_identity,
and Graph_no_features in order to evaluate graph construction and the impor-
tance of subjects’ imaging and non-imaging features in the classification task.

Underlying these three baselines is the same SGC model running on the same
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TABLE 3.3: Test accuracy(%) and training time per one fold
(seconds) of baselines and the proposed model. Numbers are
averaged over 10 runs. GCN denotes our PyTorch implemen-
tation of Parisot et al., 2018. The best results are highlighted in

bold.
Model Test accuracy Time
GCN (Parisot et al., 2018)  67.53+4.55  58.22+0.56
Graph_no_features 50.50+3.79 1.15+0.02
Graph_random 67.84+4.80 1.294-0.05
Graph_identity 65.34+5.30 1.284+0.04
Ours 68.56+4.33 1.2840.04

population set. More specifically, Graph_random and Graph_no_features base-
lines are designed to test the meaningfulness of the proposed edge construc-
tion method. In Graph_random, edges are randomly rewired so that the edge
density of the original graph is preserved. Graph_identity baseline is intro-
duced to test the meaningfulness of fMRI features regardless of non-imaging
phenotypic data. This means that each node is still associated with the fMRI
feature vector, however, the identity matrix is used in place of the adjacency
matrix to represent a completely disconnected graph, i.e. no two nodes are
connected. On the other hand, Graph_no_features baseline is implemented to
test the performance of the model with respect to graph structure acquired
using phenotypic features.

We chose 10-fold cross-validation to make a fair comparison with the
baseline method Parisot et al., 2018. For GCN implementation on ABIDE,
the model parameters were chosen according to Parisot et al., 2018. For other
cases, hyperparameters for GCN, and SGC were tuned using grid search.
For the ABIDE dataset, we trained the model on 2,000 epochs with Adam
optimizer, learning rate = 0.1, and propagation step K = 2. All models were
trained on NVIDIA GeForce GTX TITAN X GPU with 12GB memory size.
The accuracy values of all baselines across three fMRI datasets using strati-
fied cross-validation are presented in Table 3.3.

Evaluation. Based on the results presented in Table 3.3, we conclude that

our model is competitive with other models and baselines. For example, the
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classification accuracy of our linear model on the ABIDE dataset is compara-
ble to the performance of GCN based method proposed by Parisot et al., 2018
(68.56% vs. 67.53%). Moreover, the linear model achieves the best perfor-
mance when compared to Graph_random, Graph_identity, and Graph_no_features
baselines, which justifies the usefulness of the constructed population graphs
based on phenotypic features. The consistently higher accuracy of our model
over other baselines across three datasets shows its robustness in capturing
the population graph structure and extracting useful features.

In addition to accuracy improvement, by using a simplified linear graph
convolutional model we were also able to achieve a better performance in
terms of training time. In the last column of Table 3.3, we present the train-
ing time for each of the models. Our model shows up to 50 times a speedup
on the ABIDE dataset compared to the GCN model. We attribute the per-
formance boost of our SGC-based model to a significantly lower number of
parameters the model has to learn and the linearity of the learning function.
This makes our population-based model lightweight and allows it to run on
the CPU. In addition, the model is able to scale up to larger datasets, which is

especially important given the increasing volume of the fMRI imaging data.

3.6.2 Results for Multi-model Ensemble

Comparison with baseline models. For fair evaluation, we compare the
proposed method using the same evaluation procedure (10-fold stratified
cross validation) and the same subset of subjects (871). First, we compare
our approach with single-model competitive methods presented at the top of
the Table 3.4. These models convolutional neural networks CNN (Sherkat-
ghanad et al., 2019), ASD-DiagNet (Eslami et al., 2019) which use only RSFC
features as an input and graph-based GCN model (Parisot et al., 2018), which
uses both RSFC and phenotypic features. In addition to single-model ap-
proaches, we compare our method with recent multi-model ensembles on
ABIDE dataset, which are Ensemble_bootstrap (Anirudh and Thiagarajan,

2019) and majority voting-based ensemble method Ensemble_mv used in
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(Kam, Suk, and Lee, 2017). To provide a fair comparison, we ran all the
baseline models on the same subset of subjects used in (Parisot et al., 2018),
consisting of 403 patients with ASD and 468 healthy individuals.

Additionally, we introduce three baselines: No graph, Random graph, and
tully connected FC graph to evaluate the meaningfulness of the proposed
edge construction method. No graph baseline evaluates the contribution of
fMRI features alone, regardless of the underlying population graph. This
means that the underlying graph becomes completely disconnected, i.e., no
two nodes are connected. In Graph random, edges are randomly rewired.
FC graph baseline is implemented so that all the connections in a population
graph are equal to one.

In terms of accuracy results, we observe that our ensemble model achieves
highest average accuracy of 73%. Unlike other methods, our method’s accu-
racy (0.73 & 0.04) is significantly higher than the accuracy by No graph base-
line (0.68 & 0.04) (using t-test with confidence level 95%, p<0.05). The higher
accuracy of our model over No graph baselines shows its robustness in captur-
ing the population graph structure and extracting useful features. In terms of
AUC, our model also achieves the highest score, performing as well as CNN

method by Sherkatghanad et al., 2019.
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TABLE 3.4: Classification results of baselines and ablation stud-
ies. Top: non-graph methods, middle: graph-based methods,
bottom: our proposed ensemble. The results for Kernel Regres-
sion (He et al., 2018), GCN (Parisot et al., 2018), and Ensem-
ble_bootstrap (Anirudh and Thiagarajan, 2019) were calculated
using our implementation. The results are using the same pro-
cedure for evaluation and the same subset of subjects. * results
of methods were calculated using our implementation.

Accuracy AUC Sensitivity Specificity
CNN(Sherkatghanad et al., 2019) 0.70+0.09 0.7540.01 0.77£0.01 0.61£0.01
ASD-DiagNet (Eslami et al., 2019)* 0.70£0.05 0.67£0.23 0.68£0.06 0.72+£0.07
GCN (Parisot et al., 2018)* 0.69£0.04 0.73£0.05 0.75+£0.06 0.57+0.05
Ensemble_bootsrap (Anirudh and Thiagarajan, 2019)* 0.68+£0.04 0.73+£0.04 0.75+0.05 0.5940.05
Ensemble_mv (Kam, Suk, and Lee, 2017)* 0.66+£0.04 0.72+£0.04 0.68+0.07 0.63£0.09
No graph 0.68+£0.04 0.74£0.05 0.76£0.03 0.31£0.04
Random graph 0.66+0.05 0.744+0.05 0.86+£0.10 0.25+0.17
FC graph 0.62+£0.06 0.66+£0.04 0.86+0.07 0.34%0.10
Ensemble_gsp (ours) 0.73£0.04 0.75+£0.04 0.76£0.07 0.69£0.05

Optimizing balance between sensitivity and specificity. Since the class
labels are relatively balanced in the ABIDE dataset, the common approach in
the field is to use the probability output of a classification model thresholded
at 0.5 for computing accuracy. That means that the predicted values above 0.5
are classified as positive and predicted probabilities below 0.5 are classified
as negative. It's important to note that the choice of the threshold will depend
on the specific context and goals of the analysis, and different thresholds
may be appropriate for different applications. To find a balance between
sensitivity and specificity, we adjust the classification threshold to prioritize
high sensitivity and specificity.

To select the optimal threshold for a binary classifier based on the re-
ceiver operating characteristic (ROC) curve we use the ] statistic as a metric
(Youden, 1950). It is defined as | = sensitivity + specificity — 1 and ranges
from 0 to 1, with higher values indicating better performance. The ] statistic
can be used to identify the threshold that maximizes the sum of sensitivity
and specificity, which is often considered to be the optimal operating point

for a binary classifier.
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FIGURE 3.10: ROC line plot for No graph (identity) and Ran-
dom graph ablation methods. Best denotes the optimal thresh-
old value.
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FIGURE 3.12: ROC line plot for optimized threshold values.
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TABLE 3.5: Classification results with optimized balanced be-
tween sensitivity and specificity values in ablation study.

Accuracy AUC Sensitivity Specificity
Random graph 0.66+0.03 0.74 0.66+=0.05 0.67+0.00
FC graph 0.64+0.05 0.66 0.5140.09 0.75%0.00
No graph 0.68+£0.03 0.74 0.6640.05 0.67+0.00
Ensemble_gsp (ours) 0.73£0.04 0.75 0.754+0.07 0.69£0.00

As can be seen from Figures 3.10 and 3.11, the optimum threshold value
changes when computed on 10 different splits used in the stratified cross-
validation evaluation. To optimize the sensitivity and specificity values we
first define a range of thresholds between 0 and 1 and then compute 10-fold
cross-validation for fixed threshold values. In Table 3.5 and Figure 3.12, we

present the optimal result based on balancing sensitivity and specificity. As a
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result of threshold optimization, we achieved balanced sensitivity and speci-
ticity values, which are not too high and not too low. However, balancing
did not affect the accuracy results because the dataset is balanced.

Discussion. By definition of the edge assigning function, the population
graph is being constructed in such a way that neighboring nodes have sim-
ilar features (based on age, sex, site, and RSFC). If we look from eigende-
composition, then eigenvectors will be the smoothest (those that correspond
to low eigenvalues) in the case when similar features lie on the neighbor-
ing nodes. Thus we are interested in the case when the graph definition
reinforces the smoothness property. In a graph with a smooth signal, the
unknown subject will have a higher chance of being labeled healthy if con-
nected to many healthy subjects. When we incorporate other non-imaging
features to define edges in the graph, we want to reinforce the signal smooth-
ness. High-frequency components are more likely to increase the contribu-
tion of signal noise that arises from edges connecting nodes with dissimi-
lar features. Therefore, by analyzing the performance of the model on low-
frequency components, we can distinguish between features that contribute
towards the signal smoothness and improve the performance, and features
that reinforce edge weights between dissimilar nodes and, thus, introduce
the noise.

The ensemble approach we proposed in this work improves the perfor-
mance by setting a frequency filtering threshold and efficiently combining
weighted contributions from each graph. Our choice of integrating multiple
graph-based models into an ensemble was motivated by comparison with
several ensembling schemes. Since simple averaging (Anirudh and Thia-
garajan, 2019) of the results from individual models and majority voting al-
gorithm (Kam, Suk, and Lee, 2017) did not yield superior performance, we
proposed an end-to-end deep neural network-based ensemble model that
uses weighting mechanism to assign different levels of importance for each
model’s prediction.

Sensitivity to frequency filtering. The analysis of the underlying graph

property allowed us to choose the best-performing low-frequency graphs



3.6. Results and Discussion 63

Accuracy

Area under curve

(a) Classification accuracy (b) Area under curve

FIGURE 3.13: (a) Classification accuracy and (b) area under

curve (AUC) results for each of the eight input graphs run sep-

arately for the ABIDE dataset. The mean values are shown as
red diamonds.

for building a multi-modal framework. To explore the effect of graph fre-
quency filtering, we present the accuracy and AUC results calculated for
different frequency thresholds for each of the eight input graphs in Figure
3.13. The results demonstrate that the most informative graphs are those
constructed using RSFC data, which, due to graph construction design, are
low-frequency by nature. By analyzing the performance of each of the eight
input graphs separately, we can see that the sim_RSFC graph alone achieves
relatively higher performance than other graphs, with a the highest accuracy
of 69.8% and AUC of 71.0%.

We explored the influence of frequency filtering threshold k, which we
varied from 100 to 900. We found that lower frequency filtering thresholds
resulted in improved performance. Figure 3.14 illustrates the box plot for
average accuracy and area under curve (AUC) calculated across ten folds on
the ABIDE dataset. The model’s highest performance is achieved within the
range of frequency filtering threshold between 200 and 400. The model’s best
performance with an accuracy of 73.13% and AUC 0.75 is achieved when the
frequency filtering threshold equals 200.

Based on the analysis, we build a multi-model classification ensemble
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that focuses on low-frequency population graphs. The results show that
the proposed ensemble improves prediction performance compared to the
single-model case by 3.33%, and presents robustness to the choice of the in-
put graphs.

In this work, the signal filtering parameter k is fixed to be the same for
all of the selected graphs. Based on our model’s performance on different
k-frequency components, we specify k to be 200. Determining the optimal
k for each graph configuration can lead to improved performance of the en-
semble overall and is yet to be explored in future work. For example, an
attention mechanism can be explored to learn the best-performing k for each
graph configuration. Another potential future work can focus on learning
the population graph structure so that the input data forms graph signals
with smooth variations (Dong et al., 2016; Dong et al., 2019; Kalofolias, 2016).

. I I I I I I I I I i I I I

(a) Classification accuracy (b) Area under curve

Accuracy
Area under curve

FIGURE 3.14: Sensitivity analysis for k. Average accuracy and
AUC results with respect to frequency filtering threshold k. The
mean values are shown as red diamonds.

3.6.3 Subsequent Research Trend

Subsequent research on the topic of ASD prediction using fMRI data is sum-
marized by Ahmedt-Aristizabal et al., 2021. Here we outline the most rele-
vant to the scope of this work.

Kazi et al., 2019 proposed Inception-GCN (Figure 3.15), a spectral domain
architecture for deep learning on graphs. Unlike traditional GCNs which
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force the features of every node to be learned using neighbors at a fixed num-
ber of hops away via constant filter size, Inception-GCN uses filters with dif-
ferent kernel sizes. According to the authors, different kernel size help cap-
ture intra- and inter-graph structural heterogeneity in the graph. The best-

reported accuracy is 70.26 £ 04.58%.

Cross Entropy

—

(c)

P

Fuly = Clads Groung
Connected Probabisty T
ayor

FIGURE 3.15: Different cluster sizes are depicted at points (a),

(b), and (c). InceptionGCN framework takes feature matrix X as

input and processed it using several GC-layers with specified

neighborhood kernels ki, ..., ks. Image is taken from Kazi et
al., 2019.

In Jiang et al., 2020, the authors build upon a graph neural network to
learn useful representations for graph classification in an end-to-end manner.
The authors propose a hierarchical GCN framework, called hi-GCN, to learn
the graph embedding which captures both network topology information
and the subject’s interconnectivity. The authors achieved higher classification
accuracy of 73.1% and AUC score of 0.82 for the subset of ABIDE dataset
containing 402 ASD patients and 466 control subjects.

Finally, Li et al., 2020a proposed a GCN algorithm to discover biomarkers
of ASD from task-fMRI. Different from the spectral GCN algorithm Kipf and
Welling, 2017, the GCN classifier is based on graph isomorphism and can in-
terpret graphs with different nodes and edges. Specifically, the training of the
GCN model is performed on the whole graph while testing - on sub-graphs.
In Li et al., 2020b, the authors also investigated the brain region related to
a neurological disorder from task-fMRI data and modeled the whole brain
fMRI as a graph. This helped to preserve the temporal and structural infor-
mation and learn a better graph embedding. Their results indicated a more

robust classification of ASD.
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The value of this research. Our discovery of the simplified and well-
performing graph neural network contrasts with the existing literature, where
the general trend is toward more complex neural network architecture. We
suppose that more complex deep learning architectures are more suited to
datasets with significantly higher amounts of training data with a high signal-
to-noise ratio. Therefore, the main contribution of this research is presenting
a community with a simple interpretable linear graph-based model and ex-
plaining why graph structure provides a boost in performance through the

analysis of graph spectral features.

3.7 Conclusion

In this chapter, we first propose a linear model for the problem of population-

based disease prediction that utilizes the novel concept of simplified graph

convolutions. We improved upon previous works by designing simple lin-

ear end-to-end graph convolutional model. The experiments we conducted

demonstrate the comparable performance of the proposed linear graph-based
model to complex multilayer graph-based models, confirming our initial as-

sumption of unnecessary complication of graph convolutional models. Due

to the improved computational efficiency, we encourage a simple linear model
like SGC to be used as a baseline for comparison with other graph-based

models involving deep neural network architecture.

Next, since different combinations of RSFC and phenotypic features im-
ply different graph structures, this affects the prediction results. Therefore,
choosing a particular graph definition over the other has remained a prob-
lem. Next, we address this issue by integrating multiple graph-based pre-
diction models into an ensemble. First, using graph filtering, we selected the
best-performing graphs. Second, we combine multiple graph-based mod-
els to construct a more powerful ensemble for detecting Autism Spectrum
Disorder. The performance on the ABIDE dataset achieved 73% in terms of

accuracy and 0.75 in terms of AUC score.
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Chapter 4

Task-based fMRI for Classifying

Autism Spectrum Disorder

41 Introduction

In Chapter 3, we introduced two graph-based neural networks to discrimi-
nate control subjects from patients with ASD. In short, the model uses brain
imaging information in the form of resting-state fMRI and uses relation-
ships between subjects” phenotypical information (such as age and cite in-
formation) to build a population graph. By utilizing both imaging and non-
imaging data, the model outperforms other related methods using resting-
state fMRI data based on the number of evaluation metrics.

In this chapter, we introduce another type of brain imaging data — task-
based visual fMRI — which finds an application in a range of tasks, from stim-
uli classification to the study of brain disorders. The first question we ask is:
can we generalize the proposed graph-based neural network to new visual
task-fMRI data for ASD prediction? We approach the above question by ap-
plying the linear graph-based prediction framework introduced in Chapter 3
to task-fMRI data for the ASD study. Specifically, we extract brain fMRI sig-
nals from highly informative visual areas, which activate when a visual stim-
ulus is presented and capture visual information of different complexity. In
addition to the proposed graph-based framework, we conduct experiments
using different neural network types and ablations with different model con-

figurations. Our contributions can be summarized as follows:
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* For the first time, we explore a graph-based framework for detecting

ASD from fMRI collected in visual stimuli repetition task.

¢ We run experiments on multiple graph configurations to demonstrate
the contribution of each of the components, i.e., graph neural network

and the task fMRI, we show the results as part of ablation study.

* We experimentally show the benefit of using task fMRI data in increas-
ing the training sample size, which subsequently improves the model’s

performance.

* Finally, we explore modern DNN architectures that can efficiently learn

from visual task-based fMRI data.

The rest of the chapter is organized as follows. Section 4.2 focuses on the
prediction of ASD using visual task-based fMRI data. Section 4.2.1 describes
the application of visual task fMRI for ASD detection and the related works
on this topic. In Section 4.3, we explore modern DNN architectures that can
efficiently learn from visual task-based fMRI data. Finally, Section 4.4 sum-

marizes the chapter.

4.2 Prediction of ASD using Visual Task-based fMRI
Data

421 Application of Task-based fMRI for ASD Study

Although atypical social behavior remains a core feature of ASD, unusual
characteristics of perceptual processing have recently been given more focus.
These characteristics are usually defined by the tendency of people with ASD
to focus on local details rather than a global picture. We refer to Figure 4.1
for a metaphoric example of how social interaction could be misprocessed
in ASD. Visual information processing in people with ASD is different from
typical perceptual processing, where the processing stages are organized in

time so that they move from global structuring to the analysis of finer visual
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“Hi there”

“How are you?”

Typical “parsing” of social interaction ASD “parsing” of social interaction

FIGURE 4.1: Metaphoric example of how social interaction
could be "misprocessed" in ASD from Kessler, Seymour, and
Rippon, 2016. The image on the left shows how individuals
with typical neurological development systems process a se-
quence of movements into meaningful chunks. Kessler, Sey-
mour, and Rippon, 2016 hypothesize that patients with ASD
system experience a "blended" sequence when elements cannot
be effectively separated into meaningful chunks.

details. Recent studies have also suggested that patients with autism perform
better than healthy controls on visual search tasks and have superior visual
discrimination ability (O’riordan, 2004). This attention to local detail in ASD
is often accompanied by a pronounced deficit in global processing (Kessler,
Seymour, and Rippon, 2016).

Several research works have empirically demonstrated that the visual in-
formation processing of individuals with ASD is significantly different from
those of normally developing individuals. This difference is revealed exter-
nally in visual eye fixation to the stimuli in fixation time, fixation latency
(Gong et al., 2021). In addition, compared to other typically developing (TD)
groups, individuals with ASD prefer to attend to highly repetitive images,
such as repeating geometric shapes. The differences in responses to visual
stimuli have also been captured by studies using task visual fMRI. In partic-
ular, Utzerath et al., 2018 demonstrated different neural responses to stim-

ulus expectation and repetition. The authors observed a tendency for brain
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FIGURE 4.2: Beta parameters per group and regions of interest

(V1 and LOC). The first row shows responses in V1. The sec-

ond row shows responses in LOC. The first and second columns

represent the TD and ASD groups from the present experiment,

respectively. Error bars reflect SEM. The figure is adapted from
Utzerath et al., 2018.

activity in visual brain regions (LOC and V1) to increase in response to unex-
pected stimuli in the TD group, but to decrease in the ASD group (see Figure
4.2).

Visual preference patterns have been widely studied until now, and many
frameworks have been proposed to explain differences between expectations
and outcomes in ASD that may contribute to the symptoms of the disorder.
Therefore our goal in using task data is to explore the potential of using vi-
sual task-based fMRI for ASD detection. The present study aimed to utilize
the features of the responses to repetitive and alternating visual stimuli for
studying ASD. We combine our graph-based classification framework with
visual task-based fMRI features. To the author’s best knowledge, no study
has considered a graph-based framework for classifying ASD patients using

visual fMRI data.
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4.2.2 Problem Formulation

Since we generalize the method proposed in Chapter 3, we formulate our
problem in the same manner as Section 3.2.2. We define the population
graph, where nodes represent the subjects from the dataset V = {vy,...,v,},
and edges connecting the nodes represent the similarity between subjects’
imaging and non-imaging features. The resulting graph is an undirected
weighted graph G = (V, E, W), Each node v; is associated with a d-dimensional
feature vector x; extracted from fMRI imaging data. The feature matrix X &
R4 consists of stacked feature vectors of 1 nodes in the graph. The set of
edges E C V x V corresponds to links between the nodes, and W : E — R is

a function which assigns weight w;; to each edge as follows:

H
W(i,j) = sim xl,x] 2 = My(vj)], 4.1)

where sim (xl-, x]-) is defined based on correlation distance between fMRI fea-
tures, and M;,(v;) is categorical phenotypic feature value! corresponding to

node v;.

4.2.3 Dataset

The visual task-based fMRI dataset we use is quite different from the resting-
state ABIDE dataset from Chapter 3 in terms of data acquisition paradigm
and the number of participants. The dataset is part of the project for studying
hypo-priors in autistic visual perception by Utzerath et al., 2018 and consists
of fMRI data from 44 participants: 22 with an ASD diagnosis and 22 without
ASD.

We extract brain fMRI signals from highly informative visual areas that
activate when a visual stimulus is presented and capture visual information
of different complexity. While in a resting-state fMRI analysis, we used a
flattened connectivity matrix (resting state connectivity), in the case of task-

fMRI, we use the features that represent normalized signals from multiple

ICategorical phenotypic features are gender (male/female) and age (categorical values
corresponding to age groups).



72 Chapter 4. Task-based fMRI for Classifying Autism Spectrum Disorder

TABLE 4.1: The statistics of the visual task-based fMRI dataset
used in this work.

Visual fMRI dataset
Total subjects 44
Patients 22
Healthy controls 22
Female/Male 3/19
Age range 12 - 18

brain regions. For this task, the data from the following brain regions were
used: 1) first of the cortical regions called V1 responding to lower-level stim-
uli; and 2) the high-level Lateral Occipital Cortex (LOC) responsible for pro-
cessing the object’s semantic information.

The dataset samples were group-matched on gender, age, and intellectual
ability. The inclusion criteria were the following: 1) age between 12 and 18
years old, 2) normal or corrected to normal vision, and 3) an IQ above 85. To
be considered for the ASD group, participants had to have a clinical diagno-
sis of Autism Spectrum Disorder. The details of the dataset are presented in
Table 4.1.

The perceptual expectation paradigm. The participants were presented
with visual stimuli, namely, four images of a lion, a turtle, a bike, and a car.
In each trial, a pair of stimuli were shown to participants. These pairs con-
sisted of either the repetition of a single image or an alternation between
two images. This resulted in four possible outcomes: expected and unex-
pected repetitions, as well as expected and unexpected alternations (see Fig-
ure 4.3 and Figure 4.4). During a pre-imaging practice task, participants were
given time to learn which stimuli are most likely to repeat and which to alter.
Which stimuli would repeat was counter-balanced between participants. In
the fMRI task, two image stimuli had a 75% probability of repeating, and two
had a 75% probability of alternating. Each stimulus was shown for 250 msec,
separated by an inter-stimulus interval of 500 msec. The dataset is publicly

available online at the Donders Research Data Repository.

2http ://hdl.handle.net/11633/di.dccn.DSC_3018026.01_044
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First stimulus Second stimulus
Expected Unexpected
75% 25%
ER UA
"i‘ -
O=—fg)*
EA UR

FIGURE 4.3: Examples of fixed stimulus pairings. The prior

knowledge of which stimuli would repeat created four exper-

imental settings: expected repetitions (ER) and expected al-

ternations (EA): unexpected repetitions (UR) and unexpected

alternations (UA). The figure is adapted from Utzerath et al.,
2018.

Stimulus 1

Fixation

Stimulus 2

4.5 s + jitter

FIGURE 4.4: Display of visual stimuli for expected repetition
(ER) trial. The figure is adapted from Utzerath et al., 2018.
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4.2.4 Experimental Settings
Model Design

Analogous to the methodology for analyzing resting-state fMRI data with
population graphs described in Section 3.4, we perform classification using
linear graph architecture, SGC. The simple graph architecture was shown to
perform on par or even better than more sophisticated graph architectures
(Wu et al., 2019). This result was also supported in our analysis of resting-

state fMRI data in Section 3.6.

Comparison with Baselines and Ablation Studies

We compare our method with traditional machine learning methods and
deep learning methods to evaluate classification performance. The machine
learning methods baseline methods include Multi-layer perceptron (MLP),
Random Forest and 2-layer GCN Parisot et al., 2018, which is one of the cur-
rent best performing deep learning methods with the available implementa-
tion.

Multilayer Perceptron (MLP) is well-suited as a baseline model due to its
ability to learn complex patterns and relationships in data. It can handle both
linear and non-linear relationships. MLP’s simple and flexible architecture
makes it suitable for various tasks. Random Forest is commonly used for
tasks such as classification and regression, particularly when dealing with
high-dimensional data. It combines the knowledge of multiple decision trees
to give more reliable results and can show which features are most important
in making prediction.

Graph Convolutional Network (GCN) is a baseline for tasks involving
graph-structured data, such as node classification. It is used when the objec-
tive is to analyze relationships between entities in a graph.

For non-graph methods (Random Forest and MLP) we use flattened fMRI
feature vectors as input. In the case of graph-based methods (GCN and ab-

lations) we use flattened brain feature vectors as node features of the model,
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and graph adjacency, which measures the correlation between fMRI and non-

fMRI features.

Training setup

Due to the limited size of the new task fMRI dataset (44 samples) and for the
sake of fair comparison with the baselines, we used five-fold stratified cross-
validation, with the stratification criterion being an equal allocation of the
class labels: patients with ASD and healthy subjects. The hyperparameters
of the methods, such as learning rate, number of epochs, number of layers,
hidden layers size, degree for graph convolutions, were tuned using grid
search. For our method we use 100 training epochs, the degree parameter 2,
and learning rate 0.1. Multi-layer perceptron (MLP) was also trained using
Adam optimizer on 100 epochs, with learning rate 0.01, and two layers of size
64 and 16. To train Random forest classifier we used 8 tree with maximum
depth of 8. Random forest classifier is trained with 8 trees and maximum
depth of 16. Finally, GCN was trained on 100 epochs with degree 2, and
learning rate 0.01.

The input features for graph models are the adjacency matrix n X n and
the fMRI feature vector n x d, where n is the number of samples and 4 is the
dimension of the fMRI feature vector (voxels). Non-graph methods use only

the fMRI feature vector.

Ablation study

We perform an ablation study to compare the contribution of task fMRI data
and the graph-based framework. Our framework, a linear SGC model on
task-fMRI, is denoted as a Graph with fMRI features. In addition, we intro-
duce four ablations, where we use: 1) a graph without fMRI features; 2) a
random graph structure with fMRI features; 3) a fully connected graph with
fMRI features. The first two ablations are intended to evaluate the impor-

tance of subjects” imaging features, while the last two baselines evaluate the
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importance of graph structure in the classification task. Underlying these
baselines is the same GNN model running on the same population set.

The first baseline is introduced to test the meaningfulness of fMRI fea-
tures regardless of non-imaging phenotypic data. We implement it by us-
ing an identity graph at the core, which implies no contribution from the
graph, thus computation-wise the model is reduced to the MLP model. This
means that each node is still associated with the fMRI feature vector, how-
ever, the identity matrix is used in place of the adjacency matrix to repre-
sent a completely disconnected graph. A graph without features baseline
is implemented to test the performance of the model with respect to graph
structure acquired using phenotypic features. In a random graph and a fully
connected graph, we modify the edges. The edges are randomly rewired so
that the edge density of the original graph is preserved. On the other hand,

a fully connected graph assumes that all the nodes are connected.

4.2.5 Results and Discussion

In this section, we evaluate the performance of our linear graph-based model
when applied to visual task-fMRI data. We emphasize the advantage of uti-
lizing task-based fMRI data as it enables us to leverage larger training sample
size. Due to multiple visual tasks which are performed in visual task fMRI,
the dataset can be increased several folds, by using fMRI for each task as a
separate data sample. Since there are four tasks being performed by each
person (ER, UR, EA, UA), this allowed us to train the model with four times
the number of original samples.

Integrating information from multiple brain regions is a common prac-
tice in neuroimaging and can help to capture the complex patterns of brain
activity. Therefore, utilizing the domain knowledge we combine fMRI voxels
from two visual brain regions: V1 (primary visual cortex) and LOC (lateral
occipital complex). These regions process visual information at different lev-

els. V1 is involved in early visual processing, such as detecting edges and
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basic visual features. Whereas the LOC, is involved in higher-level process-
ing and is responsible for recognizing complex visual stimuli.

In Table 4.2 we present prediction results using a combination of brain
signal data from V1 and LOC. Table 4.2 shows the results on 5-fold stratified
cross validation of the proposed method, ablation study and the baselines
methods. Using the domain knowledge, the baselines GCN, MLP, Random
forest, and SVM achieved over 0.61 in terms of mean AUC score and over
58% in terms of mean accuracy. Our model achieves the highest accuracy
(69%) and AUC score (0.7). The baselines from the ablation study verify the
contribution of the graph structure. The lowest scores (random prediction)
correspond to Graph w/o fMRI, a baseline using only graph structure with-

out important fMRI feature vectors.

TABLE 4.2: Classification results (mean and standard error) us-

ing combined V1 and LOC brain regions. The experiment per-

formed with increased number of samples using five-fold cross

validation. Abbreviations: 'w/’ denotes 'with’, ‘'w /0o’ denotes
‘with out’, and "FC” denotes “fully connected’.

AUC Accuracy  Sensitivity Specificity
Graph w/ fMRI (ours) 0.704+0.04 0.69+0.05 0.69 £0.10 0.58 £ 0.11
Graph w/o fMRI 053 £012 052+0.09 051+0.14 0.53 £0.15
Graph random w/ fMRI ~ 0.58 £ 0.08 0.57 +0.09 0.50 +0.28 0.74 £0.22
Graph FC w/ fMRI 0.59 £0.15 0.57 £0.16 0.60 =+ 0.09 0.52+0.25
GCN 0.66 = 0.06 0.65+0.06 0.63 £0.11 0.51 +0.15
MLP 0.63 £0.05 0.58+0.07 0.65+0.13 0.51 £0.20
Random forest 0.63+0.04 0.63+0.05 0.60+£0.08 0.58 +0.10
SVM 0.61 £0.06 0.61+0.06 0.77 +0.04 0.32 £0.11

Discussion. The data described in this chapter focused on the perceptual
differences in response to expected and unexpected visual patterns. The ex-
isting studies suggest that these differences in visual information processing
are key to understanding ASD. Moreover, one of the recent studies by Gong
et al., 2021 emphasizes that people with ASD exhibit a visual preference for
non-social objects than typically developing individuals. This implies that

visual preference for social and nonsocial stimuli in patients with ASD can
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aid our understanding of the key signs of social interaction disorder. Visual
stimuli presentation in task-fMRI may provide the possibility to screen ASD
by discovering new disease biomarkers. Therefore we suggest complex vi-
sual stimuli with social and nonsocial components might improve the quality
of the signal from visual task fMRI. The potential drawback in using the task
fMRI data is the limited size of datasets. In the case of resting-state fMRI, the
absence of the task allows the combining of the imaging datasets from differ-
ent laboratories, as was done in ABIDE dataset. Combining task-based fMRI
data requires a coordinated effort in devising a common visual experiment

and performing post-imaging data processing.

4.3 Other DNN Methods for Task-based fMRI

In Section 4.2, we generalized our proposed graph-based framework for de-
tecting Autism Spectrum Disorder to visual fMRI data, an alternative form
of brain imaging data collected during a task, which is also used for med-
ical diagnosis of neurodevelopmental disorders including ASD (Ahmedt-
Aristizabal et al., 2021). Our interest in visual task fMRI is motivated by the
tindings showing an association of alterations in visual perception with ASD.
Moreover, the task-fMRI data finds increased applicability in deep-learning-
based research in neuroscience.

In this section, we continue exploring task-based fMRI data. However,
the main focus will be shifted from ASD prediction towards developing an
improved DNN architecture for analyzing visual task-fMRI. Visual task-based
fMRI is accompanied by the corresponding stimuli. The presence of two dif-
ferent complex inputs requires designing new DNNs which can learn from
multi-modal input, i.e., fMRI data and stimuli images.

We, therefore, explore how well neural network models can extract the
meaningful signal from the task-based fMRI data by focusing on two tasks:

1) visual stimuli reconstruction, and 2) visual stimuli classification.
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Despite the focus being set on only healthy subjects in this section, we
consider the utility of visual task-fMRI data analysis for improving ASD de-
tection in future research. As discussed in Section 2.1.2, visual information
processing is shown to have a link to ASD, and more studies advocate for
the use of task fMRI in neurodevelopmental diagnosis (Finn, 2021; Kolodny
et al., 2020).

4.3.1 Motivation and Objective

The goal of this section can be summarized as follows:

¢ To evaluate the effectiveness of computational methods (DNNs) on vi-
sual task-based fMRI. Specifically, we survey visual stimuli reconstruc-
tion and visual stimuli classification. We are interested in qualitatively
and quantitatively evaluating the representation that DNNs can learn

from task-based fMRI signals.

¢ To identify the advantages of using task fMRI with deep learning mod-

els.

¢ To propose a multi-modal framework that can utilize both visual tasks-
based fMRI and stimuli for prediction. Additionally, we introduce an
experimental setting, through which we can assess the contribution of
fMRI features toward improved classification accuracy. This experi-
mental setup gradually reduces the quality of non-imaging data, i.e.
the stimuli image, and thus requires the model to learn from the brain

imaging data, proving its practicality to the task.

4.3.2 Modern Applications of Visual Task-fMRI Data
Visual Brain Decoding

Many brain imaging studies focus on decoding how the human brain rep-

resents information about the outer world. The majority of external sensory
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information is processed by the human visual system (Logothetis and Shein-
berg, 1996). In recent years, the study of visual information processing in the
human brain has gained increasing attention and is commonly referred to as
human visual decoding. The goal of neural decoding models is to learn a map-
ping function f : V — X, where X and V denote two sets corresponding to
stimulus images and fMRI activity patterns extracted from the visual cortex.
A framework diagram for visual reconstruction is shown in Figure 4.5.

A great advancement in recent neuroscience research has been achieved
through visual task fMRI (Poldrack and Farah, 2015; Nestor et al., 2020). The
recent progress in human visual decoding has shown that beyond merely
encoding the information about visual stimuli (Poldrack and Farah, 2015),
brain activity captured by fMRI can be used to reconstruct visual stimuli in-
formation (Roelfsema, Denys, and Klink, 2018; Kay et al., 2008).

Based on the target objective, human visual decoding can be categorized
into stimuli category classification and reconstruction (Naselaris et al., 2011).
In classification, brain activity is used to predict discrete object categories
of the presented stimuli (Haxby et al., 2001; Horikawa and Kamitani, 2017).
In stimuli reconstruction, the aim is to recover image-specific details, such
as object position, size, and angle. Compared to stimuli classification, re-
construction is a more challenging task, in which a replica of the stimulus
image needs to be generated for a given fMRI signal (see Figure 4.5). Fur-
thermore, stimulus-related information encoded in the fMRI activity, which
allows high-accuracy identification, may only partially characterize stimuli
images and thus be insufficient for proper image reconstruction (Kay et al.,
2008; St-Yves and Naselaris, 2018). With the development of sophisticated
image reconstruction methods and the increasing amount of brain imaging
data, more attention has been directed toward visual stimuli reconstruction
from fMRI activity in the visual cortex (Miyawaki et al., 2008; Naselaris et
al., 2009; Gerven, Lange, and Heskes, 2010). fMRI-based visual reconstruc-
tion can improve our understanding of the brain’s visual processing mecha-
nisms, and researchers can incorporate this knowledge into other domains,

including neurodevelopmental disorder prediction.
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Reconstructed

Images fMRI activity

FIGURE 4.5: Diagram for natural image reconstruction task.

Visual Stimuli Reconstruction

The variety of visual stimuli used in visual reconstruction tasks can range
from simple low-level detail images, such as Gabor wavelets and domino
patterns (Thirion et al., 2006), to more elaborate images depicting alphabeti-
cal characters, digits (Gerven, Lange, and Heskes, 2010; Schoenmakers et al.,
2013), natural objects, and scenes (Haxby et al., 2001; Horikawa and Kami-
tani, 2017). Among the variety of visual stimuli, natural images are consid-
ered to be the most challenging, as they require accurate reconstruction of
color, shape, and high-level perceptual features of an object. We focus on the
natural image stimuli since they require higher information processing in the
brain and thus activate a higher number of visual areas, both low-level and
high-level.

In recent years, deep neural networks (DNNs) have significantly advanced
computer vision research, replacing models based on hand-crafted features.
In particular, DNN models have achieved improved performance in various
computer vision tasks, including image classification (Krizhevsky, Sutskever,
and Hinton, 2012), image segmentation (Chen et al., 2015), and image restora-
tion (Zhang et al., 2017). In visual decoding tasks using brain imaging data,
deep learning approaches have been applied to image classification (Haxby
et al., 2001; Horikawa and Kamitani, 2017), object segmentation (Kamnitsas
et al., 2017), and natural image reconstruction (Shen et al., 2019a; Shen et al.,

2019b). DNNs were shown to be more powerful than traditional methods
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(Zhang et al., 2021a; Kriegeskorte, 2015) primarily due to the multilayer ar-
chitecture allowing to learn nonlinear mappings from stimulus images (Beliy
et al., 2019; Shen et al., 2019Db).

Motivated by the success of deep learning in image generation, many re-
cent studies have widely used DNN models in natural image reconstruction
for several reasons. First, the deep learning framework conforms to some
degree to the visual encoding—decoding process occurring in the hierarchical
regions of the human visual system (Pinto et al., 2009; Krizhevsky, Sutskever,
and Hinton, 2012; Schrimpf et al., 2018). Second, the application of deep gen-
erative models allows the synthesis of high-quality natural-looking images,
which is achieved by learning the underlying data distribution (Goodfellow
et al.,, 2014). Additionally, the training process can be aided by models pre-
trained on large-scale image datasets (Shen et al., 2019a; Shen et al., 2019b).
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FIGURE 4.6: Reconstructions for two images across three sub-
jects (s1, s2, and s3) from DIR dataset. The reconstructions are
shown for the two natural image stimuli: golden fish and owl.
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In our survey (Rakhimberdina et al., 2021), we study different DNN meth-
ods for natural stimuli reconstruction. We present qualitative and quantita-
tive comparisons of the state-of-the-art deep learning methods, and demon-
strate the power of learning representations from visual task fMRI. In Figure
4.6, we show the reconstructions across the methods corresponding to three
different subjects. Depending on the subject, the reconstructions by different
methods show varying degrees of resemblance to the original stimuli but pre-
serve the global object information such as shape, position, and color. None
of the traditional machine learning methods are able to achieve such quality

of reconstruction.

4.3.3 Proposed Method

In this section, we propose a framework that integrates both fMRI data and
stimuli information for improving classification performance. With this frame-
work, we aim to show the benefits of aggregating imaging and non-imaging

stimuli information and demonstrate the robustness of fMRI features.

Dataset Description

We utilize the publicly available Imagenet-fMRI dataset from Shen et al.,
2019b. The dataset consists of pairs of high-quality 500 x 500 pixels stimuli
images from the ImageNet dataset Deng et al., 2009 and the corresponding
fMRI recordings collected from five healthy subjects. There are 1,200 distinct
Imagenet images spanning 150 object categories in the training set, and each
stimuli image is presented five times. As a result, we use 6,000 train-fMRI
samples consisting of five repeated recordings per stimulus. For each fMRI,
we considered approximately 10,000 voxels from the visual cortex area cor-
responding to visual brain areas V1, V2, V3, V4, LOC, FFA, and PPA. The
results in the current study correspond to subject 1.

For training and evaluating our proposed method, we used MNIST and
CIFAR-10 datasets. MNIST Lecun et al., 1998 consists of 28 x 28 grayscale im-
ages of ten handwritten digits. CIFAR-10 dataset Krizhevsky, 2009 contains
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32 x 32 color images from ten different object categories. Note that the lack
of complex, large-scale Imagenet-fMRI datasets did not allow us to test the
method on more complex datasets. With the development of brain imaging
techniques, we expect that more large-scale ImageNet-based fMRI datasets

will become available.

Multi-modal Stimuli Prediction

In our survey Rakhimberdina et al., 2021, we showed that using task fMRI
data one can obtain high-quality representations, the quality of which can be
verified both qualitatively and quantitatively. In this section, we present a
potential application of these high-quality brain visual representations in the
stimuli classification task. In this scenario, we want to use the rich informa-
tion captured in the form of fMRI data to recover the original visual stimuli.
To understand how much information is learned from the fMRI, as opposed
to images, we introduce different levels of noise to the image input. We pro-
pose a novel solution by combining the neural network representations from
task fMRI and the original stimuli as multi-modal input. The term modality
refers to a different type of information about the same scene obtained using
multiple measurement devices, or acquisition techniques (Lahat, Adali, and
Jutten, 2015). In a multi-modal setup, one can integrate data obtained from
multiple modalities to obtain rich representations of the scene and enhance
system robustness.

Our framework, proposed in (Rakhimberdina, Liu, and Murata, 2022),
consists of the following components: voxel-wise (image-to-fMRI) encoder E
and multi-modal image classification framework F . Individual components
are illustrated in Figure 4.7. Next, we describe each component in more de-

tail.

Encoder

To overcome the limitation of the small size of the fMRI dataset, we train a

voxel-wise encoder on complex natural stimuli dataset Imagenet-fMRI from
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FIGURE 4.7: Our proposed multi-modal framework consists of

the following components: a) image-to-fMRI encoder E and b)

multi-modal classification network that integrates images and

the corresponding brain codes to predict the output class of the
stimuli.

(Shen et al., 2019b). The encoder E is used to learn the mapping from stimu-
lus images to the corresponding fMRI activity pattern. The trained encoder
further acts as a data augmentation tool for generating fMRI signals corre-
sponding to images from less complex MNIST and CIFAR-10 datasets (see
Figure 4.7a).

The architecture of the encoder is described in Table 4.3 and consists of
four blocks of 3 x 3 convolution layers with ReLU activation. We utilized a
fully connected layer to map the features to voxel space. Using the training
image-fMRI samples from the Imagenet-fMRI dataset, we train encoder E(x)
in a supervised manner to predict the fMRI responses of input image x. The
training loss is defined as the mean square error between the encoded fMRI

representation E(x) and the ground truth fMRI signal v.

Multi-modal Framework

Let x € RY*"*¢ be an image with width w, height & and ¢ color channels. Let
v € R? be the corresponding preprocessed fMRI response, with d denoting
the number of voxels in the visual cortex. To integrate information from both
modalities, we introduce a multi-modal framework as shown in Figure 4.7b.

The framework consists of an image classifier and an fMRI classifier. Each of
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TABLE 4.3: Encoder and Decoder architectures. The numbers
in brackets for (de-)convolutional layers represent the number
of channels and the kernel size.

Encoder Decoder
Conv(32,3 x 3) FC()
ReLU() DeConv(64, 2 X 2)
Conv(32, 3 x 3) ReLU()
ReLUY() DeConv(64, 2 x 2)
Conv(32,3 x 3) ReLU()
ReLU() DeConv(3, 2 x 2)
Conv(32, 3 x 3) Sigmoid()
ReLUY()
Dropout(0.5)
FC()

the classifiers viewed separately can be viewed as an independent network
adapted for image classification. In our multi-modal framework, for each
image x; € X we have an fMRI pair v; € V, where V denotes fMRI activity
patterns extracted from the visual cortex. The image-fMRI dataset comprises
N paired samples S = {(x;,v;)|x; € X,v; € V} . The goal of a multi-modal
classifier is to learn a mapping function f : X,V — Y.

In terms of architecture, the image classifier is based on ResNet18 archi-
tecture (He et al., 2016). fMRI classifier adopts a 2-layer deep neural network
(DNN) with two fully connected layers separated by a non-linear activation
function. While the convolutional network networks are considered effective
for extracting information from images, we find simple feed-forward DNNs
sufficient for performing fMRI classification.

The visual information from the image and brain codes from the fMRI is
integrated by extracting the visual feature vector fy from the image and fMRI
feature vector f,. Specifically, these extracted features f; and f, correspond
to penultimate or pre-classification layer activations for image and fMRI clas-
sifiers. Then, the multi-modal method integrates the visual and fMRI feature
vectors into a single vector via concatenation fy, = fx || fo. Finally, using the
cross-entropy loss function, a fully-connected layer with a softmax predicts

the output class probability from fy,.
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Experimental Settings

We train our networks using NVIDIA TITAN RTX GPUs. The encoder was
the Adam optimization for 100 epochs with the learning rate of le-4 and 1le-
3, and batch size 32 and 50, respectively. The multi-modal framework was

trained for 50 epochs using learning rate le-2 and batch size 64.

4.3.4 Results and Discussion

Robustness under Gaussian Noise We first investigate the robustness of our
multi-modal ensemble using image Gaussian noise perturbations. Gaussian
noise corruption occurs commonly due to the limitations of visual sensors
under poor lighting conditions. The Gaussian noise perturbation of input
image x is x + J, where ¢ is the noise level § ~ N (0,02, I). Figure 4.8 ab
shows classification accuracy under single-modality Gaussian noise pertur-
bations for MNIST and CIFAR-10, respectively. In our setting, perturbations
are added to images x + J, as a single-modality corruption.

On unperturbed data, all methods show the highest classification accu-
racy. With more perturbation added, the accuracy of uni-modal and multi-
modal methods gradually drops. fMRI classifier is the uni-modal classifier
using only human brain neural activity. The fMRI baseline is indicated by
a black dashed line. Note that for the relatively simple MNIST dataset, the
baseline performance of the fMRI classifier is comparable to the unperturbed
image classifier (98.89%). The multi-modal classifier is more robust to im-
age perturbation. That is, our multi-modal classifier outperforms the image
classifier across different perturbation levels. For example, on MNIST, the
multi-modal classifier can improve the accuracy of the corrupted image from
12.65% to 96.37% on the maximum perturbation level®.

The robustness results obtained on the CIFAR-10 dataset are significantly
lower than on the MNIST dataset for all methods. We attributed the higher
robustness results on the MNIST dataset to the ability of the image-to-fMRI

3To determine the amount of perturbation o, we used signal-to-noise variance ratio
(SNVR), the maximum oy for both MNIST and CIFAR datasets corresponds to SNVR = 0.1.
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FIGURE 4.8: Robustness to Gaussian image noise perturbations

on a) MNIST and b) CIFAR-10 datasets. The horizontal axis

represents the strength of corruption in terms of the standard
deviation ¢. ¢ € [0, 1] for images.

encoder to generalize better to simpler images of hand-written MNIST digits
rather than to more complex CIFAR-10 images. Overall, for both datasets, an
additional classifier strengthens the perception of the multi-modal classifiers

by utilizing the information from the visual task fMRI.

4.3.5 Discussion

This work serves as proof for the idea that brain codes in the form of vi-
sual task-based fMRI encode sufficiently to perform complex tasks such as
reconstruction and classification. Unlike other multi-modal fusion methods
employing various visual-audio or visual-text input integration (Tian and
Xu, 2021), our method shows that fMRI signal can be used as a reliable input
source resulting in high performance on visual classification.

Applications. There are multiple applications of our proposed method.
The first application concerns the use of the developed multi-modal frame-
work for classification tasks relevant to brain imaging. This application is
more relevant to the topic of the thesis, as the integration of task-based fMRI
and visual image input can be potentially used for disorder detection. Per-
turbing a stimuli image makes the fMRI-stimuli correlation weaker. We as-

sume this setting can be adapted to ASD classification, where it is expected
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that healthy people have strong fMRI-stimuli correlation (and thus predic-
tion accuracy of the stimuli class), while ASD patients have a weaker corre-
lation.

Second, the idea of combining visual input and human brain signals in
a multi-modal framework adds to a growing literature on human-AI com-
plementarity benefiting from the combined human and machine predictions
(Steyvers et al., 2022; Jang, McCormack, and Tong, 2021). Nowadays, much
effort is devoted to developing Al systems that complement human creativ-
ity and innovation in arts and music, augment human physical abilities in
sports and medicine, and enhance human cognitive abilities such as mem-
ory and attention. Since the model was shown to be robust to various noise
inputs, it can be used as an alternative to existing defense methods in cases
when combining visual and human brain signals is feasible, such as in brain-
computer interfaces. Incorporating reliable fMRI input acts as human guid-
ance to the classification process when the visual input is corrupted. We
believe future research in this area could have significant implications for
healthcare, industry, and society as a whole.

Contribution of multi-modal stimuli classification to study of ASD.
Previous studies demonstrated the usefulness of task fMRI in investigating
autism spectrum disorder (ASD), as individuals with ASD often experience
visual impairments. Therefore, information derived from both visual fMRI
and the stimuli source is essential in these studies. Therefore, in our multi-
modal framework, we proposed combining information from fMRI and stim-
uli to make the model learn from both. Though we tested our framework on
label prediction, it can be extended to labeling patients and healthy subjects.

In the case of ASD, stimuli information can be used to determine the cor-
relation between image and fMRI pair in individuals with ASD. Any mispro-
cessing of visual information in such individuals can impact the strength of
the signal between the image and fMRI. A weaker correlation between the
two can impact the accuracy of the prediction. Our experiments have shown
that introducing Gaussian noise can decrease the model’s performance.

In the case of ASD, stimuli information can be useful to learn the strength
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of the correlation between image and fMRI pair. If there is a misprocessing
of visual info in an ASD patient, we can see the effect on the strength of
the image-fMRI signal. The weaker correlation between image-fMRI affects
the prediction. It has been shown in the experiment that the accuracy of the
model goes down when Gaussian noise is introduced in the experiment.

We introduce an experimental setting, through which we assess the con-
tribution of fMRI features toward model’s performance. This experimental
setup gradually reduces the quality of non-imaging data, i.e. the stimuli im-
age, and thus requires the model to learn from the brain imaging data rather
than stimuli. For that purpose, we introduce a Gaussian noise of different
severity commonly used in the literature.

Perturbing a stimuli image makes the fMRI-stimuli correlation weaker.
We assume this setting can be adapted to ASD classification, where it is ex-
pected that healthy people have strong fMRI-stimuli correlation (and thus
prediction accuracy of the stimuli class), while ASD patients have a weaker
correlation.

By introducing noise to the imaging modality, we weaken the correlation
between fMRI and stimuli. We expect that if information distortion happens
in ASD, the correlation of the fMRI-stimuli pair will also decrease. Then
the proposed multi-modal framework can be adapted for training on fMRI-
image samples for healthy and ASD patients.

Availability of large-scale imaging data. The primary challenge in using
deep learning methods is the limited size of fMRI data. Compared to the ex-
isting resting-state fMRI and task-based fMRI datasets used in brain diagno-
sis, the visual task fMRI dataset contains more than 10 times of data sample.
Moreover, the lack of training data is compensated by pretraining DNN com-
ponents on external image data (Shen et al., 2019b; Shen et al., 2019a; Beliy et
al., 2019), self-supervision on additional image-fMRI pairs (Beliy et al., 2019;
Gaziv et al., 2020) and generation of new surrogate fMRI via pretrained en-
coding models (St-Yves and Naselaris, 2018). Using efficient models trained
on visual decoding task, we can enhance the current research on ASD pre-

diction through transfer learning or use the pretraining models on the image
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domain. This, in turn, may lead to broader adoption of the proposed frame-

works for real-world purposes.

4.4 Conclusion

More researchers nowadays emphasize the increasing prospect of using deep
learning models to extract neural activity responses to naturalistic stimuli
(i.e., visual task) (Zhang et al., 2021b). Visual task-induced brain imaging
data can potentially improve the prediction of individual markers better.

To verify this, in this chapter, we generalized our proposed graph-based
framework for detecting Autism Spectrum Disorder to visual fMRI data. The
results demonstrated the improvement in classification accuracy due to the
introduction of the population graph structure. Both the graph-based anal-
ysis approach and visual signal extraction from this study can be utilized
to make predictions about ASD in the presence of a visual fMRI dataset for
ASD, in a similar manner as for the resting-state fMRI data.

As a follow-up work, we focus on improving of visual task-based fMRI
processing by introducing a multi-modal framework based on images and
fMRI encodings.

The presence of visual stimuli allowed us to adapt the existing image clas-
sifiers for improving accuracy. Such analysis would not be possible with
resting-state fMRI data, which is recorded in the absence of a task.

The contributions of the presented analysis are two-fold. First, we quan-
tify the quality of the task fMRI feature, as it was shown to improve the
accuracy despite the corrupted stimuli information. Second, we present a
stimuli-fMRI integration framework, which can be applied to a prediction of
ASD and variety of related downstream tasks in brain-computer interfaces.
The last point may be of interest to scientists and engineers working with

task fMRI data.
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Chapter 5

Discussion

In this chapter, we first explain the significance and implications of research
results in relation to research questions. We discuss the design considerations
and limitations of our population graph-based models proposed in Chap-
ter 3. Next, we integrate our findings from the study of visual fMRI data
in Chapters 4 and show the usefulness of combined task-fMRI features and
visual stimuli-related features as input. Furthermore, we discuss the impli-
cations and limitations of using resting-state fMRI and task-based fMRI, and
DNN-based analysis techniques that can be shared with these two fMRI ac-

quisition paradigms.

5.1 Significance and Implications of Current Re-

search

To recap, the aim of this study is to propose a general framework for ASD clas-
sification that can be applied to both resting-state and task fMRI data. Below we

summarise the key findings that relate to each of the research questions:

¢ R1. What kind of neural networks can efficiently model the popula-
tion of ASD subjects described with fMRI and non-fMRI features?
The performance analysis of deep learning methods using resting-state
brain fMRI data suggests that graph neural networks can effectively
represent the group of healthy individuals and patients. This is sup-
ported by high accuracy and AUC results of the proposed SGC method
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in predicting ASD. Moreover, the graph-based architecture is capable of
integrating different types of input data: brain imaging data and non-
imaging phenotypic data, which non of the rival methods can accom-
plish without significant changes in model architecture. While brain
imaging signals are used as features of the individual nodes in the
graph, the connection between nodes is reinforced by additional infor-
mation important in predicting ASD disorder. In addition, we would
like to note that the simplest GNN architecture was able to outperform
the more elaborate CNN-based models. Our discovery of the simplified
and well-performing graph neural network contrasts with the existing
literature, where the general trend is toward more complex neural net-
work architecture. We suppose that more complex deep learning archi-
tectures are more suited to datasets with significantly higher amounts
of training data and a high signal-to-noise ratio. Therefore, we believe
that the main contribution of this research is presenting a community
with a simple graph-based model and explaining why it provides a per-

formance improvement through the analysis of graph spectral features.

R2. Can a graph-based classification framework improve ASD pre-
diction in task-based fMRI? We generalized our proposed graph-based
framework for diagnosing Autism Spectrum Disorder to visual fMRI
data in Chapter 4. The results demonstrated the improvement in classi-
fication accuracy and AUC scores when using the graph-based neu-
ral network. Additionally, the performance improvement is due to
the increased number of training samples corresponding to each fMRI-
stimuli pair. Both the graph-based analysis approach and visual signal
extraction from this study can be adopted to make predictions for ASD

using visual fMRI dataset.

R3. How effective are neural networks with task-based fMRI data
compared to resting-state data? Considering the unique properties of

task-fMRI data, we focused on different neural network architectures

developed for task-fMRI. We found that the analysis of task-based fMRI
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data, in general, can be seen as advantageous compared to the analysis
of resting-state data in two ways. First, the task-based fMRI is less noisy
because of smaller regions of interest and precise time frames corre-
sponding to stimuli presentation. The presence of the task allows com-
bining data from different individuals by reducing the variance of the
signal corresponding to a particular frame. Second, the presence of the
target stimuli allows deep learning methods to learn from fMRI by en-
coding and decoding the stimuli to the brain signal. We demonstrated
this both on visual stimuli reconstruction and stimuli classification. In
visual stimuli reconstruction, we showed that the brain signal can be
reconstructed with a high accuracy. In visual stimuli classification, we
showed that despite any perturbations to visual stimuli, the DNN can
efficiently use visual task-based fMRI information to correctly classify

the label of the stimuli.

5.1.1 Evaluating ASD Detection Performance

The TP rate, or true positive rate, reflects the portion of individuals accurately
identified with ASD by a diagnostic test. While a perfect TP rate of 100%
is ideal, achieving this is challenging due to the absence of a flawless ASD
diagnostic test. Even a test with a high TP rate may miss some cases of ASD.

It’s crucial to note that a high true positive rate (TPR) coupled with a low
true negative rate (TNR) isn’t favorable in diagnostics or screening. A low
TNR implies more false positives, wrongly classifying non-ASD individuals
as positive, potentially leading to unnecessary anxiety, additional tests, or
treatment for the wrong reasons.

In ASD screening, achieving both high TPR and TNR is vital. Striking this
balance ensures accurate identification of ASD individuals (high TPR) while
minimizing false positives, accurately labeling non-ASD individuals as neg-
ative (high TNR). The aim is a balanced approach maximizing sensitivity

(TPR), specificity (TNR), and ultimately, classification accuracy. To represent
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the overall correctness of prediction model on the balanced dataset we calcu-
late accuracy. i.e, the proportion of correct classifications (both true positives
and true negatives) among all cases. It provides a general overview of the
model’s performance. Along with AUC score, sensitivity, specificity, and ac-
curacy help assess the reliability and performance of classification models.
A balanced approach is desired, where high both false positives and false

negatives are minimized, achieving an overall accuracy of classification

5.1.2 Exploring Applications of the Proposed Method

We present a scenario where our ASD prediction model can be used. Tra-
ditional diagnostic methods for ASD rely on behavioral observations, which
can be time-consuming and subjective. In contrast, our method uses machine
learning and neuroimaging fMRI data to explore a more objective approach
to ASD prediction. Considering the high cost of fMRI, our method can be an
effective alternative when the behavioral test can not be used, that is when
patients do not exhibit the expected behavior. For example, the model might
serve as a screening tool for identifying ASD in small children before symp-
toms become apparent.

The increasing cases of autism spectrum disorder (ASD) require expand-
ing ASD diagnostic capacity in terms of number of professionals trained in
this field. Evidence suggests that a significant portion of children remains not
diagnosed until they reach 4 or 5 years, partially due to long waiting period
between referral and receiving a team-based ASD behavioural evaluation,
which can frequently exceed a year (Brian, Zwaigenbaum, and Ip, 2019).

The potential of fMRI in predicting ASD in infants has already been shown
by Emerson et al., 2017 on a small fMRI dataset of 59 6-month-old infants.
The authors achieved relatively high results in predicting which infants would
later be diagnosed with ASD. Given the absence of efficient alternative non-
behavioral methods, the expense of fMRI screening may be justifiable in such

scenarios.
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For a newly developed diagnostic method in Autism Spectrum Disorder
(ASD) to be used in a clinical setting, generally, a high sensitivity is desir-
able to ensure that individuals with ASD are not missed or falsely classi-
fied as negative. As a guideline we suggest using the proposed model at a
threshold where sensitivity reaches 70%. This is in agreement with studies
and guidelines suggest aiming for higher sensitivity (Charman and Gotham,
2013). This means that the diagnostic method correctly identifies at least 70%
of individuals who truly have ASD. Further inspections can be made to re-
duce false positives.

In cases when both high sensitivity and specificity are important, our pro-
posed method could be integrated within a multi-model framework, where
the initial model prioritizes high sensitivity and the second model empha-
sizes high specificity. This arrangement can help reduce instances of un-
clear predictions, prioritizing cases that both models agree upon and flagging
cases with conflicting predictions for further examination.

While in our work we presented the balanced sensitivity and specificity
scores, if the diagnostic method is intended for early detection and interven-
tion, a higher sensitivity may be desirable to identify ASD cases as accurately
as possible, even at the cost of a slightly higher false positive rate. In this case,
a high sensitivity level should consider the availability of follow-up evalua-
tions and confirmatory assessments. A higher sensitivity may result in more
referrals for further evaluations, requiring appropriate resources to accom-

modate the increased caseload.

5.2 Simplified Graph Neural Network

5.2.1 Design Considerations

In Chapter 3, we study the problem of classifying ASD using resting-state
fMRI data. We design a population graph-based approach, where we incor-

porate resting-state fMRI features and non-imaging features for improving



98 Chapter 5. Discussion

the model’s performance. Our model includes three design considerations

as follows:

1. Due to the introduction of the graph structure, the model is capable of
integrating two types of different imaging and non-imaging features,
which have different sources, dimensionalities, categorical/numerical
representations, etc. Brain imaging features are used as nodes’ features,
while non-imaging are incorporated through the edge assigning func-

tion.

2. The model can be generalized to different types of fMRI, both resting-
state and task-based. In the case of resting-state fMRI, the brain signal
is represented as a flattened connectivity matrix (resting-state connec-
tivity), while in the case of task fMRI, the feature vector represents the

normalized signal from multiple ROIs.

3. Simplistic architecture is proposed with the intention to emphasize the
role of features rather than complex architecture on classification per-
formance. The simplistic graph architecture (without non-linearity lay-
ers) also achieves comparable performance compared to results from
more complex architectures, such as Graph Convolutional Networks or
Graph Attention Networks. The simple graph architecture was shown
to perform on par or even better than more sophisticated graph archi-
tectures on a variety of large-scale benchmark datasets (Wu et al., 2019).
This result was also supported in our analysis of resting-state fMRI data

in Section 3.6.

5.2.2 Limitations of the SGC Model

Our SGC model for classifying ASD from a population of subjects can only
consider a single graph and requires prior knowledge about which features
are most important for classification. Another limitation concerns the clas-

sification of new unseen data samples. In that case, the graph-based model
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needs to be retrained from scratch to account for changes in population sam-

ples.

5.3 Multi-modal Ensemble for Classifying ASD

5.3.1 Implications of Model Design

Most of the population-based models proposed in the literature do not con-
sider the variety of graphs that result from the choice of different features.
Our multi-modal ensemble model differs from the previous methods by two
different design considerations: graph preprocessing and graph aggregation.
First, we investigate the importance of different graph configurations. For
that purpose, spectral filtering acts as noise filtering and favors the informa-
tion flow along the cluster of similar nodes which helps distinguish healthy
controls from patients. Next, after we identified the best-performing graph
structures (and the corresponding best-performing features), we combine
each of these graphs in a multi-modal ensemble. Both preprocessing and

ensembling techniques help to improve the performance of ASD detection.

5.3.2 Limitations of the Multi-modal Ensemble Model

In our multi-modal ensemble model, we aim to use information from mul-
tiple best-performing graphs to improve performance. Each of the input
graphs passes through a spectral filtering operation, which requires the com-
putation of the graph’s eigenvector matrices. In the case of an ASD dataset
like ABIDE, each of the population graphs contains only n = 871 nodes.
However, doubling the number of nodes will increase the complexity 8 times

since the eigenvalue computations scale to O (n3).

5.4 Comparison of Resting-state and Task-fMRI Data

In this section, we compare the advantages and disadvantages of resting-

state and task-based fMRI acquisition paradigms when used with DNN.
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TABLE 5.1: Comparison of resting-state fMRI and visual task-
based fMRIL

Resting-state Task-based

fMRI fMRI
Numbe.r of fMRI samples 1 multiple
per subject
Ease of fMRI acquisition v X
Quality of the signal
- Signal-to-noise ratio lower higher
- Reconstructable signal X v/
Deep Learning
DNN, 2D-CNN,
- Variety of DNNs ?g g\ﬁ? “CNN, 3D-CNN, AE,
GAN, etc.
- Pretraining X v/

We compare the two types of datasets using the following characteristics:
e Number of fMRI samples per subject
* Ease of fMRI acquisition
¢ Signal-to-noise ratio
* Variety of DNNs that can be applied

The summary of the comparison metrics is given in Table 5.1. Next, we dis-

cuss each point in detail.

5.4.1 Number of fMRI Samples

The absence of stimuli in a resting-state paradigm usually requires a longer
acquisition time resulting in single several minutes for recording. For exam-
ple, for ABIDE dataset, resting-state fMRI acquisition duration varied from
five to eight minutes per individual (Di Martino et al., 2017). In contrast,
the task paradigm allows the acquisition of more data samples per subject.
Depending on the number of visual stimuli or a number of visual tasks pre-

sented to the subject, the task-based fMRI contains multiple stimuli-fMRI
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pairs which can be used as training samples. For example, in the Generic
Object Decoding dataset by Horikawa and Kamitani, 2017 each stimulus re-
quires only a few seconds for brain data acquisition, thus thousands of fMRI-
stimuli pairs can be acquired during a single session. For the ASD dataset by
Utzerath et al., 2018, the number of visual task presentation experiments is
equal to four, which allows for increasing the training data 4 times. In ad-
dition, the presence of the task allows more control over the data processing
such as averaging the samples across different runs or scanning sessions and
across subjects. Thus, task paradigms enable researchers to parse signals into
meaningful and non-meaningful segments and look for generalization pat-
terns in the behavior (Finn, 2021).

Increased data samples. Due to the presence of multiple tasks, the dataset
can be increased by several folds, which allows training the model with a
higher number of samples. For example in the case of visual task-fMRI data
for ASD, each person participated in 4 visual tasks. Subsequently, we were
able to increase the size of the data samples 4 times, from 44 to 176. We inves-
tigated the role of the increased data size on prediction accuracy and AUC
score in Section 4.2.5. Our observation is that a higher number of samples

resulted in an improvement in model’s performance.

5.4.2 Ease of fMRI Acquisition

In terms of the fMRI acquisition, resting-state fMRI is greatly simplified com-
pared to the task fMRI. First, the overall data acquisition time is usually
shorter, especially when samples need to be collected from a large group
of people (Albuquerque et al., 2021; O’Connor and Zeffiro, 2019). Second,
due to the absence of the specific task, the data preprocessing and analysis
is significantly simplified (Liu et al., 2022). This makes it easy to share the
data across the laboratories in the pursuit of creating a large-scale database.
Finally, rsfMRI is more practical when individuals, such as children, para-
lyzed, or cognitively impaired patients, are unable to perform an fMRI task

(O’Connor and Zeffiro, 2019).
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5.4.3 Signal-to-Noise Ratio

The brain activity patterns in the resting state can potentially take a large
number of possible configurations. The lack of a stimulus or an experi-
mental task causes great variability in activity patterns. A big variation be-
tween training and test data samples across a single individual subject makes
the task quite challenging for computational models designed for extracting
common patterns from data (Guidotti et al., 2015). In addition to the variabil-
ity within single-subject scans, the variability of fMRI signals across different
subjects can be a source of concern. The evidence shows that it has been
particularly challenging to obtain consistent fMRI activations across differ-
ent brains and populations due to the huge variability between individuals
(Zhang et al., 2016). All of these decrease the signal-to-noise ratio of resting-
state fMRI, making it challenging to compare the data from different individ-

uals.

5.4.4 Deep Learning

Variety of DNNs. More researchers nowadays emphasize the increasing role
of deep learning models in learning neural activity responses caused by vi-
sual task stimuli (Zhang et al., 2021b). Task-induced brain imaging data im-
proves the prediction of individual markers better than rest-based. DNN,
2D-CNN, 3D-CNN, and DNNs models for processing sequential data are
used for the analysis of the rest-state fMRI. However, the presence of the
image stimuli in the visual task fMRI allows using a greater variety of DNNs
models.

Both the graph-based analysis approach and visual signal extraction from
this study can be utilized to make predictions about ASD in the presence of
a naturalistic visual fMRI dataset for ASD. For example, we can use the pro-
posed encoder from Section 4.3.3 for extracting the brain representations cor-
responding to different stimuli and use this representation as characterizing

features of subjects-nodes in the graph neural network architecture.
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Pretaining. Visual task-fMRI can use the abundance of the pretrained
visual models for such large-scale datasets as Imagenet or MNIST for ex-
tracting high-quality features and mapping them into the domain of fMRI
signal. Existing trained DNN models and pretraining techniques may foster
ASD detection methods in task-based paradigms, which is not possible in the

resting-state paradigm.

5.4.5 Limitations of fMRI Data

Due to the absence of the task, the variability of resting-state fMRI data from
subject to subject is high. Both limited dataset size and the low-signal-to-
noise ratio of resting-state fMRI result in high experimental standard devia-
tion. A limiting factor for using task fMRI in the clinical application is task
difficulty: not all of the participants, including patients, will be able to per-
form a given task. Hence, participants are limited to those whose cognition
is least affected by the disease (Greicius et al., 2003).

Although resting-state fMRI is relatively straightforward to use, their prac-
tical interpretation is often questioned due to the lack of functional context in
a task-free resting paradigm. On the other hand, the presence of diverse, nat-
uralistic stimuli provides rich spatial and temporal contexts for a wide range
of neural processes (Zhang et al., 2021b). In Chapter 4, we show that these
naturalistic stimuli induce highly reproducible brain responses, and many
computational models, such as neural networks, are increasingly available
nowadays to map stimuli in the image domain to brain activity. Therefore,
in this work, we advocate naturalistic stimuli, such as visual stimuli, as a
paradigm complementary to traditional resting-state paradigms.

New computational techniques are unlocked via computer vision research,
and an increasing amount of research suggests that computer vision methods
have a strong impact on autism research (Belen et al., 2020). Prior to apply-
ing task-based visual fMRI data for ASD prediction, we draw inspiration

from the research on brain visual decoding. In particular, we investigate the
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recent computation methods used to extract the information from the task-
based dataset. To assess the quality of visual fMRI, we studied visual stimuli
reconstruction and compared how well signals can be recovered from task-
based visual fMRI. Our findings suggest the significance of natural stimuli
for DNN-based frameworks. However, it would be ideal if we had both rest-
ing and task-based fMRI from the same dataset, to compare both, but up to

our knowledge, no such datasets currently exist for ASD studies.

5.5 Conclusion

In this chapter, we discussed the design considerations and limitations of
our proposed graph-based models. Also, we integrated our findings from
the study of visual fMRI data and demonstrated the usefulness of combined
task-fMRI features and visual stimuli-related features as input. Based on our
observations and the additional experiments, we provided a comparative re-
view of resting-state fMRI and task-based fMRI. We can conclude that our
proposed model has the potential to be used for both resting-state and task-
fMRI. The task-based data remains underrepresented in the research of neu-
rodevelopmental pathologies such as ASD and further exploration of task-

fMRI using deep learning is left for future work.
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Chapter 6

Conclusion

Autism spectrum disorder is a neurodevelopmental disorder characterized
by difficulties in social communication, including speech and nonverbal in-
teraction, and repetitive behavior patterns. The screening of ASD is difficult
due to uncertainties in symptoms and subsequently biases of human experts’
examination. Along with resting-state fMRI, task fMRI is used to identify the
population containing ASD patients. The objective of this thesis is the pro-
posal of a general framework for ASD classification that can be applied to
both resting-state and task fMRI data. Specifically, given the differences be-
tween each type of imaging data, we aim to have a model that incorporates
the unique features of each dataset, which are expected to be helpful in im-
proving classification performance. For concreteness, we summarize the key
tindings with respect to the research goals. In addition to that, we state the
value and contributions as well as the limitations of our study. Finally, we

will propose opportunities for future research.

6.1 Key Contributions

In this thesis, we aim to investigate the problem of ASD detection using fMRI
data. The thesis begins in Chapter 1 with the introduction of the ASD detec-
tion problem, fMRI datasets used for the study of ASD, and the existing deep
learning frameworks. In Chapter 2, a literature review was provided. Specif-
ically, a large body of recent work and the advantages and disadvantages

of resting-state and task fMRI data were explained and summarized. Since
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we are interested in classifying ASD patients in a population containing both
patients and healthy controls, we rely on a graph-based approach for mod-
eling the community (Chapter 3). We are interested in identifying the role of
graphs in aggregating imaging and non-imaging features. We also general-
ize the opposed graph neural network framework for the task fMRI data in
Chapter 4. For the first time, we apply a population graph-based framework
in the task paradigm paving a new way to solve the ASD detection problem.
While the resting paradigm still dominates in many sub-fields of neuro-
science, data from tasks have empirically shown benefits. These empirical
benefits include enhanced interpretability and sensitivity to brain-behavior
relationships. Based on natural image reconstruction and classification tasks,
our findings suggest that task-based fMRI preserves high-quality, interpretable

information that can be extracted by neural networks.

6.2 Limitations
The limitations of the current study can be summarized as follows:

* Nowadays, using fMRI as screening tool for ASD is quite costly, and
thus traditional behavioral and developmental observation tests may
be preferable in most cases. However, despite high cost, the fMRI-based
screening can be advantageous in cases when patients do not express
any symptoms, for example small children as in the study by Emerson

etal., 2017.

Despite its limitations, fMRI shows promise for ASD screening. As
technology advances and becomes more affordable, it is possible that
fMRI will become more widely utilized in ASD screening. Unlike be-

havioral observations, fMRI provides a more objective measure of ASD.

With the continuous development of technology and the availability
of more data, there is an anticipation for the use of Deep Neural Net-

works (DNNs) in ASD prediction. Using large-scale data, DNNs have
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the potential to effectively learn and generalize patterns related to ASD,

further enhancing the utility of fMRI in this domain.

¢ It’s important to note that there is ongoing debate and research around
the classification and diagnosis of ASD, and some experts argue that it
should not be treated as a binary condition. The multi-label classifica-
tion of ASD, where the labels represent the severity of the diagnosis, is
one of the potential improvements of this research. However, such a
type of multi-class prediction is restricted to the availability of the data
and will require considerably more data samples for analysis. Such a
type of multi-class prediction would require considerably more data for
analysis containing a sufficient amount of samples representing each

group of the severity of the diagnosis.

¢ The lack of an established task paradigm for the study of ASD, and as
a result, the lack of a large-scale dataset prevents us from providing an
empirical comparison of these two fMRI types. Whereas it is a common
practice to establish collaborative datasets from different laboratories
for the study of ASD, such large-scale open data still does not exist for

task-based paradigms.

¢ In addition, there is a great variety in visual stimuli presentation for
identifying ASD, ranging from the presentation of simple stimuli with
varying luminance (i.e., gratings) and shapes, to more complex per-
ceptual tasks, such as stimuli repetitions. The lack of consensus on
the established visual paradigm makes it challenging for establishing

a large-scale visual fMRI dataset.

6.3 Future research

Despite a common assumption that resting-state data is traditionally used in
clinical diagnosis, while task-based fMRI is used to study a specific function,

this study highlights the role of task-based fMRI in detecting brain disorders.



108 Chapter 6. Conclusion

With more evidence suggesting the involvement of sensory perception, such
as vision or touch, in the existence of brain pathology, more work can be done
toward designing task-based paradigms for studying the disease.

Therefore, as a future direction, we suggest applying visual task-based
fMRI in ASD detection. Future studies can build on this study by using a
task-based paradigm specifically designed for ASD diagnosis. In addition,
the experiments with the combined use of resting-state and task-based fMRI
are of great interest.

Our multi-modal image classification framework, which we presented in
Chapter 4 can be used as a foundational framework for the study of visual
information processing using visual task-fMRI for studying ASD.

Nowadays, DNNs offer techniques for processing natural real-world in-
formation. If we want to make good use of deep learning methods in the
analysis of brain imaging data, we need to design experimental paradigms
which use complex naturalistic stimuli, that is real-world input, such as im-
ages, video, and language. Since recent findings suggest a link between ASD
and abnormal visual processing, more research needs to be done to design
valid task-based fMRI protocols for studying ASD and assess the differences

between two existing fMRI acquisition paradigms.
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Appendix A

Additional Information on

Male/Female Imbalance

The effect of male/female imbalance on classification accuracy.
To test the effect of male/female imbalance, we performed the experiment

where we changed the male/female ratios in a dataset as follows:

a fully imbalanced subset consisting of only males subjects

a fully imbalanced subset consisting of only females subjects

male/female balanced subset (144 males/144 females)

the original dataset (727 males/144 females).

Note that both fully imbalanced datasets and male/female balanced sub-
sets are imbalanced with respect to the output class labels (healthy or patient
with Autism spectrum disorder). Therefore, we use evaluation metrics suit-
able for imbalanced datasets, i.e., AUC, Sensitivity, and Specificity (please
see Table 1 below). For a fully imbalanced subset consisting of only female
subjects and a male/female balanced subset, there is a significant increase in
sensitivity score (the ability to identify subjects with Autism spectrum disor-
der correctly). However, it comes at the expense of reduced specificity (more
false positives). The inferior performance might also be a result of the signif-
icantly smaller dataset used for training/testing. We did not find significant
differences in performance between models trained only on male data and

the original dataset. The classification using the original dataset showed the
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best balance between Sensitivity and Specificity scores and the highest AUC

score.
TABLE A.1: The classification results using different subsets of
data evaluated using AUC, Sensitivity, and Specificity scores.
Subset Number of samples AUC Sensitivity Specificity
Males 727 074 0.74+0.12  0.72+0.11
Female 144 0.68 0.73+0.08  0.47+0.29
Male/female 288 0.69  0.84+0.15  0.53+0.25

Original dataset 871 0.75  0.75+£0.07  0.69+0.00
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The effect using different brain regions on classification performance. To

see the contributions of using combined information from V1 and LOC, we

present the results when using the data from V1 and LOC separately in Tables

B.1 and B.2.

Tables B.1 and B.2 show the results on 5-fold stratified cross validation

of the proposed method, ablation study and the baselines methods. Using

information from only a single brain region, the performance of all methods

including the baselines GCN, MLP, Random forest, and SVM is close to ran-

dom. Abbreviations: ‘'w/” denotes ‘'with’, 'w /o0’ denotes "with out’, and "FC’

denotes “fully connected’.

TABLE B.1: Classification results (mean and standard error) us-
ing only V1 brain region.

AUC Accuracy  Sensitivity Specificity
Graph w/ fMRI (ours) 058 £0.15 0.59 £0.15 0.68 +0.22 0.68 + 0.24
Graph w/o fMRI 044 £011 047 £0.10 0.53+0.36 0.69 +0.29
Graph randomw/ fMRI 053 +£0.10 0.524+0.10 0.67 +0.24 0.62 +0.28
Graph FC w/ fMRI 053 £0.11 0.53 +£0.10 0.70 +0.37 0.61 +0.28
GCN 0.514+0.02 0.50+0.02 0.60 £+ 0.33 0.68 +0.23
MLP 0.524+0.05 0.50+0.02 0.61+£0.32 0.73 +£0.25
Random forest 0.584+0.13 0.57+0.14 049 £0.37 0.67 +0.30
SVM 047 £0.04 045+0.03 0.65+0.22 0.65 £ 0.25
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TABLE B.2: Classification results (mean and standard error) us-
ing only LOC brain region.

AUC Accuracy  Sensitivity Specificity
Graph w/ fMRI (ours) 0.57 £0.12 057 +0.13 0.61 £0.27 0.60 +0.28
Graph w/o fMRI 044 £0.11 047 +0.10 0.53=+0.36 0.69 +0.29
Graph random w/ fMRI 057 £0.14 0.57+0.13 0.49 £0.29 0.75£0.26
Graph FC w/ fMRI 0.57+0.08 0.55+0.08 0.51+0.37 0.70 +0.32
GCN 0.52+0.12 0.51+£0.04 0.51£0.40 0.66 £ 0.36
MLP 0.56+0.06 0.56 £0.06 0.66 £ 0.27 0.51 £0.26
Random forest 0.57+0.09 0.55+0.08 0.47 £0.39 0.69 +0.31

SVM 054 +0.12 051+0.10 0.51+0.29 0.74 £0.22
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