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ABSTRACT

SPATIOTEMPORAL GRAPH CONVOLUTIONAL NEURAL
NETWORKS FOR MOTOR IMAGERY EEG
CLASSIFICATION

Electroencephalography (EEG) has various applications in medicine, neuro-
science, and neural engineering. It records the electrical activity of the brain tissues
caused by the interaction among different neuronal communities. Numerous algorithms
for the automatic classification of EEG signals have been developed. These algorithms
work via extracting unique and non-redundant features from EEG signals. However,
the majority of the proposed algorithms employ temporal components of EEG sig-
nals while disregarding the rich spatial network structure that underlies in the EEG.
In this study, we propose a classification pipeline that uses the network structure of
EEG data for a simultaneous representation of spatial and temporal features in the
EEG signals. First, graph theory is utilized to model the EEG networks in two spatial
domains; i) the sensor space and ii) the cortical source space. Second, a spatiotem-
poral graph convolutional neural network (STGCNN) classification model is employed
combining both temporal and spatial features of EEG data for its classification under
motor imagery conditions. Additionally, the model is tested using the cortical source
space data in each of the seven resting state brain networks individually to estimate
their performance on classification accuracy. The results show that STGCNN model
performs slightly better than the temporal convolutional neural network (CNN) models

by 1.25%.

Keywords: EEG, Spatiotemporal Graph Convolutional Neural Networks, Brain Net-

works.
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OZET

MOTOR IMGELEME EEG SINIFLANDIRMASINDA
UZAY-ZAMAN CIZGE EVRISIMLI SINIR AGLARI

Elektroensefalografi (EEG) tipta, norobilimde ve néral miihendislikte gesitli
uygulamalara sahiptir. Farkli noron topluluklar1 arasindaki etkilesimin neden oldugu
beyin dokularinin elektriksel aktivitesini kaydeder. EEG sinyallerinin otomatik olarak
siniflandirilmasi i¢in ¢ok sayida algoritma geligtirilmigtir. Bu algoritmalar, EEG sinyal-
lerinden 6zgiin ve yinelenmeyen ozellikler ¢ikararak calisir. Bununla birlikte, 6nerilen
algoritmalarin ¢ogu, EEG sinyallerinin zamansal bilesenlerini kullanirken onu tireten
zengin uzamsal ag yapisini goz ardi etmektedir. Bu ¢alismada, EEG sinyallerinde
uzamsal ve zamansal 6zelliklerin egzamanli kullanimi i¢in EEG verilerinin ag yapisini
kullanan bir simflandirma ardisik diizeni énermekteyiz. Ilk olarak, EEG aglarmi iki
ayr1 uzaysal alanda; 1) sensor uzay1 ve ii) kaynak uzayinda modellemek igin ¢izge ku-
rami kullanildi. Ikinci olarak, simflandirma isleminde EEG verilerinin hem zamansal
hem de uzamsal Ozelliklerini birlegtirmek i¢in bir uzay-zaman ¢izge evrigimli sinir agi
(STGCNN) smflandirma modeli uygulandi. Ek olarak model, her bir dinlenme du-
rumu beyin aginda olusan kortikal kaynak verisi kullanilarak siniflandirma dogruluk
performansi incelendi. Caligmanin sonuglari, STGCNN modelinin zamansal evrigimli
sinir ag1 (CNN) modellerine gore, % 1.25 oraninda, az da olsa daha iyi performans

sergiledigini gostermektedir.

Anahtar Sozciikler: EEG, Uzay-Zaman (izge Evrigimli Sinir Ag1, Beyin Aglar
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1. INTRODUCTION

Electroencephalography (EEG) has many applications in medicine, neuroscience,
and neural engineering. In medicine, EEG is the go-to choice in diagnosis of epilepsy
and assessing mental states in patients with deep coma. In neuroscience, EEG is widely
used in sleep research. It is also a fundamental tool in studying cognitive functions
such as memory, vision, and decision making. In neural engineering, EEG is the main
non-invasive method used for developing brain computer interface devices (BCI). It is
widely adopted in emotion recognition BCI applications and in motor imagery BCI

applications for robotic limbs to aid in patient rehabilitation.

There are many algorithms developed for the purpose of automatic EEG classi-
fication. These algorithm work by extracting distinctive non-redundant features from
EEG time series then feeds those features into a machine learning classification algo-
rithm. The majority of these algorithms utilize the temporal components of EEG time
series for feature extraction. However, EEG signals have a highly structured spatial
components that are often neglected by many of these algorithms which may play a
crucial role in modulating EEG dynamics. The brain is a highly interconnected struc-
ture that has connections various levels as single neurons, populations of neurons, and
brain regions. These interactions which are called brain networks are thought to be
the origin of EEG signals recorded on the scalp. Therefore, a classification model that
can leverage this network structure in the learning process might produce better re-
sults. The main goal of this project is to address the role of brain networks in EEG
classification. This goal can be divided into sub-goals to address three fundamental

questions:
1. will a model employing a learning algorithm that can learn the network structure
of spatiotemporal EEG data produce higher classification accuracy?

2. what kind of brain networks can be suitable for EEG classification? and how can

we reconstruct these networks?



3. can we use brain networks as tools for dimensionality reduction in EEG classifi-

cation?

In this study, these questions were investigated within the context of motor imagery

(MI) EEG classification task. The questions have been addressed in two steps:

1. Modeling brain networks using EEG data: A graph theory model is adopted that

is flexible and powerful to represent the desired networks.

2. Designing a neural network classification model that can learn on graphs: Specif-
ically, a spatiotemporal graph convolutional neural network model (STGCNN) is

employed for this purpose.

The thesis structure goes as follows; This chapter introduces the problem and
the fundamental goals. Chapter 2 presents the relevant background information and
the literature review of the EEG data classification. Chapter 3 discusses the detailed
methods used in three sections. The first section provides a brief summary of graph
theory and its relevance to the problem. The second one illustrates how to represent
EEG data as graphs. The third section discusses graph neural network (GNN) as a
learning algorithm. Chapter 4 describes the the dataset and the experimental protocol.

Results, discussion, and conclusion are given in Chapters 5, 6, and 7, respectively.



2. BACKGROUND

2.1 Brain Computer Interface (BCI)

A brain-computer interface (BCI) or brain-machine interface (BMI) is a computer-
based system that acquires brain signals, interprets them, and translates them into
commands executed by an output device, which is typically another computer or a
robotic equipment. Theoretically, any sort of brain signal, such as electrophysiological
or metabolic activity, can be utilized as an input to the system, but in practice, electri-
cal signals are the most common input. A functional BCI system has three components
(Figure 2.1): a signal acquisition device, a signal decoding and translation software,

and an output device, such as a robotic limb [1],[11].

We can categorize BCI systems into three distinct categories according to the

signal acquisition step [11]:

1. Invasive BCI

This type of BCI system requires surgically implanting an electrode array inside
the brain, typically into the grey matter. This type of application has the advan-
tage of recording the most accurate and least noisy brain signal, which simplifies
subsequent processing and translation steps, but it is an invasive method which
can possibly cause the tissue to develop a scar or an and immune response against

the implanted electrode array [12].

2. Partially Invasive BCI

In this kind of BCI system, an electrode array is implanted inside the skull on the
surface of the brain. The signals recorded via such systems are more noisy than
those recorded from invasive BCI systems, but less noisy than those recorded via

non-invasive BCI systems.

3. Non Invasive BCI
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Figure 2.1 An illustration of the components of BCI system [1].

In this type of a BCI system, signals are recorded without surgical implanta-
tion of electrodes. Other neuroimaging modalities, such as fMRI and MEG, can
also be used to acquire non-invasive brain signals. However, EEG is the most
common method. Signals recorded are subject to measurement noise and have
less spatial resolution than signals received invasively, but they are nonetheless,
highly effective for a variety of BCI applications. This type of system can also
leverage inputs other than brain signals, such as eye movement as a controller

for an external device [13].

The main goal of BCI systems is to help handicapped people and patients with
special needs to restore their normal lives. Examples of applications of BCI systems

include:

1. P300

A P300 is an electrophysiological response elicited by an internal cognitive or
an external physical event that is time locked to the stimulus. It usually peaks

around 300 ms after the stimulus, whence the name P300 comes. In a popular



P300 paradigm, the P300 speller, the subject looks at a screen where some char-
acters are flashing, and the subject chooses a character by just attending to it

[14],[15].

2. Emotion Recognition

The objective of the emotion recognition BCI system is to identify and classify
the emotional state of the subject. This could assist autistic patients in commu-
nicating effectively with others. It is also very important in our modern world
where Al-operated machines need to understand the emotional state of humans

to be more functional in daily life [16]

3. Motor Imagery (MI) BCI

In this type of BCI application, brain signals are collected during the time the
individual imagines executing motor activity with his limbs, such as moving one
or both hands. It is commonly used for accelerating rehabilitation for stroke

patients and controlling robotic limbs for amputees [17].

2.2 EEG

EEG refers to recording the brain’s electrical activity using electrodes placed on
the scalp. Typically, EEG is a non-invasive method. However, Electrocorticography
(ECoG) or intracranial Electroencephalography (iEEG) is an invasive method that

involves surgically placing electrodes on the outer surface of the brain [2]

EEG is measured in volts (typically, micro-volts uV'). The signal measured
in micro-volts at one EEG electrode is relative, such that it is indeed the change
or fluctuation in electrical potential between this electrode and a reference electrode
placed somewhere else on the scalp. In practice, it is common to use the average of all

electrodes as a common reference for each electrode [18].

The first recording of human EEG was done in 1925 by Hans Berger, a German
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Figure 2.2 The first recorded human EEG signal by Hans Berger [2].

neuropsychiatrist. However, attempts to study the brain’s electrical activity started
way earlier than Berger’s work. In 1875, Richard Caton found that there were very weak
currents that could be detected by the galvanometer when placing the electrodes on
two different points on the external surface of the skull of a rabbit, or one on the outer
surface and one on the grey matter. In 1912, Pravdich-Neminsky recorded the EEG
from the brain, dura, and the outer skull of a dog, and called it electrocerebrogram. In
1924, Hans Berger started his work on recording EEG from human patients with large
skull bone defects, but later in 1925, he recorded EEG signals from healthy subjects and
was able to obtain good EEG records with alpha waves (Figure 2.2). In 1934, Berger’s
observations were confirmed by two separate groups of researchers. The first was
Edgar Douglas Adrian, who recorded his own alpha rhythm. The second one was A. J.
Derbyshire, who was a graduate student of Hallowell Davis at Harvard. He was also able
to record a good alpha rhythm from Davis. EEG research kept growing and flourishing
from that point forward. In 1934, Fisher and Lowenbach were the first to identify
the epileptiform spikes in EEG. In 1935, Gibbs, Davis, and Lennox identified interictal
spike waves as well as the three cycles per second pattern that is characteristic of clinical
absence seizures. These observations marked the beginning of the discipline of clinical
electroencephalography. In 1953, Aserinsky and Kleitman studied rapid eye movement
sleep (REM) with EEG. Furthermore, Berger with assistance from the physicist Dietsch
was also the first to introduce computational techniques for the analysis of EEG waves.

In 1932, they applied Fourier analysis to short segments of EEG [2],[19].

2.3 Why EEG is suitable for motor imagery BCI?

EEG is highly effective in the majority of motor imagery BCI applications due

to its high temporal resolution, precision, and accuracy. Temporal resolution refers



to the number of samples collected per time unit. In EEG, it is determined by the
sampling rate of the acquisition instrument. EEG typically has a very high temporal
resolution with a sampling rate of a few hundred to a few thousand samples per second.
This is very advantageous for nearly every task studied by EEG. High temporal reso-
lution enables EEG to capture the underlying cognitive or neural dynamics in the time
interval it already occurs. In general, cognitive and neural processes are fast. They
happen within a very few milliseconds. Moreover, they span a few milliseconds to a
few seconds. Thus, the high temporal resolution of EEG can capture this enormously
fast and dynamic activity in the brain. Temporal accuracy refers to the relationship
between the timing of EEG signals and the timing of the activity at the level of the
cortical neurons. The electrical activity in the brain travels instantly from the popula-
tions of neurons that generate the electrical field to the electrodes placed on the scalp;

there is no barrier that causes the signals to lag or delay.

We can differentiate three spatial scales on which brain networks are organized.
The first is the microscopic scale. It refers to spatial areas that are less than a few
cubic millimeters and represent neural columns, neurons, and synapses. EEG is totally
blind to the dynamics that occur at that level. The second level is the mesoscopic
level, which refers to spatial areas that range from several cubic millimeters to a few
cubic centimeters. Dynamics at this scale can be captured with EEG, but it needs
a higher number of electrodes (>64) and further analysis steps such as source space
modeling and surface Laplacian filtering. The third scale is the macroscopic scale.
It refers to broad areas in the cortex. Dynamics occurring at this level are easily
captured by EEG. The spatial resolution of EEG can be improved by using high-
density recordings, whereas improving spatial precision requires accurate individual

head models and further spatial analysis in addition.

2.4 EEG Classification Problem

Due to its vast range of applications, the EEG classification problem has been

intensively studied over the years. It has significant medical applications, such as the



prediction of epileptic seizures, as well as applications in brain-computer interfaces,
such as motor imagery and emotion recognition. Numerous algorithms were developed
for this purpose. Three unique steps comprise the pipeline of these algorithms: feature

extraction, feature selection, and classification [17].

Feature extraction is using signal processing to extract discriminative and non-
redundant information from EEG data to produce a feature set on which classification
can be performed [17]. EEG data can be analyzed in the time domain, frequency
domain, time-frequency domain, or spatial domain to extract features. Auto-regressive
(AR) modeling has been utilized extensively to extract time-domain features [20],[21]
where model coefficients are employed as features. In the frequency domain, fast Fourier
transform (FFT) [22] and Welch’s method [23] are used to obtain the power spectrum.
Welch’s method has a significantly lower noise component in the spectrum, but it has
a lower frequency resolution. Time-frequency analysis relates the signal’s spectrum
information to the temporal domain, giving it an advantage over stand-alone time-
domain and frequency-domain techniques. The short-time Fourier transform (STFT)
[24], wavelet transform (WT) [25], and the discrete wavelet transform (DWT) [26] are
utilized for MI EEG feature extraction. Finally, common spatial pattern (CSP) is a
widely used feature extraction technique in the spatial domain for MI EEG classification

[27],[28], and [29].

Feature selection is the process of selecting a subset of features that achieves the
maximum classification accuracy. Dimensionality reduction techniques such as princi-
ple components analysis (PCA) [30],[31] and independent components analysis (ICA)
[32],[25] are methods for feature selection. Others include evolutionary algorithms,
which select features based on the optimization of classification accuracy. Numerous
algorithms, such as particle swarm optimization (PSO) [33], artificial bee colony op-
timization (ABC) [34], and genetic algorithms (GE) [33] have been created for this

purpose, as well.

Many classification algorithms have been used for MI EEG classification. In the

literature, support vector machines (SVMs) and linear discriminant analysis (LDA)



are the most commonly used classification methods [35],[33],[36], and [37]. The per-
formance of SVMs was found to be superior to that of other methods, including LDA,
K-nearest neighbor (KNNs), naive Bayes, and regression trees [20],[28]. The overall
performance of a classification pipeline is dependent not only on the classification al-
gorithm, but also on the entire pipeline including feature extraction, selection, and
classification. For instance, the KNN classifier can produce better results with a highly

correlated feature set [38].

The adoption of deep learning (DL) architectures in EEG classification has many
advantages over traditional methods. DL can perform the whole pipeline of feature ex-
traction, selection, and classification in one single processing step. Additionally, it can
handle raw EEG data without any preprocessing steps. Convolutional neural networks
(CNNs) are the most prevalent DL architecture employed in MI EEG classification
[39],[40],[41], and [42]. In [42], raw EEG time series were used as model input, whereas
in [43] and [40], EEG images were utilised. Obtaining the images requires further pre-
processing techniques, such as STFT or WT [40],[44]. Additional DL architectures,
including recurrent neural networks (RNN), stacked auto-encoders (SAE), and deep
belief networks (DBF), have been employed [43],[45]. Finally, graph neural networks
(GNNs), a relatively new DL architecture, have been applied to a variety of EEG
classification applications [46],[47], and [48].
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3. METHODS

3.1 Graph Theory

The credit goes back to Euler for introducing graph theory to the mathematics
community back in 1736. He was attempting to solve a problem involving the river
Pregel in the city of Konigsberg, which is now Kaliningrad, in East Prussia. There
were seven bridges spanning the two branches of the river that connected four different
parts of the city, including a small river island. The problem was to find a route to
traverse each bridge precisely once and return to the starting point. It was agreed
that there was no such route, but the problem was that there was no proof for such
a claim. Euler provided not only a precise and concise demonstration that the route
did not exist but also a general solution that can be applied to any arbitrary bridge
and landmass problem (Figure 3.1). He showed that the exact geographical locations
and physical distances did not matter for sketching a proof, what mattered was the
relative locations of the bridges and the parts of the city they connected. He published
his solution to the problem in the Proceedings of the Petersburg Academy in 1736. He
is credited with what he referred to as the “geometry of position”, which we now know

as “graph theory” [3].

3.1.1 What are graphs?

A graph is a mathematical representation of a real-world network, or more
generally, of some system composed of interconnected elements [3]. A graph consists
of a set of nodes or vertices and a set of edges. Nodes represent the fundamental
components of the system, such as atoms in molecules, individuals in a social network,
or neurons in a neural network. The edges represent the connections between those
elements. It could be the type of chemical bond in the case of a molecule, the type of

relationship in a social network, such as between friends or coworkers, or the type of
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Figure 3.1 The Seven Bridges Problem and Euler’s Solution [3].

synapse between neurons in a neural network [5],[49].

A graph G is described as a set of nodes or vertices N connected by a set of edges
E and represented by an n x n square adjacency matrix A (Figure 3.2), the entries of
which indicate whether an edge exists between two nodes such that A;; = 0 if there is
no edge between node ¢ and node j, and A;; > 0 if there is an edge between node ¢
and node j. The graph can be a binary graph, meaning the adjacency matrix entries
can consist of only ones and zeros A;; € {1,0}. Another option is to weight the graph
so that the adjacency matrix entries have arbitrary positive weights between zero and
one A;; € [0,1]. Additionally, a graph is said to be undirected when the adjacency
matrix is symmetric such that A;; = Aj;. It is a directed graph when the adjacency
matrix is asymmetric such that A;; # A;; [4]. Nodes can be connected together with
a single edge or indirectly by a series of intermediate nodes and edges. Furthermore,
if two nodes are connected by a unique series of nodes and edges, it is referred to as a
path; if they are connected by a non-unique series of nodes and edges, it is referred to

as a walk [3].

Another important matrix that describes a graph is the degree matrix D (Figure
3.2) which is also an n x n square matrix. The degree matrix contains the node degrees

on its diagonal and zeros elsewhere. In undirected graphs, the node degree is the
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Adjacency Matrix Degree Matrix Laplacian Matrix

Figure 3.2 The Adjacency matrix, Degree Matrix, and the Laplacian Matrix.

number of all edges connected to this node as shown in Eq. 3.1. In directed graphs,
we can describe a node by two kinds of degrees, the in-degree D;,,, and the out-degree
D, The in-degree of a node is the total number of incoming edges to that node (Eq.
3.2), while the out-degree is the total number of outgoing edges from that node (Eq.
3.3). Weighted graphs do not differ from unweighted graphs. The degree of a node in
a weighted graph is defined as the sum of the edge weights attached to this node. The
same logic applies to weighted and directed graphs as it does to binary graphs, but the
sum of the edge weights attached to the node, whether incoming or outgoing, is used

to compute the in-degree or the out-degree, respectively.

1
@:52;% (3.1)
N
i=1
N
DMt =Y Ay (3.3)
j=1

Finally, another important graph representation matrix is the Laplacian matrix, which

can be defined in Eq. 3.4 as follows:

L=D-A (3.4)
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Figure 3.3 A Caffeine molecule structure and its graph representation [4].

The Laplacian matrix (Figure 3.2) is symmetric and positive semi-definite, which means
it has non-zero real eigenvalues and can be decomposed as in Eq.3.5. This is a very im-
portant characteristic for defining the notion of graph frequency and graph convolution

as the eigenvalues of the Laplacian act as graph frequencies.

L=UAU" (3.5)

3.1.2 Applications of graph theory

In fact, graphs are around us everywhere and can be seen almost in every science
or engineering application. Graphs are flexible, generic, and powerful structures that

can be used to model any system with interconnected components [4].

In chemistry, graphs are used to model molecules (Figure 3.3). Molecules are
the building blocks of matter. They consist of atoms that are connected together with
various types of chemical bonds. The atoms of a molecule are considered the nodes
in a graph, while the bonds are considered the edges of the graph. This graph repre-
sentation of molecules is very intuitive and widespread, particularly in computational
applications in chemistry, such as using machine learning to examine the interactions

between different molecules, for example, in the context of drug discovery [49].

In social science, social networks are a tool of social science to study patterns in

the behavior of individuals, organizations, etc [4]. We can easily consider individuals
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as the nodes in a graph, and the edges represent the kind of relationship or interaction
between them. For instance, the Facebook social network is typically modeled as
a graph, with platform members serving as the graph’s nodes. Additionally, if two
individuals are Facebook friends, there is an undirected edge between them, whereas if
one person follows another, there is a directed edge between them. This suggests that
social network graphs are not required to be symmetric, otherwise stated they can be

asymmetric.

Graph theory has numerous applications in the biological and biomedical sci-
ences as well. In molecular biology, for example, graphs are used to represent gene-to-
gene interaction networks, whereas, in computational neuroscience, graphs are utilized

to model the connectivity patterns among brain areas [3].

In the previous examples, graphs act as models for natural phenomena that
happen to be natural networks, but graphs can be extended further to model systems
that do not occur to be natural networks or whose network structure is not clear from
the first inspection. For instance, graphs can be used to model images [4] (Figure
3.4), with each pixel acting as a node with edges connecting it to all of its neighbors.
Another way is to consider each scene in an image as a node, and the edges represent the
relations between different scenes in the image. Even though the typical grid structure
of images is a much better way of representing images, it is a good illustration of how

grids are actually graphs with some unique properties.
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3.2 Modeling EEG as Graphs

3.2.1 Why to model EEG as a graph?

To answer this question most effectively, we should consider it from two distinct

perspectives: the biological perspective and the engineering perspective.

From a biological standpoint, biologically, the brain is a highly interconnected
system that can be defined as a network of networks. The brain organizes networks at
several levels (Figure 3.5) [3]. We can discern three distinct tiers. At the molecular and
cellular level, examples of networks include protein interactions and gene-regulatory
networks, as well as synaptic connections between populations of neurons that shape
the neural circuitry within the brain. The networks at the systems level of the brain,
such as the visual network and the somatomotor network, are characterized by anatom-
ical projections between discrete brain regions and functional patterns of interaction
between these areas. Finally, on a broader level, the interaction between brain systems
and the environment shapes the behavior among social groups, which defines social

networks.

Similar to other neuroimaging or electrophysiological techniques, EEG records
the activations and interactions among distinct brain parts in parallel (at a specific
scale), resulting in data sets that are rich in hidden dynamics and interactions between
different brain systems [3]. Consequently, a model capable of capturing these latent
dynamics will produce more accurate predictions than models unable to capture the
network structure and dynamics. Graphs are ideal for capturing these latent interac-

tions and dynamics in neural data because they represent a realistic network model.

From an engineering and computational viewpoint, graphs provide a rigor-
ous method for describing the structure of EEG data. Typically, EEG classification
pipelines necessitate two steps: feature extraction from raw data and feeding those

features into a classification algorithm to predict the output. Typically, these features
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Figure 3.5 Networks at different spatial and temporal scales as recorded by different neuroimaging
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fall into two major categories: temporal features and spatial features. Spatial features
capture the spatial dependence between EEG electrodes, yet the majority of spatial
feature extraction methods are extremely sensitive to the ordering of EEG electrodes.
Given that the order of EEG electrodes is completely arbitrary, this poses a challenge
and may result in significant variation in learned representations. This issue is resolved
in a very unique and subtle manner via graphs. Graphs are naturally characterized by
the adjacency matrix as non-ordered structures. Changing the order of the electrodes
may alter the order of the adjacency matrix, but it will not affect the structure of the
graph (Figure 3.6). Moreover, any learning method that uses the graph structure for
feature extraction will be unaffected by any change in the order of electrodes, so learn-
ing an invariant representation of features. Theoretically, this unique criterion puts
graph-based learning algorithms ahead of other methods for spatial feature extraction

for EEG classification.
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Figure 3.6 Changing the order of the adjacency matrix does not change the structure of the graph.

3.2.2 What are brain networks?

We have established that graphs are perfect models for representing EEG data
in classification tasks due to their flexibility and power in capturing the dynamics of
brain networks. But what exactly are brain networks, and how do we have to construct

them from EEG data?

In order to define a network inside the brain, we need to make two choices,
defining the nodes and defining the way those nodes connect via edges. Networks, in
essence, describe the connectivity pattern among elements of a complex system. In our
case, this system is the brain. From the choices above, we can distinguish three types

of connectivity that can be inferred from neural data (Figure 3.7):

1. Structural Connectivity

In this kind of connectivity, networks are defined by the physical or anatomical
connections between neural elements [3]. The scale of these networks depends

on the method used in acquiring the data. Neural circuits connecting discrete
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neurons can be detected using histological scans of neural tissue, while neural
pathways connecting areas of the brain are detected via brain structural imag-
ing techniques like MRI. These networks are thought of as relatively static at
shorter time periods, whereas they can be dynamic at longer time scales [5]. Fi-
nally, structural networks can be directed or undirected and binary or weighted

depending on the method of data acquisition.

2. Functional Connectivity

Functional connectivity refers to the statistical dependency between distinct neu-
ral units. Apart from structural networks, it depends entirely on neural time
series data recordings such as single-cell recordings, EEG, MEG, or fMRI. Func-
tional connectivity is very dynamic and often changes its pattern in tens to hun-
dreds of milliseconds. Additionally, in most cases, it is symmetric, which means
the graphs are undirected. Various statistical measures can be used to infer func-
tional connectivity from time series data. The most widely adopted methods in
the literature fall into three categories: correlation-based metrics, information-

theory-based metrics, and phase-coupling and coherence methods.

3. Effective Connectivity

Effective connectivity refers to the causal influence among neural elements [50].
Like functional connectivity, it is inferred from neural time series data. It can
also be inferred via statistical modeling or experimental perturbations. Unlike
functional connectivity, it derives directed interactions between neural elements,
but like functional connectivity, it is very time-dependent and can change patterns
in very short time scales, from tens to hundreds of milliseconds. The estimation
of effective connectivity requires careful data processing. It can be estimated
via model-free methods or by explicitly setting a causal model with structural

parameters.

It is important to note that no single mode of connectivity is sufficient to fully ex-
plain the mechanism of brain networks [3]. There is always interaction and interference

between them. For instance, we can not just neglect the structure while studying the
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Figure 3.7 Different data acquisition and analysis pipelines lead to different kinds of networks [3].

functional patterns, or vice versa, we cannot rely on the structure only to understand
the neurophysiological properties of the brain. A central goal in systems neuroscience
is the parcellation of the cerebral cortex into discrete neurobiological atoms or units [6].
Plenty of studies have approached this problem using rs-fMRI data sets. The majority

of these studies used one of two main approaches:

1. The local gradient or boundary mapping approach [51],[52],[53]

This approach tries to cluster the cortical voxels or vertices of rs-fMRI based on
the fact that resting-state functional connectivity (RSFC) abruptly changes from
one spatial cortical location to a nearby one [6]. These abrupt changes can be
detected by computing the local gradients in whole brain RSFC patterns. This
method has the benefit that it correlates with the cortical regions identified by

histological delineation, thus the name boundary mapping.

2. The global similarity approach [54],[55],[56]:

This approach groups rs-fMRI voxels or vertices together, resulting in homo-

geneous functional connectivity patterns regardless of their spatial position on
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the cortex. This type of parcellation is highly beneficial in studies involving
dimensionality reduction problems since the parcels created have relatively ho-
mogeneous functional connectivity patterns that can be averaged into a single

time series.

Schaefer et al. [6] mixed both approaches together into a unique one (Figure
3.8). They developed a gradient-weighted Markov random field (gwMRF) model which
mixes the local gradient and global similarity approaches. Markov random field models
(MRFs) are used for global similarity parcellation approaches. They modified the
objective function of the model so it forces the vertices to share the same parcel only in
the case of low local RSFC gradients. The resulting parcellation is superior to previous
ones because it retains both advantages, the homogeneous RSFC of the parcels and the
respect for the histologically-defined boundaries of the cortex. They developed their
parcellation on the GSP data set which consists of structural MRI and rs-fMRI data
from 1489 subjects. They provided their atlas in different resolutions, ranging from
100 to 1000 parcels. They also mapped each parcel to either one of the 7 or 17 brain
networks defined by Yeo et al. parcellation [56].

3.2.3 How to model EEG data as graphs?

In order to model EEG data as graphs, we need to define a set of nodes with
edges connecting them. Additionally, we need to define a space or level to capture brain
networks. This section is dedicated to the data processing steps required in order
to transform scalp EEG data into graph time series data describing brain networks

captured at the scalp and the cortex levels.

3.2.3.1 Nodes. There are two ways we can model EEG nodes. The first is to

consider each scalp electrode as a node and its corresponding time series as its feature
vector. This approach is straightforward and does not need further data processing.

However, it might not be the best way to model brain networks because it lacks the
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Figure 3.8 Schaefer’s brain atlas [6].

anatomical precision of cortical networks (Figure 3.9). Additionally, the resulting net-
works show higher correlations due to the volume conduction problem. The other
approach is to project scalp EEG data onto the cortical source space. We know that
EEG captures the neural dynamics in the cerebral cortex at the mesoscopic level. Our
goal is to transform scalp EEG data (registered by electrodes) into cortical time series
by projecting them onto the 100 nodes located on 7 resting state brain networks given

by Schaefer’s parcellation atlas.

In order to achieve this goal, we need a model that describes how cortical dynam-
ics is represented by scalp EEG data. Field currents are produced by the interaction
of different populations of neurons on the cortical surface. These currents traverse a
distance from one area of the brain to another via cortical structures like grey matter,
white matter, and CSF. At the same time, they pass through via non-cortical struc-

tures such as the dura, skull, and scalp, where EEG electrodes can detect them. We
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Figure 3.9 Scalp EEG lacks the anatomical precision of the cortical EEG.

can describe this process mathematically:
Y=H -5+¢ (3.6)

where Y (m x t) is the scalp EEG time series, S (n x t) is the cortical sources time
series, m is the number of electrodes, n is the number of cortical sources, t is the
time dimension, H (m x n) is the lead field matrix, and e refers to the noise vector.
This equation defines the EEG forward model. It describes how cortical dynamics
from distinct sources on the cortex contribute to the scalp EEG data. The lead field
matrix H maps each cortical source contribution to the scalp EEG data. Our goal is
to estimate the cortical source activations S. From the forward model, we can define

an inverse solution:
S=T.Y (3.7)

where S is an estimate of the cortical sources activations, Y is the scalp EEG time
series, and 7' is a matrix that provides a solution to estimate the inverse mapping of
the electrical currents from scalp EEG to the cortical surface. This problem is ill-posed
and does not have a unique solution. We need to impose some structural constraints
in order to find a unique solution. We need three kinds of structural information as

constraints. First, we need the exact positions of the electrodes placed on the scalp.
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Figure 3.10 Functional brain networks defined by absolute Pearson correlation in different spaces.

Second, we need prior information about the cortical source distribution. Finally, we
need information about the non-cortical structures that conduct the currents, like the
dura, skull, and scalp. Electrode positions are normally recorded exactly during the
data acquisition process. Additionally, the advent of neuroimaging methods with high
spatial resolution, such as fMRI, gives us substantial information about cortical and
non-cortical structures in anatomy and function. This prior information is encoded in
the lead field matrix H, so we can now solve the inverse problem to acquire an estimate

of the cortical source activations.

There are multiple algorithms developed in the literature for solving the inverse
problem, such as wMNE [57], dSPM [58], eLORETA [59], and sSLORETA [60]. In this
project, weighted minimum norm estimates wMNE [57] was utilized to solve the inverse
problem. Here, T is estimated to produce the source distribution with the minimum

power that fits the measurements in a least-square error [61]:
Twyne = RHY(HRHT 4 \O)™* (3.8)

Where Typyne (n x m) is the estimate of 7', H is the lead field matrix, C' is the
scalp EEG noise covariance matrix, A is a regularization parameter. R is the source
covariance matrix. If R = I, wMNE will assign the same weight for each cortical
vertex. Additionally, A is computed based on the signal-to-noise ratio as A = 1/SNR

or chosen empirically.
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After solving the inverse problem and reconstructing the source time series,
we can simply group the time series of the cortical vertices that belong to the same
parcel by averaging or summing. Thus, we will end up with a hundred time series that

represent the nodes of our desired graph.

3.2.3.2 Edges. To define the edges of the graph, we need to choose a measure of

connectivity between nodes as defined earlier in this section. In this project, two types

of connectivity were utilized to define the edges of the graph.

1. Functional Connectivity: Pearson Correlation [62]

Pearson correlation or correlation coefficient is the simplest way to measure the
statistical dependency between two time series. It is defined as the linear corre-
lation between two random variables. The value of Pearson correlation always
ranges between (-1, 1). A value of 1 means a total positive correlation between
the two variables, whereas a value of -1 corresponds to a total negative correla-
tion between the two variables. A value of 0 means there is no linear correlation

between the two variables.

puy = L2200 (3.9)

0.0y

where cov(z, y) is the covariance between x and y, and o is the standard deviation

of x and y. The covariance between x and y is calculated as:

cov(z,y) = El(x — p12)(y — p1y)] (3.10)

Where FE is the expectation, and j, and p, are the means of x and y respectively.

Usually, the absolute value of the Pearson correlation coefficient is used when
constructing brain networks. The resulting correlation matrix acts as a weighted
adjacency matrix, defining the edges that connect the nodes or the parcels to-
gether. It is also common to define a threshold and drop every edge whose weight

is lower than this threshold. This is useful to account for the fact that Pearson
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correlation tends to produce highly dense networks and it helps to decrease the

noise contribution to the networks.

2. Structural Connectivity In the sensor space, structural connectivity of a node
can be defined by its first degree neighboring electrodes physically located on
the surface of the scalp. In the source space, Schaefer’s atlas is defined based
on functional connectivity networks as discussed earlier. In theory, a significant
portion of its parcels should share a physical or anatomical connection, too. Luppi
and his colleagues [63] addressed this particular question using nine different
anatomical and functional atlases of the brain including Schaefer’s atlas (Figure
3.11). Using diffusion tensor imaging data, they were able to define structural
networks that connect different parcels defined on these atlases. They constructed

a structural connectivity matrix A, such that:

CLSZ.J. = lOglo(]_ —I— fl]) (311)

where f;; is the number of white matter streamlines between areas ¢ and j. Fur-
thermore, this matrix can be binarized such that a,,, =1 when there is a struc-

tural link between areas ¢ and j and 0 elsewhere.

Finally, we can combine both structural and functional networks together by
keeping the weights of the functional connectivity matrix only if there is a struc-
tural edge. It is simply achieved by element-wise multiplying binarized structural

and weighted functional connectivity matrices.

3.3 Graph Neural Networks (GNNs)

We have established the suitability of graphs for modeling EEG data for learning
in classification tasks. In this section, we are going to discuss the methods of machine
learning on graphs. We start by stating the problem and defining the task and the
challenges of learning on graphs. Then, we will dive step-by-step into the formulation

of graph neural networks (GNNs), a powerful neural network architecture for learning
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Figure 3.11 Structural Networks defined on scalp EEG sensors and on cortical level in Schaefer’s
atlas

on graphs.

3.3.1 Problem Setting

In the upcoming sections, we will be using the notation G = (N, E, A, X) to
define a graph (one EEG trial in our case) where N represents the nodes of the graph,
E the edges of the graph, A the adjacency matrix of the graph and X € RV*? ig
an array of nodes attributes with d attribute per node (the EEG time dimension in
our case). We refer to a target/receiver node of the graph as n;, and consequently, its
feature vector is x;. Similarly, n; refers to a source/sender node of the graph and its
feature vector becomes x;. The entries of the adjacency matrix A define the presence
of an edge between two nodes such that A;; indicates there is an edge connecting node
¢ and node j, whereas e;; refers to the features associated with the edge between node
¢ and node j. If ¢;; is a scalar, in that case, it is considered an edge weight and can
also be an n-dimensional feature vector. There are GNN variants that can handle
only one-dimensional edge features and others that can handle multi-dimensional edge

feature vectors as discussed later.

There are three different task levels that can be formulated over graphs [9],[64],[7]:
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1. Graph-Level Tasks:

The goal of these kind of tasks is to predict a label for the entire graph. For
instance, we might want to predict the smell of a particular molecule or its effect
on the treatment of a certain disease. This is analogous to image classification

tasks when our goal is to predict a label for the entire image, e.g., a dog or a cat.

2. Node-Level Tasks:

The goal here is to predict a label for each node distinctly. A classic example of
these tasks is the classification of social networks. For instance, we may predict
the social group or the political party a person belongs to from his social media
connections on Facebook or Twitter. The analogy for these kinds of tasks is image

segmentation tasks, where the goal is to predict a label for each pixel separately.

3. Edge Prediction Tasks:

In these kind of tasks, we want to predict the existence of an edge or a link
between two nodes. A good example is image scene understanding, when our
goal is to predict the relationship between objects in a scene rather than identify

the objects.

Learning on graphs is not as straightforward as learning on images for instance.
Instead, there are many challenges that need to be considered while formulating a

learning algorithm. These challenges are include [64]:

1. Lack of consistent graph structure

Traditional machine learning and deep learning algorithms only accept fixed-
size input data. On the other hand, graphs are very flexible structures that
can be of any arbitrary size, which means they lack consistent structure across
instances [64]. For example, consider the task of chemical molecule classification,
whether toxic or non-toxic. Molecules can have different atoms, which vary in
number, and various kinds of bonds between atoms, which in turn have various
strengths. Thus, we need our algorithm to be able to handle such a lack of

structural consistency.
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Traditional machine learning and deep learning algorithms only accept fixed-
size input data. On the other hand, graphs are very flexible structures that
can be of any arbitrary size, which means they lack consistent structure across
instances |64]. If we again consider the task of chemical molecule classification,
whether it is toxic or non-toxic. Molecules can have different atoms, which vary in
number, and various kinds of bonds between atoms, which in turn have various
strengths. Thus, we need our algorithm to be able to handle such a lack of

structural consistency.

. Node-order equivariance

Graphs do not inherently assume any ordering of the nodes. We need our algo-
rithm to consider such a criterion. More specifically, we need our algorithm to
learn permutation-equivariant and permutation-invariant representations. Per-
mutation invariance means that the learning algorithm does not depend on the

arbitrary ordering of the rows and columns of the adjacency matrix such that [9]:
f(PAPT) = f(A) (3.12)

Where f is the learning algorithm, P is the permutation function, and A is the
adjacency matrix. Moreover, permutation equivariance means that the output
of the learning algorithm is permuted in a consistent way with the permutation

function P.

f(PAPT) = Pf(A) (3.13)

. Scalability

The size of a graph ranges from a small number of nodes to hundreds, thousands,
or even millions of nodes, such as social network graphs, i.e., Facebook. Because
graphs are defined primarily by the adjacency matrix, the problem becomes com-
putationally more complex and costly. Luckily, most of the graphs in nature are
sparse. This means that we can utilize sparse representations of the adjacency

matrix and save on computational costs.
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Figure 3.12 GNNs learn permutation equivariant representations in node-level tasks and invariant
representations in graph-level tasks [7].

Node representation learning is a common precursor for solving the aforemen-
tioned tasks [64]. It refers to learning fixed-size real-valued vectors that are called
representations or embeddings. Graph neural networks (GNNs) provide a subtle way
of learning node representations. A GNN is an optimizable transformation on all at-
tributes of the graph (nodes, edges, global-context) that preserves graph symmetries
(permutation invariances) [4]. The general idea behind GNNs is the neural message
passing mechanism, in which vector messages are exchanged among nodes and updated
via neural networks [9]. In the upcoming sections, we are going to derive GNN from

scratch.

3.3.2 Rethinking Convolutional Neural Networks

Convolutional neural networks (CNNs) are the most widely used family of neural
networks in machine learning applications. They achieved state-of-the-art results in
multiple domains, especially in computer vision applications. The idea behind CNNs
is to learn multiple localized translation equivariant kernel filters (Figure 3.13 [7],[65]).

Consider an image as an m X n matrix M and a learnable filter g as an [ x [ matrix,
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Figure 3.13 Regular convolution on images [7].

the convolution can be expressed as follows:

l l
Z D GaMitaso (3.14)
a=1 b—1

M is a gray-scale image for simplicity and m,; is the updated value of a pixel in
the image. There are two ideas from convolution on images that can help us formu-
late a general convolution on non-euclidean structures: learning localized filters over
neighboring pixels and updating the value of each pixel with information from the

neighboring pixels.

The Graph Laplacian provides a robust way of defining localized filters on
graphs. Recall that it encodes exactly the same information as the adjacency ma-
trix about the graph structure. We can construct polynomials of the Laplacian as

follows:

d
Puw(L) = wol, +wi L +wyl? 4 ... + wel® = Z w; L' (3.15)
i=0

Alternatively, each polynomial can be written as a vector of its coefficients:

w = [wo, wi, ..., wy] (3.16)

We can think of these polynomials as analogous to filters or kernels in regular CNNs.

In this case, we can apply graph convolution by convolving with the polynomial filters
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as follows:
X =pu(L)X (3.17)

This process is exactly the same as the localized filters of CNNs, it aggregates infor-
mation from the first-degree neighbors. We can see this clearly when we derive the
embedding computation for a single node z; in the simplest case when w; = 1 as

follows:

=) Ly

jeG

= Z(Dia‘ — Aj)x;

JEN(9)

(3.18)

This equation can be generalized to higher degrees as follows:

d
— ZkaiﬂX (319)

§ k

k=0  jeG

where d is the degree of the Laplacian polynomial. The degree of the polynomial
determines the locality of the filter such that the convolution of node i occurs only with
nodes j which are not more than d hops away. ChebNet [66] used this idea of polynomial
filters with a slight modification to build one of the earliest GNN architectures. It is

formulated as follows:
d
X=> z¢wk (3.20)

where Z is the Laplacian polynomials of X computed as aforementioned and W is

a learnable weight matrix. The only modification they introduce is that they use a
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normalized version of the Laplacian for polynomial computations:

L=

—1 (3.21)

>\mam

where A4, 18 the largest eigenvalue of the Laplacian matrix. ChebNet made a break-
through in extending convolution to graphs and learning localized filters that are node-
order equivariant, but it also motivated another broader perspective for thinking about

convolution.

From this new perspective, we can reconsider the convolution on images. In the
regular convolution on images (Eq. 3.14), what the filter actually does is updating the
value of each pixel in the image in two steps: It applies a linear transformation to each
close-neighbor pixel and then sums all the values of these pixels. In a more abstract
way, it updates the value of each pixel with some update function (linear transformation
in this case) and then aggregates the information through some aggregation function
(sum function in this case). The same applies to ChebNet. What if we consider
different kinds of aggregation functions beyond what is done with regular convolution
or polynomial filters? There is only one constraint for such a function, it must be
a node-order equivariant to ensure the learned node representation is permutation

equivariant.

With this perspective in mind, Kipf and his colleagues introduced a modern
version of graph convolutional neural networks (GCN) [67]. They used the mean as an
aggregation function, but they kept using linear transformation as the update function.

The node embedding can be computed as follows:

6 .o
B=W- ) e LEN— (3.22)
o ING- NG
where W is a learnable weight matrix, [N (i)| and [N (j)| is the degree of nodes i and j
respectively, and e;; is the edge weight from the source node j to the target node 7. It
is set to 1 in case the adjacency matrix is binary. Furthermore, the normalization step
by the node degree ensures we use the mean of the first-degree neighbor embeddings

as an update function for the node embedding.
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Although ChebNet and GCN are a breakthrough in generalizing the power of
CNN to graphs, they have their own drawbacks, too. A major drawback for both
models is that they are not able to handle multi-dimensional edge features. They
can only handle scalar edge weights. Additionally, they both utilize a single linear
transformation layer for the update function. In the upcoming sections, we are going

to discuss some of the ideas to derive more general and robust GNNs.

3.3.3 From Convolution to Attention

Graph Attention Networks (GAT) [8] build upon GCN and introduce a new
way of aggregating information from neighboring nodes. The main idea is to implicitly
learn a weight for each node in the neighborhood by allowing nodes to attend over
their neighborhoods’ features (Figure 3.14). This approach fixes the minimized ability
of GCN as a message-passing scheme. Besides, it is powerful in situations when we
do not know the graph structure in advance yet we know that there is a significant
structural dependency among the features. The computation of the embedding is as

follows:
i’i = Oé“WZEZ + Z OéijW.Tj (323)
JEN (@)
Where a;; the attention coefficients are computed as follows:

exp(LeakyReLU (a™ [Wx;||Wz;]))
> went) eop(LeakyReLU (T [W| W)

Where a” is a learnable linear transformation that is applied to the features from both
source and target nodes concatenated together. This is the original implementation
introduced in the GAT paper [??7]!I!l. However, it cannot handle edge features yet. It
can be modified to include edge features in learning node embeddings by concatenating
the edge features with source and target node features while computing the attention
coefficients as follows:

exp(LeakyRe LU (a® [Wax;||Wx;||[Weey]))
ZwEN(i) exp(LeakyRe LU (aT[W x;||W x| |[Weein]))

(3.25)

aij =
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softmax ;

concat/avg
> R

Figure 3.14 Attention mechanism on graphs [§].

W, is a separate linear transformation that maps edge features of arbitrary dimen-
sionality to match the dimensionality of node embeddings. In practice, this process
of computing attention coefficients and node embeddings is repeated many times, and
the final node embedding is computed by either averaging or concatenating the inter-
mediate embeddings. This iteration is called multi-head attention, and each iteration
is called an attention head. Finally, this kind of attention, where attention coefficients
are computed by concatenating the embeddings from source and target nodes and from

the edges, is called additive attention.

Another attentional flavor was introduced in the Graph Transformer (GT) ar-
chitecture [68]. GT differs from GAT in two ways. Instead of using additive attention,
it uses dot product or multiplicative attention, and it employs a learnable gating mech-
anism to weigh the contribution of the source and target nodes in the computation of

the target node embedding. Embedding computation goes as follows:

T, = BiWha; + (1 = f3;) Z i j(Wax; + Waey)) (3.26)
JEN(3)

with the attention coefficient «;; computed as follows:

(3.27)

NT . .
;; = softmax (<W4$l) (Wsa; + Wge”))

VNN
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and the learnable gating parameter  as follows:

B; = sigmoid(W{ [Wizs, my, Wiz — my)) (3.28)
where:
m; = Z O[ijWQ.l’j (329)
JEN(3)

GAT and GT introduce a further step ahead of GCN by utilizing edge features
of arbitrary dimensionality and by combining messages from both source and target
nodes in embedding computation. However, all introduced flavors use a single linear
transformation layer for neural message passing, which in some cases might not be
enough to learn useful patterns. In the next section, we will discuss Graph Isomorphism

Networks (GIN) that provide a general solution for this limitation.

3.3.4 Graph Isomorphism Networks

Graph Isomorphism Networks (GIN) [69] follow the same message-passing scheme,
yet take it a step further. The main idea is that a single linear transformation layer
is not enough for the learning process in a variety of tasks. So, instead of using a
single layer, it uses any arbitrary function that can be applied to each node embedding
individually. Additionally, it is similar to GT in the sense that it assigns a weight for
the contribution of the source and target embeddings in the target node embedding

update. The vanilla version of GIN can be computed as follows:

Ti=hg | (14€) x;+ Z T (3.30)

JEN ()
where hy is any arbitrary differentiable function that can be applied to each node
embedding individually and € is a scalar weight that can be assigned empirically or

learned during training. This vanilla form does not handle edge features, so it has
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been modified to incorporate them as follows [70]:

Ti=ho | (14€) -z + Z ReLU(z; + €;) (3.31)
JEN (i)

3.3.5 Message Passing GNNs

All the discussed models can be generalized in the sense that they follow the

message passing scheme. The message passing scheme consists of two steps:

1. An aggregation function that aggregates the information from the source nodes
and combines them into a single message. The aggregation function must be dif-
ferentiable and permutation invariant. We have seen the sum and mean functions
as aggregation functions, but we can employ any other function that retains the

same criteria, such as the max, min, or std functions.

2. An update function that applies some transformation to the embeddings of the
target node and the message from source nodes to update the embedding at the
target node at the current iteration. The only constraint on the update function
is that it must be applicable to each node embedding individually. This constraint

ensures the idea of parameter sharing in GNN.

The general scheme for message-passing neural networks can be formulated as follows:

#t' = UPDATEY (&}, AGGREGATE® ({&,Vj € N(i)})) (3.32)
# =UPDATEY (2}, ml;) (3.33)
where i’éﬂ is the target node embedded in the [ + 1 iteration, mﬂ\/(i) is the message

aggregated from neighboring nodes from the previous iteration, and UPDATE and
AGGREGATE functions are any differentiable functions that preserve permutation

invariance and permutation equivariance.
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Figure 3.15 The message passing scheme for GNNs [9].

Finally, it is important to note that a single iteration aggregates information
from the first-degree neighbors, while at each iteration [, information is aggregated
from [ hops away. In practice, this is achieved by stacking multiple layers of GNN.
Additionally, each layer can have its own learnable weights or the weights can be

shared across layers.

3.3.6 Spatio-Temporal Graph Convolutional Neural Networks

All GNN variants introduced so far are very powerful in tasks applied to static
graphs but they are very limited when it comes to tasks related to dynamic graphs or
graphs that change over time (EEG data for instance). This limitation comes from the
fact that GNNs by default assume node features are discrete that don’t have temporal
dependencies. To overcome this limitation, researchers introduced mixed GNN models
that utilize GNNs for spatial information learning and temporal CNNs or temporal
attention models for temporal information learning. These models work mainly by

stacking spatial (GNN) layers and temporal (CNN) layers in a cascade as in |71],[72].

In this project, a novel spatio-temporal graph convolutional neural network
(STGCNN) layer is introduced. We can break it down in accordance with the message-
passing scheme introduced in the previous section. We need to formulate update and

aggregation functions that can learn both temporal and spatial representations simul-
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Figure 3.16 An illustration of STGCNN layer.

taneously. We introduce using sliding temporal convolution as an update function
while keeping the sum function as the aggregation function. The node embedding can

be computed as follows:

fi = XI; * k’l + Z ez-j.(xj * k'Q) (334)
FEN ()
Where kiand ko are sliding learnable temporal convolution kernels. It can be written

in the matrix form as follows:
X = X sk + A(X % k) (3.35)

where A is the weighted adjacency matrix. An illustration of the algorithm is shown

in Figure 3.16.

In this way, STGCNN can learn temporal features from EEG data while con-
strained to respect spatial dependencies at the same time. In other words, it can learn
spatiotemporal dynamics from EEG data. Finally, typically in practice, we need to
learn multiple filters or kernels to efficiently model the data. This can be achieved very

easily with this formulation by using as many learnable kernels k£ as we need.
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4. EXPERIMENTS

4.1 Dataset

The dataset used in this project is the motor imagery EEG dataset from Phy-
sionet [10],[73]. This dataset is the largest public BCI motor imagery dataset known
today. It contains EEG recordings from 109 subjects while they performed 4 different
conditions. Each subject performed 14 two-minute runs of recording. In the first two
runs, the subjects did nothing. They were resting state runs, one with eyes open and
the other with eyes closed. The subject did one of the following four conditions for

three runs in the remaining 12 runs:

1. Right vs. Left Motor Imagery:

A target appears either on the right or left side of the screen, and the subject
responds by imagining opening and closing the corresponding fist until the target

fades away.

2. Right vs. Left Motor Execution:

A target appears either on the right or left side of the screen, and the subject
responds by actually opening and closing the corresponding fist until the target

fades away.

3. Hands vs. Feet Motor Imagery:

A target appears either at the top or bottom of the screen, and the subject
responds by imagining opening and closing either both fists if the target is on

top, or both feet if the target is on the bottom, until the target fades away.

4. Hands vs. Feet Motor Execution:

A target appears either at the top or bottom of the screen, and the subject
responds by actually opening and closing either both fists if the target is on top,
or both feet if the target is on the bottom until the target fades away.
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Figure 4.1 EEG electrode positions [10].

There are three dedicated runs for each condition. Each run was divided into
successive equal-length blocks of resting state and a task. Each block consumes 4
seconds, so in total, for each run, we have fifteen blocks of resting state and fifteen
blocks of tasks for two different conditions. In total, each subject performed 90 four-
second long trials of four different motor imagery conditions and another 90 four-second

long trials of four different motor execution conditions.

The EEG data was recorded using the BCI2000 system [73], from 64 electrodes
and an annotation channel in accordance with the international 10-10 system at a
sampling rate of 160 Hz and excluding electrodes Nz, F9, F10, FT9, FT10, A1, A2,
TP9, TP10, P9, and P10 as shown in Figure 4.1.
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4.2 Pipeline

4.2.1 SVM Classification

Motor imagery runs were downloaded then a common average reference was
applied to the date before any further processing. The data for each subject was
segmented into trials. Only trials that belong to the first two conditions (right hand vs
left hand) were used so we have on average forty five four-seconds motor imagery trials
per subject. The data from subjects 38, 43, 88, 89, 92, 100, and 104 were excluded due

to inconsistencies in the trial lengths and damaged labels.

An SVM classifier was applied to each subject data individually in a 5-fold cross
validation scheme as an exploration of the data for feature extraction. The classifier
was applied to the raw data and to the data after bandpass filtering in the 5 frequency
bands Delta (0-4 Hz), Theta (4-8 Hz), Alpha (8-12 Hz), Beta (12-30 Hz), and Gamma
(30-80 Hz).

Two kinds of features were extracted for SVM classification:

1. Temporal features
The average power of the signals over a non-overlapping 100 ms time intervals
were extracted and fed to the classifier.

2. Spatial features

The absolute Pearson correlation matrix was used and then the lower triangle of

the correlation matrix was fed to the classifier.

The results of SVM classifier determined the later choice of processing steps.



42

4.2.2 Preprocessing

Based on SVM classification results, two versions of the data were used:

1. Raw data

Raw data was used with a single preprocessing step, a notch filter at 60 Hz to

eliminate the power line noise.

2. Bandpass filtered data

A bandpass filter between 0 and 4 Hz (Delta band) was applied to the raw data.

4.2.3 Nodes

Two variants of node features (time series) were prepared as mentioned is Section

3.2.3.1:

1. Sensor Nodes

Preprocessed scalp EEG time series were considered as connected nodes of a

graph without any further processing.

2. Source Space Nodes

Scalp EEG data were projected onto the source space using a precomputed
forward model based on the 152-MNI template which has been generated us-
ing SPM12 (Statistical Parameter Mapping) software functions and MATLAB
scripts developed for minimum norm source estimation (see Section 3.2.3.1). This
model has 5124 cortical vertices yielding 5124 cortical time series. Each vertex
was mapped to the parcel to which it belonged from the 100-parcels-7-networks
Schaefer’s brain atlas. Finally, cortical time series that belonged to the same
parcel were averaged together in one version of the data and summed together
in another, so that we had 96 cortical time series (Four parcels did not have any

vertices as a result of this source space reconstruction).
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4.2.4 Edges

Two types of connectivity metrics were estimated (as discussed in Section 3.2.3.2:

1. Functional Connectivity
Absolute Pearson correlation (PC) maps were calculated for both sensor and
source nodes.

2. Structural-functional Connectivity

Structural connectivity matrices described in Section 3.2.3.2 were element-wise
multiplied with PC matrices so that we ended up with an adjacency matrix that
had a nonzero weight where there was a structural edge between two nodes and

zero otherwise.

4.2.5 Models

4.2.5.1 STGCNN Model. An STGCNN model was designed for classification
over EEG graphs. The model consisted of 5 STGCNN layers (introuced in Section

3.3.6). Each layer was followed by a Batch Normalization, Tanh non-linearity, Dropout,
and Average Pooling functions. Each of the two successive layers was connected with
skip connections or residual connections which meant that the output of the former
layer was added to the output of the current layer before fed into the next layer. When
the outputs sizes did not match, the output of the former layer was broadcast to the
size of the current layer via 1 x 1 convolution. Residual connections were employed to
prevent gradient vanishing or explosion during training and to prevent node embed-
ding over saturation. After the STGCNN layers, the output was flattened and passed
through two linear layers with Batch Normalization, ReL U, and Dropout functions in
between. The detailed model architecture is illustrated in Figure 4.2 and in Table 4.1

and the model configuration is presented in Table 4.3.
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Figure 4.2 STGCNN model architecture (n refers to the number of nodes).

Table 4.1

STGCNN model architecture(n refers to the number of nodes).

Layer Kernel size | Stride | Dropout | Pooling | Activation | Input size | Output Size
STGCNN (1, 3) 1 0.12 Avg Tanh 1, n, 640] | [16, n, 320]
STGCNN (1, 3) 1 0.12 Avg Tanh [16, n, 320] | [32, n, 160]
STGCNN (1, 3) 1 0.12 Avg Tanh [32, n, 160] | [32, n, 80]
STGCNN (1, 3) 1 0.12 Aveg Tanh (32, n, 80] | [64, n, 40]
STGCNN (1, 3) 1 0.12 Avg Tanh [64, n, 40] | [64, n, 20]
CNN (1, 1) 1 - - - [64, n,20] | [1,n, 20]
Flatten - - - - - [1, n, 20] [1, n*20]
Linear - - 0.12 - ReLU [1, n*20] [1, 128]
Linear - - - - ReLU [1, 128] 1, 1]

4.2.5.2 CNN Model. As a baseline, another identical model was employed but

instead of using STGCNN layers, 1D Convolution layers were employed. The model

architecture is shown in Figure 4.3 and in Table 4.2. The model has the same hyper-



parameters configuration as the STGCNN model as shown in Table 4.3.
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Table 4.2

CNN model architecture (n refers to the number of nodes).

Figure 4.3 CNN model architecture (n refers to the number of nodes).
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Layer Kernel size | Stride | Dropout | Pooling | Activation | Input size | Output Size
CNN (1, 3) 1 0.12 Avg Tanh [1, n, 640] | [16, n, 320]
CNN (1, 3) 1 0.12 Avg Tanh | [16, 1, 320] | [32, n, 160]
CNN (1, 3) 1 0.12 Avg Tanh | [32, 1, 160] | [32, n, 80|
CNN (1, 3) 1 0.12 Avg Tanh 32, n, 80] | [64, n, 40]
CNN (1, 3) 1 0.12 Avg Tanh [64, n, 40] [64, n, 20]
CNN (1, 1) 1 - - - [64, n,20] | [1,n, 20]
Flatten - - - - - [1, n, 20] [1, n*20]
Linear - - 0.12 - ReLU [1, n*20] [1, 128]
Linear - - - - ReLU [1, 128] [1, 1]




4.2.6

Table 4.3

STGCNN and CNN models hyperparameters configuration.

CNN model on scalp EEG

All other experiments

Learning Rate (Ir)
Optimizer
L2 Regularization gamma, -y

Ir Scheduler

0.01
Adam
0.08

Exponential decay

0.006
Adam
0.02

Exponential decay

Ir Scheduler gamma 0.67 0.5
Batch size 64 64
Experiments
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Subjects were shuffled and divided into 5 folds to employ 5-fold cross validation.

Both models were trained on scalp EEG and cortical EEG individually. Additionally,

each model was trained on each network EEG series individually to test its contribu-

tion. Finally, STGCNN model was trained using two kinds of connectivity mentioned in

Section 4.2 to test for the optimum network settings. All data analysis was performed

using Python 3.7 programming language and its scientific computing ecosystem NumPy,

and SciPy libraries. All models were written in PyTorch package and trained using

PyTorch Lightning library. Finally, the models hyperparameters were optimized us-

ing the Optuna library [74].
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Figure 4.4 A summary of the classification pipeline.
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5. RESULTS

SVM classifier yielded its highest classification accuracy rates using the mean
power of the signals over non-overlapping 100 ms intervals of i) delta band filtered and
ii) the raw scalp EEG data, as 73.83% and 72.28%, respectively. On the other hand, it
yielded 60.21% and 58.22% using the absolute Pearson correlation maps applied to the
above conditions of data. It yielded chance level accuracy rates on the other frequency
bands with both types of features. Using these results as a guideline, STGCNN and
CNN models were trained only on the raw and the delta band filtered EEG data in
both the sensor and source spaces. The detailed SVM classification results are shown

in Table 5.1.

Table 5.1
SVM Classification Accuracy Results.

Features Average power of the signal Absolute Pearson correlation
type Mean STD Mean STD
Raw data 72.28 14.92 58.22 13.72
Delta band 73.83 14.67 60.21 13.92
Theta band 52.38 8.59 56.18 11.97
Alpha band 50.50 8.09 56.12 11.23
Beta band 49.92 6.49 54.22 11.25
Gamma band 48.76 6.27 47.00 8.27

In the sensor space, the highest classification accuracy was achieved by training
the STGCNN model using structural-functional connectivity on the raw EEG data
and on delta band EEG data as 82.13% and 81.71%, respectively. The lowest result
achieved was 80.88% and was obtained by training the CNN model on the raw EEG

data. The detailed results in the sensor space are shown in Table 5.2.

In the source space, training STGCNN using the structural-functional connec-
tivity on the raw cortical EEG data yielded the highest average accuracy of 79.27%

and 79.18% when the data were summed or averaged over the vertices in each parcel,
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Table 5.2
Classification accuracy percentages in the sensor space (5-fold cross validation).

Raw Data Delta Band
Mean STD Mean STD
STGCNN - Functional 81.60 2.11 81.56 2.72
STGCNN - Structural-Functional 82.13 2.39 81.71 2.57
CNN 80.88 2.37 81.65 2.35

respectively. These results outperformed the CNN model results in the same settings
which yielded 79.17% and 79.04% by summing and averaging, respectively. Training
STGCNN and CNN models on each network individually yielded variable results. The
highest performance was achieved by the control network with an average accuracy
of 78.18% with training the CNN model and by summing the data over the vertices
of each parcel. The second highest network was the ventral attention network with
an average accuracy of 74.94% by training the CNN model and summing. The third
highest network was the default mode network with an average accuracy of 74.73%
by training the STGCNN model and summing. Additionally, the somatomotor and
limbic networks yielded significantly lower results than the aforementioned networks
with an average accuracy of 67.5% and 65.34% for the somatomotor and limbic net-
works, respectively by training the CNN model and averaging over vertices. On the
other hand, the visual and dorsal attention networks almost achieved a chance level
accuracy levels with both models. Finally, using the top three achieving networks for
training both models achieved the highest accuracy rate of 79.17% while training the
CNN model and summing. The detailed results for training STGCNN model on the
raw data using the average parcellation and sum parcellation is shown in Table 5.3 and
Table 5.4, respectively. The results of training the CNN model on the raw data are
shown in Table 5.5.

In the source space, when trained using the structural-functional connectivity
and averaging, STGCNN using the delta band source space EEG data yielded the high-

est average accuracies of 79.13% and 78.99%, respectively. These results outperformed



20

Table 5.3
STGCNN classification accuracy percentages on raw data in the source space (average parcellation).

Functional Structural-Functional

Mean STD Mean STD

Cortical EEG 78.71 2.23 79.18 1.30
Visual network 54.71 2.24 55.56 1.90
Somatomotor network 66.08 3.28 66.71 2.81
Default mode network 73.92 3.21 74.52 2.75
Control network 77.49 1.50 77.48 1.85
Limbic network 64.48 2.06 63.60 2.12
Ventral attention network 74.64 2.86 74.27 2.38
Dorsal attention network 50.09 2.64 49.81 2.28
Top 3 networks 78.84 1.95 79.11 2.35

Table 5.4

STGCNN classification accuracy percentages on raw data in the source space (sum parcellation).

Functional Structural-Functional

Mean STD Mean STD

Cortical EEG 78.96 1.83 79.27 1.55
Visual network 54.09 2.20 55.73 2.91
Somatomotor network 66.06 3.24 66.66 3.70
Default mode network 73.80 3.06 74.73 2.75
Control network 78.14 1.51 77.63 1.99
Limbic network 64.62 2.22 63.01 2.33
Ventral attention network 74.44 2.97 74.42 2.68
Dorsal attention network 50.36 1.85 49.18 2.10
Top 3 networks 78.77 2.67 78.90 2.27

the CNN model results in the same settings which achieved 77.73% and 78.56% by aver-
aging and summing, respectively. Similar to training on unfiltered EEG data, training
STGCNN and CNN models on each network individually yielded variable results. The
control network with an average accuracy of 78.28% by training the STGCNN model

using the functional connectivity and summing yielded the best result. The second
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Table 5.5
CNN classification accuracy percentages on raw source data.

Average Parcellation Sum Parcellation

Mean STD Mean STD
Cortical EEG 78.90 2.47 78.59 2.40
Visual network 53.67 1.79 54.11 1.75
Somatomotor network 67.50 2.39 67.43 2.30
Default mode network 74.09 3.22 74.37 2.93
Control network 78.16 2.20 78.18 2.32
Limbic network 65.34 2.98 64.86 3.38
Ventral attention network 74.93 3.01 74.94 3.57
Dorsal attention network 51.50 2.12 51.69 2.44
Top 3 networks 79.04 2.14 79.17 2.33

100
B Sensor EEG

B Sum Parcellation
I Avg Parcellation

82.13
80.88
7859 78.9

78.96 78.71

79.27 79.18

Accuracy
3

&

STGCNN-functional STGCNN-structural CNN

Figure 5.1 A summary of STGCNN and CNN accuracy results in both sensor and source spaces.

highest was the ventral attention network with an average accuracy of 75% by training
the CNN model and summing. The third highest was the default mode network with

an average accuracy of 74.15% by training the CNN model and summing. Additionally,
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the somatomotor and limbic networks yielded significantly lower results than the afore-
mentioned networks. The somatomotor yielded an average accuracy of 67.42% by the
CNN and averaging and the limbic by STGCNN and the functional connectivity and
the averaging yielded 63.96%. On the other hand, the visual and dorsal attention net-
works almost achieved a chance level accuracy levels with both models. Finally, using
the top three achieving networks for training both models achieved its highest accuracy
rate of 79.05% while training the STGCNN model using the functional connectivity
and summing. The detailed results for training STGCNN model on the raw data using
the averaging and summing are shown in Table 5.6 and Table 5.7, respectively. The

results of training the CNN model on the raw data are shown in Table 5.8.

STGCNN classification accuracy percenta’g:sb (1)?1 Zﬁta band data in the source space (average
parcellation).

Functional Structural-Functional

Mean STD Mean STD

Cortical EEG 78.80 1.97 79.13 1.41
Visual network 53.81 1.33 54.13 2.20
Somatomotor network 66.25 2.45 66.22 2.78
Default mode network 73.50 2.32 73.77 2.38
Control network 77.88 1.80 77.63 1.84
Limbic network 63.96 1.70 63.90 2.72
Ventral attention network 74.47 2.71 74.08 2.79
Dorsal attention network 49.02 1.78 49.90 2.95
Top 3 networks 78.82 2.00 78.91 1.87




Table 5.7
STGCNN classification accuracy percentages on delta band data in the source space (sum

parcellation).

Functional Structural-Functional

Mean STD Mean STD

Cortical EEG 78.38 2.00 78.99 1.47
Visual network 54.01 2.42 54.04 0.94
Somatomotor network 66.39 3.43 66.39 2.34
Default mode network 73.24 2.71 73.70 241
Control network 78.28 1.96 77.79 1.78
Limbic network 62.71 3.47 63.06 2.88
Ventral attention network 74.80 3.06 74.37 2.49
Dorsal attention network 49.44 2.43 49.67 3.13
Top 3 networks 79.05 1.83 78.90 1.98

Table 5.8

CNN classification accuracy percentages on delta band source data.

Average Parcellation Sum Parcellation

Mean STD Mean STD
Cortical EEG 7773 2.07 78.56 2.07
Visual network 53.72 1.97 54.71 1.90
Somatomotor network 67.42 2.00 67.28 1.93
Default mode network 73.95 2.24 74.15 2.46
Control network 78.16 2.11 77.75 1.84
Limbic network 63.89 4.08 63.72 4.59
Ventral attention network 74.25 3.35 75.00 3.45
Dorsal attention network 51.56 2.48 52.07 2.04
Top 3 networks 78.92 2.47 79.01 2.38
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6. DISCUSSION

In this study, a brain-network based classification pipeline for EEG data was
developed. First, a method was implemented to represent the brain networks using
EEG data in both the sensor and source spaces using graph theory and neuroimaging.
Second, a novel spatiotemporal graph convolutional neural network model (STGCNN)
was designed for the classification of motor imagery EEG data. Additionally, a con-
volutional neural network (CNN) classification model was employed as a baseline for

testing the proposed STGCNN model.

The results generally outline that STGCNN shows a slightly better Aerfromance
than CNN in both sensor and source spaces (=~ 1.25% vs. ~ 0.7%). It is also observed
that sensor space results are slightly better than those in the source space by ~ 2.9%
and ~ 1.7% for STGCNN and CNN, respectively. The results also show that employing
combined structural and functional connectivity yields a minor (=~ 0.4%) increase in
performance than utilizing only functional connectivity. Additionally, the results show
that training the model on individual brain networks produces almost identical results
regardless of the model used or using only the functional or structural and functional
together. However, when training either model using the data belonging to the top
three performing networks, the results are very similar to those obtained using the
entire data of all networks. Finally, the results show that filtering the data do not

bring a considerable improvement over using raw data.

STGCNN outperforming CNN supports the main hypothesis of this study that
models which can learn spatio-temporal features and leverage the hidden network struc-
ture in EEG data would yield higher classification accuracy rates. STGCNN operates
by passing information among nodes in a dynamic way over time, that shows its capa-
bility of capturing changes in EEG dynamics with high temporal and spatial precision.
Another advantage of STGCNN is that it can learn permutation invariant feature rep-

resentations of EEG data. This means any change in the order of the nodes will not
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affect the output of the model. On the contrary, spatiotemporal models based on 2D
CNN are very sensitive to the ordering of the electrodes or the nodes of EEG data and
can produce very different output feature representations with even any slight change

in the order of the electrodes.

One of the major expectations of this study was that source space data classifi-
cation would yield better results than those in the sensor space. There might be several
plausible explanations for its failure to be fulfilled. First, there might be a source of
error due to the forward and inverse methods employed. Typically, when source lo-
calization methods are employed in EEG classification, specific regions of interest that
depend on the task are chosen. This approach minimizes the risk of anatomical errors
affecting the classification accuracy. Second, Schaefer’s parcellation groups together
cortical vertices that share homogeneous resting state functional connectivity patterns.
Hence, summing or averaging the cortical activations over the vertices belonging to the
same parcel may reduce the main discriminative characteristics of the signals thereby
introducing inaccurate functional connectivity links among different parcels. On the
other hand, scalp EEG time series do not suffer from such a potential source of confu-

sion.

Employing both structural and functional connectivity in graph modeling of
EEG data performs slightly better than the functional connectivity used alone. From
a biological perspective, neurons that respond to the same stimulus tend to connect
together in neuronal ensembles as in Hebb’s assembly theory [75]. Utilizing both struc-
tural and functional connectivity metrics increases the chances of capturing the network
dynamics giving rise to the task. From a technical point of view, this combination in-
duces sparsity on the constructed graphs which in turn increases the efficiency of GNN
models. GNN models learn by aggregating information from nodes that share edges
together. When the graph is too dense, this increases the risk of GNN over-smoothing
which means all nodes have similar or identical representations. This over-smoothing

decreases the discrimination power of GNN models.

Training either STGCNN model or CNN model on individual networks data
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yields equal results in different settings. Each individual network has a few number
of parcels or nodes which in turn are highly connected. This results in graphs that
are very dense and almost fully connected graphs. In this case, there is no difference
between employing functional networks only or employing both functional and struc-
tural networks together. In practice, they tend to be the same in small dense graphs.
Additionally, the dense structure of the graphs leads to over-smoothing of the GNN
models which impairs the efficiency of GNN in classification. However, training either
models on the top three networks yield accuracy rates that are comparable with those
obtained by training the entire source space EEG data. The resulting graphs in this
settings are sparse enough that they benefit from the GNN representing the most rel-
evant information that can give rise to high accuracy. This is an important issue for

dimensionality and complexity reduction affecting the computational costs.

Finally, filtering the data does not add improvement to STGCNN and CNN
methods compared with the improvement obtained using SVM. This is simply because
both STGCNN and CNN operate by learning spatiotemporal and temporal filters,
repectively from the data. In essence, it is a filtering operation but instead of using a

pre-defined filter, it learns the filter via training on the data.
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7. CONCLUSION AND FUTURE WORK

In this study, a novel spatiotemporal graph convolutional neural network model
is introduced for motor imagery EEG data classification. The model is evaluated on
EEG data in the sensor space first. Then the data are projected upon the source space
after source localization and spatial averaging over the cortical locations in each parcel
defined by Schaefer’s brain atlas. The model outperforms typical convolutional neural

network models in classification accuracy.

In the future, the approach adopted in this study can be furthered in sev-
eral directions. Source reconstruction algorithms can be refined to incorporate the
spatiotemporal properties of the EEG data instead of using only their instantaneous
values. Also, an alternative way of grouping can be employed for the cortical vertices
which might be more specific to motor execution or imagery instead of the the par-
cellations obtained during the resting state. Additionally, the model can be tested on
multiple datasets and different tasks like clinical or emotion recognition EEG data.
Finally, the model can be combined with transfer learning to be trained on EEG data
of real movements and then fine tuned on motor imagery EEG datasets. This might

improve the EEG classification algorithms significantly.
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