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ABSTRACT

MODELING BRAIN NETWORKS WITH ARTIFICIAL NEURAL
NETWORKS

Kıvılcım, Baran Barış

M.S., Department of Computer Engineering

Supervisor: Prof. Dr. Fatoş T. Yarman Vural

Co-Supervisor
: Dr. Itır Önal Ertuğrul

January 2019, 100 pages

In this thesis, we propose three novel artificial neural network approaches to capture

the functional connectivities among anatomic brain regions. Using the first proposed

method, we estimate directed and undirected brain networks for each subject (subject-

level) and validate the estimated brain networks on brain decoding performance using

Support Vector Machines for classification. We propose our second method in order

to estimate brain networks to represent each task (task-level) and we also propose a

novel classification method in order to categorize an unseen chunk of fMRI data into

cognitive states using reconstruction power of these directed and undirected task-level

brain networks. In our last method, we use multilayer perceptrons for classification

of brain networks and we propose two novel artificial neural network models. The

first model of the last method estimates multiple brain networks simultaneously and

the second model is an end to end model that estimates and classifies brain networks

in a single architecture. All three proposed methods offer directed and undirected

brain networks and we show that both directed and undirected brain networks esti-

mated with the proposed methods offer state of the art classification accuracy on two
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functional magnetic resonance imaging datasets, namely HCP (Human Connectome

Project) dataset and TOL (Tower of London) dataset.

Keywords: Brain Networks, Brain Decoding, Artificial Neural Networks
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ÖZ

BEYİN AĞLARININ YAPAY SİNİR AĞLARIYLA MODELLENMESİ

Kıvılcım, Baran Barış

Yüksek Lisans, Bilgisayar Mühendisliği Bölümü

Tez Yöneticisi: Prof. Dr. Fatoş T. Yarman Vural

Ortak Tez Yöneticisi
: Dr. Itır Önal Ertuğrul

Ocak 2019 , 100 sayfa

Bu tez çalışmasında, yapay sinir ağlarını kullanarak anatomik beyin bölgeri arasın-

daki işlevsel bağlantıları kestiren üç özgün yöntem öneriyoruz. Önerdiğimiz ilk yön-

temi kullanarak, her denek için (denek seviyesinde) yönlü ve yönsüz beyin ağları

oluşturup bu beyin ağlarının beyin çözümleme performanslarını destek vektör ma-

kineleri aracılığıyla ölçüyoruz. Önerdiğimiz ikinci yöntem ile zihinsel görev seviye-

sinde beyin ağları oluşturuyor ve bu yönlü ve yönsüz beyin ağlarının geçerliliğini yine

kendi önerdiğimiz önceden görülmemiş bir veri yığınını zihinsel görevlere göre ka-

tegorileyen ve bu amaçla beyin ağlarının yeniden yapılandırma gücünü kullanan bir

sınıflandırma yöntemi ile test ediyoruz. Son yöntemimizde, çok katmanlı algılayıcı

mimarisini kullanarak beyin ağlarını sınıflandırıyoruz ve iki özgün yapay sinir ağları

modeli öneriyoruz. Bu modellerin ilki, eş zamanlı çoklu beyin ağı oluşturmakta ve

ikinci model ise uçtan uca bir yapay sinir ağı yapısı olup, beyin ağlarının oluşturması

ve sınıflandırması görevlerini tek bir yapay sinir ağı mimarisinde buluşturmaktadır.

Önerdiğimiz üç yöntem de hem yönlü hem de yönsüz beyin ağları sunmaktadır ve

iki fonksiyonel manyetik rezonans görüntüleme verisetini, HCP (Human Connec-
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tome Project) ve TOL (Tower of London), kullanarak yaptığımız deneyler ile öne-

rilen yönlü ve yönsüz beyin ağlarının literatürdeki beyin ağları oluşturan yöntemlere

kıyasla daha yüksek sınıflandırma doğruluğu sağladığını gösteriyoruz.

Anahtar Kelimeler: Beyin Ağları, Beyin Çözümleme, Yapay Sinir Ağları
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CHAPTER 1

INTRODUCTION

Human brain has been a mysterious black box to the humankind since the Homo

Sapiens became self-aware. The main power that kept us dominant in the earth has

been the one we know the least about. ’How do humans learn a language?’, ’How

perception of a scene triggers a categorization of an object in the brain?’, ’Do all hu-

man brains have the same structure or are they all unique?’ are some of the questions

we keen to find answers to through-out the centuries.

Before the brain imaging techniques, the scientists had focused on the physical prop-

erties of the brain. The measures like the ratio of the brain volume to body volume,

number of segregated brain lobes, the ratio of brain volume to brain area were shed-

ding lights to determine how intelligent an individual is.

With the advent of brain imaging techniques like functional Magnetic Resonance

Imaging (fMRI), Electroencephalography (EEG), and Positron Emission Tomogra-

phy (PET), we can now observe the brain activities in a deeper and wider perspective.

Using these technologies, one can study the blood flow, neurochemistry, dynamics

and structure of human brain.

The atomic processing units of the human brain, neurons, need oxygen after they are

activated and release chemical signals. As they do not reserve any type of biological

energy, the activated neuron requires an immediate oxygen supply more than inacti-

vated neurons. The blood flow in the brain is through these activated brain areas for

the delivery of oxygen. This change of oxygen level in the brain cell is called Hemo-

dynamic Response of the neuron and Brain Oxygen Level Dependency (BOLD)

is a mapping of neural activations to a scale. The contrast of BOLD responses differ-
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entiate between active and inactive brain areas.

Magnetic properties of an oxygenated body cell is found to be different than deoxy-

genated body cells. Based on this discovery, fMRI machines scan the human brain

in three dimensions and measure the activations of whole brain. This 3-D image is

called a Brain Volume and its atomic level cubic element is called a voxel. A voxel

holds the combined BOLD response of the neurons in its range.

During a scanning of the brain of a human subject, fMRI machine captures 3 dimen-

sional brain volumes with a relatively low time frequency compared to dynamics of

the human brain. Depending on the spatial resolution of the machine and the inter-

val between two adjacent voxels, the number of voxels in each of the brain volumes

varies between 100.000 and 200.000. The temporal resolution of the machine defines

the time interval between the capturing of two consecutive brain volumes and it is

around 1 second.

fMRI scanning experiments can be designed to measure brain activities while exper-

imentees perform various cognitive tasks, such as solving a puzzle, memorizing a

word. This type of fMRI experiments are called task-based fMRI (tfMRI). During

a tfMRI scanning, the subjects can perform several cognitive tasks in sequence in a

single session, or separate sessions could be reserved for each cognitive tasks. The

aim in conducting tfMRI experiments is to examine the human brain under different

cognitive states.

It has been assumed that the human brain could be divided into sections, each of

which are evolved to specialize in performing a mental task: evaluating visual input,

maintaining the physical balance, remembering a scent, etc. Physical pathways, acti-

vational responses, and many other neurological findings have been taken as path to

determine these distinct brain regions. There have been also various types of map-

pings that determine which voxel in a brain volume resides in which of these brain

regions. These mappings or atlases opened the door for researchers to study the hu-

man brain in a more abstract level.

The above-mentioned discoveries and developments have given us an ultimate goal,

which is to computationally model the human brain. We believe simulating the dy-
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namics of the brain in an artificial environment under our control would take us one

step closer to open the magical black box. In this sense, many studies have been

conducted to understand what cognitive task a scanned brain is performing, what

abnormalities in the brain causes a disorder, or what is the underlying connectivity

pattern during a cognitive process. The computational approaches to shed a light to

this questions are known to be ’brain decoding’ or ’mind reading’ in the literature.

To put it more formally, brain decoding is an attempt to deduce the condition of

the brain by understanding the underlying dynamics of the organ depending on the

observation supplied by the brain imaging techniques. While the condition to be

predicted could vary, the raw data used in methodologies in fMRI is the grid-like

volumic structure containing the activational information for every time step during

scanning. This data could be further processed to obtain time series of anatomical

brain regions’ representative activations.

In the rest of the study, we use the terms ’brain network’, ’brain graph’, ’mesh’ in

exchange to refer the term ’brain graph’.

1.1. Motivation and Problem Definition

We pursue a computational technique to represent the human brain as a collection of

networks established among the anatomic regions. One of the power of this compu-

tational technique should be the capability to magnify the difference between brain

volumes under different cognitive tasks. This property would make it easier for re-

searchers to study transition of brain activation patterns under different cognitive con-

ditions. A second power is interpretability of the outputs of the technique in terms

of the relations among anatomic regions. The technique also provides us an inter-

face that we can visualize and examine the brain networks to validate our preliminary

knowledge and assumptions of the human brain.

An intuitive approach to represent the brain from fMRI images is to employ raw ac-

tivity values of voxels or representative activity value of anatomical brain regions.

However, employing voxel values as features in our computational model is expen-

sive, since there could be up to 200.000 voxels in a single brain volume. Voxel BOLD
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responses or anatomical regions’ representative activations are not unique enough to

discriminate cognitive tasks. Therefore, they cannot be informative of the underlying

cognitive task of a brain volume.

A pioneering approach in the brain decoding field has been to model the brain as a

graphical structure and it caused a paradigm shift in the literature. The basic idea is to

take advantage of relative neural activations across the brain. This means that a voxel

may not carry a valuable information, yet its functional relation with the other vox-

els in the brain volume could provide a more dynamic and more robust information.

This relative relations has been assumed to show dependency, correlation or causal-

ity among distinct neural processing units. Many proposals have been made for the

process of modeling graphs on raw fMRI signals.

A brain graph consists of three main components: vertices, edges, and edge weights.

Every node in the graph represents an anatomical brain region. Existence of edge be-

tween any two nodes imply an assumed connection between the two anatomic region

these the nodes represent. Weight of an edge shows the power of that connection.

There are two types of weighted graph structures: directed and undirected. We can

adapt both of these graph types to model the human brain. In directed brain graphs,

the edges have directions and there are at most two edges connecting any two nodes.

In undirected brain graphs, the edges have no direction and there are at most one

between any two nodes.

Brain graphs are constructed with the aim of accurately modeling the human brain

under a cognitive condition. In order to evaluate a graph extraction method, we ob-

serve how much a brain graph formed during a cognitive task differs from the brain

graphs formed during the other cognitive tasks. We employ classification methods

for this purpose. Our classification methods predict the underlying cognitive task of

a given brain graph. The accuracy of the classifier’s performance is used as an eval-

uation metric for the graph extraction method. Therefore, in this thesis, we aim to

develop graph extraction models that will output brain graphs with higher classifica-

tion performance than the methods in the literature.

Brain decoding is a multidisciplinary field in which neuroscientific evaluations of
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the data and the computational methods occupies a considerable ratio. However, the

focus of computer science and neuroscience is very distant. Brain graphs serve as

a bridge between these two worlds. While methodologies have been engineered for

graph extraction as a focus of one discipline, the other can interpret the connectivity

patterns of these graphs in neuroscientific point of view.

The studies concerning brain graphs have been on the track of extracting subject-

level graphs. Yet, when it comes to create a generic graph for a cognitive task or a

condition, statistical tools have been used as post-processing step. Yet, there has not

been any method developed in the literature that produces a task-generic brain graph

as an output. Being an open problem, we aim to take the first step in this direction.

These characteristic networks would contain a population-level information regarding

a task and increase interpretability of the networks.

The basic pipeline of brain decoding using graphs is extraction of the brain graphs

as the first step and applying a classification algorithm on these brain graphs as the

second step. Yet, there has not been a structure that combines these two steps in a

single architecture.

1.2. Proposed Methods

In this thesis, we propose computational models to represent cognitive processes cap-

tured by functional magnetic resonance images (fMRI) for extracting brain graphs.

We evaluate the validity of our brain graphs by decoding a set of cognitive states

recorded in two fMRI data sets, namely HCP (Human Connectome Project) and TOL

(Tower of London) data sets.

In our first computational model, we propose two novel neural network architectures,

called Artificial Brain Networks (ABN) to estimate brain graphs for each subject and

for each cognitive process. The first architecture, directed Artificial Brain Networks

(dABN), is used to create directed brain graphs; on the other hand the second archi-

tecture, undirected Artificial Brain Networks (uABN), outputs an undirected brain

graph of a subject. Both architectures generate subject-level directed and undirected

brain networks.
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The second model is an extension to ABN. However, instead of creating subject-level

brain graphs, we aim to find a characteristic network that represents a cognitive task

over the population of subjects. There are also two types of population level brain

graphs: directed and undirected. We also propose a novel approach to classify the

unseen brain volumes on the consideration of the task-level meshes.

The third model is a novel end-to-end artificial neural network architecture to both

generate and classify brain graphs, simultaneously. Having options of directed and

undirected graphs, we only show the case where the generated brain graphs are di-

rected.

1.3. Contributions and Novelties

Our method offers both directed and undirected brain graphs by using similar artifi-

cial neural network architectures. Hence, we examine the effect of both graph types

on brain decoding. We, also, show that both undirected and directed graphs estimated

with our method provide more discriminative features to the classifiers, compared

to the state of the art methods, such as methods based on Pearson Correlation. We

generate directed and undirected brain graphs from a task-fMRI dataset (HCP) and

complex problem solving dataset (Tower of London) and show that our classification

performance is superior to state-of-the-art techniques in both within-subject classifi-

cation and across-subject classification.

We studied the effect of different loss functions on uABN and dABN to classification

performance. In detail, we show which parameter set on which loss function triggers

the best performance. We also made experiments on different types of classifiers to

get the best performance with our brain graphs.

To our knowledge, we are the first in the brain decoding literature to generate a generic

brain network for a cognitive task. Previously, for the same purpose, basic statistical

tools have been used to measure variance of edge weights. Using the generic brain

networks we obtain, we define a distance metric to categorize unseen brain graphs.

With our last model, we introduce discriminative features to brain graphs using an
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end-to-end model. This end-to-end model also means assembling the two components

(graph building and classification) into a single process.

Some of the parts of this thesis has been published in the following papers.

• Kivilcim, B. B., Ertugrul, I. O., & Vural, F. T. Y. (2018). Modeling Brain

Networks with Artificial Neural Networks. In Graphs in Biomedical Image

Analysis and Integrating Medical Imaging and Non-Imaging Modalities (pp.

43-53). Springer, Cham.

• Alchihabi, A., Kivilicim, B. B., Ekmekci, O., Newman, S. D., & Vural, F. T. Y.

(2018, May). Decoding cognitive subtasks of complex problem solving using

fMRI signals. In 2018 26th Signal Processing and Communications Applica-

tions Conference (SIU) (pp. 1-4). IEEE.

• Alchihabi, A., Ekmekci, O., Kivilcim, B. B., Newman, S. D., & Vural, F. T. Y.

(2018). On the Brain Networks of Complex Problem Solving. arXiv preprint

arXiv:1810.05077.

• Alchihabi, A., Kivilicim, B. B., Newman, S. D., & Vural, F. T. Y. (2018, April).

A dynamic network representation of fMRI for modeling and analyzing the

problem solving task. In Biomedical Imaging (ISBI 2018), 2018 IEEE 15th

International Symposium on (pp. 114-117). IEEE.

1.4. The Outline of the Thesis

Chapter 2 provides description of the methods in the literature to build brain graphs

and brain decoding methods using fMRI data. We also refer to works which includes

the relevant brain graphs in which cases they could be employed. Chapter 2 has also

definitions of various classification algorithms that have been utilized to categorize

brain graphs in the literature as a separate section.

In chapter 3, we describe how we compute directed and undirected brain graphs from

fMRI time series. We share details of the neural network architectures used in the

experiments. The chapter contains comparison of our method to the ones in the lit-

erature on within-subject and across-subject performances in datasets HCP and TOL.
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We also share results of our experiments obtained by using different loss functions

and different classification algorithms.

In chapter 4, we give details of the process of building population characteristic brain

graphs. The chapter also includes the visual representations of these generic net-

works. The second section of this chapter provides the distant metric we used to

compare two brain graphs and categorize an unseen brain volume. We supply the

classification performance we obtained with this metric.

The experiments we describe in chapter 5 are on across-subject classification on HCP

dataset. We, first, observe the change of classification performance on HCP brain net-

works across the epochs using a multi-layer perceptron classifier right after an dABN.

We propose our novel end-to-end artificial neural network architecture to classify and

create brain networks simultaneously. We compare the performances of our novel

architectures to the classical methods available in the literature.
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CHAPTER 2

BACKGROUND

From testing the effects of neurochemical drugs to observation of activation patterns

of cognitive states, studies to understand the human brain could be on various objec-

tives. However, in this thesis, we focus on only classification of cognitive states in

functional Magnetic Resonance Imaging (fMRI) data. We model the problem as a

machine learning problem. Therefore, we need to define the basic concepts of ma-

chine learning, such as a sample, the label of a sample and what we aim the algorithm

to learn and predict.

In order to bring familiarity to the reader, in the beginning of this chapter, we aim to

describe scanning procedures of fMRI, the characteristics of the data fMRI supplies,

and the fMRI data sets that have been used during our experiments in this thesis. In

Section 2.4 and Section 2.5, we elaborate how we model brain decoding process as a

machine learning problem.

2.1. Experimental Design of functional Magnetic Resonance Imaging (fMRI)

Process

Based on the design of fMRI scanning procedure, we categorize the fMRI experi-

ments into two; resting state fMRI (rs-fMRI) and task fMRI (tfMRI). In resting state

fMRI experiments, the aim is to capture the default activation patterns of the human

brain. As its name suggests, during resting state fMRI experiments, the subject of in-

terest is required not to perform any explicit mental task. Based on the data obtained

from a population of subjects, effect of single variable’s change among the popula-

tion can be studied. This variable could be existence of brain disorder (schizophrenia,
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dyslexia etc.) and the difference of brain activation patterns of a healthy subject and a

subject suffering from the disorder could be examined [2, 3, 4]. Using (rs-fMRI), the

effect of speaking a second language to functional connectivity of the brain is studied

in [5], differences between brain networks of female and male subjects is examined

[6].

Task-fMRI experiments (tfMRI) are conducted in order to study the effect of cognitive

process on the brain activation. During the scanning duration of a tfMRI experiment,

the subjects are required to accomplish certain cognitive tasks. The tfMRI experi-

ment could be on audio-visual experiment [7], solving a puzzle [8] or performing a

linguistic task [9]. The brain volumes of tfMRI experiments correspond to cognitive

task and in brain decoding, one of the aims is to categorize the brain volumes to their

underlying cognitive tasks. In this thesis, our objective is to study the brain volumes

from various cognitive tasks of two fMRI datasets, and classify them to cognitive

tasks using our proposed computational models. We explain the cognitive tasks and

the data type of these fMRI datasets in Section 2.3.

2.2. Nature of functional Magnetic Resonance Imaging (fMRI) Data

An fMRI dataset consists of brain volumes taken through a limited time. The time pe-

riod between any two consecutive brain volume is Repetition Time (TR). TR depends

on the characteristic of the fMRI machine and is generally around 1 second. A brain

volume surrounds the brain, however there could be empty spaces in the volume due

to non-cubic geometry of the human brain.

A brain volume consist of atomic cubic elements, voxels. Depending on the spatial

resolution of the machine, there are approximately between 20,000 and 200,000 vox-

els in a single brain volume. A voxel corresponds to a tiny area of the scanned brain,

and its value show the hemodynamic response of that brain area. Apart from repre-

senting the fMRI dataset as series of 3 dimensional images using brain volumes, we

can also represent the dataset using the time series of individual voxels. Time series

of a voxel could be obtained by aligning activations of the voxel through time. Time

series representation is useful in studying the responses of the brain to the stimulus
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Figure 2.1: During the scanning process of fMRI, a 3 dimensional brain volume is

captured at each time period (Repetition time). A brain volume includes thousands of

atomic units, voxels. A voxel holds the combined BOLD response of the correspond-

ing brain area. Gathering BOLD responses from a voxel through all brain volumes,

we form a discrete signal for a voxel. The figure is taken from Wager et. al. [1]

given during the fMRI experiment.

In the next section, Section 2.3, we describe the characteristics of the fMRI datasets

we have used in our brain decoding experiments.

2.3. fMRI Datasets Used to Study the Validity of the Proposed Computational

Models

Collecting fMRI data is costly and difficult, due to the restrictions of the fMRI data

acquisition equipment. As a result, the size of the data sets is small, compared to the

data sets used in the other field of computer science, such as computer vision, bioin-

formatics, big data analysis etc. These data sets are held private to the experiment

conductors or shared online for public use [10].

In our experiments, we use two task fMRI data sets. The first data set, Tower of

London, is a private data set supplied to us by Prof. Sharlene Newman, Indiana

University, Department of Brain Sciences. The second data set, Human Connectome
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Project task-fMRI data set, is a widely studied public fMRI data set.

2.3.1 Tower of London Experiment

Tower of London (TOL) is a puzzle consisting of 3 bins with varying capacities and 3

balls with different colors [11]. Aim in the game is to convert a pre-determined initial

configuration of balls to pre-determined final state by moving a ball at a time with the

least number of movements.

In the literature of brain decoding, TOL puzzles have been used in order to study

complex problem solving as the puzzle solving process requires several cognitive

tasks to be performed such as memory, strategy formation [8, 12, 13].

The fMRI experiment was conducted in Indiana University with 18 participants aged

between 19 and 38. The subjects played the computerized version of TOL during

the scanning. Each subject attended four fMRI sessions and in each of these sessions

they solved 18 different TOL puzzles.

There are two sub-phases of TOL puzzle solving process: planning and execution.

The time between the presentation of the game on the computer screen and the first

click of the subject is considered as the planning phase. Having varying duration

limited to five seconds at most, planning phase is the reserved time for the subject

for him/her to develop a strategy. The time between the occurrence of first click and

the last movement of the subject is considered as the execution phase. Subjects aim

to solve the puzzle by rearranging the positions of the balls transforming the initial

configuration to the final configuration. The time limit given to the subject for a single

puzzle is 15 seconds. If the subject can not solve the puzzle within the given time, the

puzzle is considered to be unsolved.

From the beginning of the fMRI session till the start of the first puzzle, there is a

fixation period of 32 seconds. Between the end of the execution phase of a puzzle and

the beginning of the next puzzle, a resting period is reserved, in which the subjects

focus on a + sign appearing on the screen. At the end of eighteenth puzzle of a

session, the subject rests until the session takes 590 seconds.
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Sample rate of the fMRI machine used in the experiments is TR = 1 second meaning

that the machine creates a brain volume at each second. Each brain volume in the

created dataset has 185,405 voxels. In summary, the dataset consist of brain images

of 18 subjects recorded in 4 sessions during 590 seconds, in which they solve 18

different puzzles.

2.3.2 Human Connectome Project

Human Connectome Project aims to investigate functional and structural connectiv-

ity patterns of healthy human brains by collecting tfMRI data from vast amount of

subjects. As of now, the collected dataset includes 1200 subjects.

In our experiments, we have used an earlier release of the HCP dataset consisting

of 807 subjects. Each subject attended 7 sessions of fMRI scanning and in each of

they perform a different cognitive task, namely : Emotion Processing [14], Gambling

[15], Language [16], Motor [17], Relational Processing [18], Social Cognition [19],

and Working Memory. The cognitive tasks covers 176, 253, 316, 284, 232, 274, 405

brain volumes of each subjects in the same order.

2.4. Feature Representation

Intuitive approach to represent the human brain using fMRI technology is to employ

raw brain volumes. However, data could be problematic due to a few reasons and a

more meaningful representation could be obtained by applying feature representation

algorithms. First, dimensionality of the data is too high for any computational model.

The number of voxels determines the number of features of a sample. Since, this

number could be very high, the memory consumption and running time could be

immense. Secondly, all voxels of the brain do not get activated during a cognitive

process. That means, there are redundant features in the raw data. Third, one can aim

to study activation patterns of the brain in a more abstract level. Lastly, instead of

only voxel activations, correlations and dependencies among broader brain areas may

be crucial.

13



In brain decoding literature, there have been various attempts to represent a brain vol-

ume with the aim of overcoming the above-mentioned problems. In this section, we

describe three main groups of methods that have been used for feature extraction. The

first one, Multi-Voxel Pattern analysis, is a feature elimination method designed with

purpose of identifying the ’important’ voxels for brain decoding analysis. The meth-

ods in the second group, Brain Parcellation, groups the voxels in a brain volume. The

last method group, Brain Graphs, represent the brain as a graph to denote functional

connectivities among brain units.

2.4.1 Multi-Voxel Pattern Analysis (MVPA)

A voxel captures the activations of a tiny brain area and hence represents the activation

of very small ratio of all neurons in the brain. Often times, activation of a single unit

(a voxel in this case) does not carry sufficient information regarding the underlying

cognitive process.

To have a broader view of the underlying cognitive process, one can consider the

whole brain image, i.e. all voxels and aim to capture a multivariate pattern. Yet, the

fMRI images are known to be very noisy [20] and one would also take account of

the noisy voxel values in this scenario. Also, current image techniques are capable of

supplying high resolution brain images and therefore, a great number of voxel units.

The high number of the features leads to a difficulty in pattern analysis and could

cause curse of dimensionality problems.

The aim in MVPA methods is to find a balance between information sufficiency and

feature quantity. The way to achieve a sparser representation of a brain volume, a

subset of voxels should be discarded and the activation of remaining voxels should

be assumed as the representation of the brain volume. Different methods to eliminate

voxels have been suggested in the literature [21, 22, 23]. Below, we acknowledge the

reader of the two most commonly used procedures.

In the first method, Voxel Selection, the aim is to achieve the maximum separation

among the samples from different classes. The approach is to measure the contri-

bution of each voxel to class prediction performance. Various methods have been
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proposed in order to measure the discrimination power of a feature on classification

and regression [24, 25, 26, 27, 28]. After, estimating the importance of each voxel

for learning algorithms, a ’custom’ thresholding is applied to select only the top most

discriminative voxels. Afrasiyabi et al. analysed the effect of voxel selection on the

classification performance in a visual object recognition experiment [21].

In the work of Kriegeskorte et al. [29], the voxels that are informative of the neu-

ral conditions are detected by applying ’Multivariate Effect Statistics’ to a spherical

volume of voxels. This multivariate analysis estimates the information each voxel

carries by calculating how much its activation contributes to a linear predictor of the

condition. After evaluation, the same steps are applied to another set of voxels which

resides in another sphere in the brain. The process is completed after considering

each voxel in a brain image as the center of a sphere and contribution of each voxel

to the discrimination of cognitive processes evaluated.

Principal Component Analysis (PCA) [30] and Independent Component Analysis

(ICA) methods have also been utilised to decrease the number of features in an fMRI

dataset. These methods take the voxel intensities as variables and apply a linear trans-

form on them to represent these variables in a new feature space. PCA method, max-

imizes the variance of the samples, and removing the components with low variance

corresponds to reduction of the data dimension [31]. ICA, on the other hand, finds

statistically independent components each of which contains distinct information.

The second approach, Region Selection or Region of Interest, could rely on both

statistics and neuroscientific findings. In [23], Haxby et al. focused on only the

voxels from ventral temporal cortex to classify objects in visual memory experiment.

In [8], observation from 8 different ROI which is relevant to strategy-development in

the brain have been used to study complex problem solving. Yet, a similar approach

to voxel selection could be employed to retain the voxels from discriminative regions.

2.4.2 Brain Parcellation

Neurons are atomic level information processors of the brain and the human brain

consists of billions of them. A voxel in a fMRI sample represents the activations of a
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group of voxels in its regarding coordination in the brain. Varying with the resolution

of the capturing machine, the number of neurons resides in the cubic of the voxel

could be up to millions.

Spatially close neurons are known to be in co-operation during mental processes. And

taking this observation as a starting point, one would expect several sections in the

brain would organize to process cognitive tasks. Similarly, we could assume that,

spatially close voxels would correlate functionally as they represent activations of

neighboring neurons and a group of spatially adjacent voxels may represent a cluster

of organized neurons. From this point on, we will use the term ’brain region’ or

’region’ to refer to these neuron clusters.

There have been various ways to define brain regions existing in human brain both

neuroscientifically and statistically [32]. While in neuroscientific studies certain map-

pings from voxels to limited number of brain regions are proposed, statistical studies

could include various number of regions and dynamic region borders over voxels.

Subject-level parcellation methods find unique segmentation for each considered sub-

ject independently. Clustering and segmentation methods have been applied to extract

subject-level parcels [33, 34]. [35]. Mogultay et al. [36] proposed to obtain the seg-

ments by partitioning the subject’s functional connectivity graph into variable number

of sub-graphs.

Group-level parcellation methods targets a data-base estimation of a mapping that

could be applicable to a wider range of individuals. The estimated template is as-

sumed to depict a common parcellation for a population. A group-level segmentation

could be obtained by aggregation of subject-level segmentation [37]. There have also

been pre-computed brain segmentation schemes which supplies a generalized tem-

plate for any individual [38].

2.4.3 Graphical Methods for Brain Decoding

A graph is a structure that visualize objects (nodes, vertices) and connectivities among

them (edges) and in some cases the power of these connections (edge weights, arc

weights).
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In computational neuroscience, a brain graph (brain network) represents functional

or structural connectivity of the brain’s neural units. The nodes of the graphs could

represent either a subset of brain regions or voxels. An edge implies a connection be-

tween two of these units and edge weight denotes the power of connectivity between

them.

Mathematically, we illustrate a weighted brain graph of anatomic regions as G =

(V,W ), where V = {v1, v2, v3, . . . , vM} denotes the vertices of the graph and the

vertices corresponds to M anatomic brain regions, R = {r1, r2, r3, . . . , rM}. W ∈ R

is adjacency matrix of the graph. An entry at coordinate (i, j), wi,j ∈ W , is weight of

the edge from vertex i to vertex j.

Based on the existence of a direction of its edges, a weighted brain graph could be

of two types: directed and undirected. A directed brain graph is a simple directed

graph, meaning that there are at most 2 symmetric edges connecting two nodes. An

undirected brain graph, on the other hand, is a simple graph where there are at most

1 undirected edge between any two nodes of the graph. Sample brain graphs of each

structures are visualized in Figure 2.2.

Brain graphs or brain networks have been a tool to understand the dynamics of under-

lying brain connections of human brains with various disorders. They have been an

informative feature representation for brain decoding. [39] have examined the brain

networks to study and verify the assumption of missing connections in the brains of

schizophrenic patients. In [40], the brain networks of patients with dyslexia have been

examined in order to observe difference of brain dynamics in healthy and dyslexic pa-

tients.

It has been shown that the brain networks contain more informative and discrimina-

tive information compared to raw fMRI data to classify cognitive tasks [41]. Hence,

researches have exploit the graph structure of the brain to predict the cognitive tasks

[7], gender of the subject [6, 42] or even to categorize subjects with autism [43]

In the rest of this subsection, several approaches in the literature to model the human

brain as a graph and methods to estimate adjacency matrices of these graphs, W ,

are explained. We define the brain network extraction methods in order to denote

17



v0

v1 v2

v3

Amygdala

Cingulum Occipital

Parietal

(a) A Directed Brain Network.
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(b) An Undirected Brain Network.

Figure 2.2: Sample directed and undirected brain networks formed using anatomic

brain regions, R = { Amygdala, Cingulum, Occipital, Parietal }. Similar graphs can

be formed for voxel level fMRI data by replacing the anatomic regions with the voxels

of interest.

connectivity among anatomic brain regions. However, the brain networks could be

defined by simply replacing the anatomic regions with voxels.

2.4.3.1 Pearson Correlation

Pearson correlation coefficient (PCC) measures the linear correlation between two

variables. The value of PCC varies between -1 and +1, where the value +1 implies a

total positive linear association, the value 0 indicates no correlation, and the value -1

means a total negative association.

In their work, Richiardi et. al. defined the functional connectivity [44] between two

anatomic region as Pearson correlation coefficient of the representative activations of

these anatomic regions. Therefore, the edge weight from node i to node j is calculated

as:

wi,j = wj,i = ρbi,t,bj,t
=
cov(bi,t,bj,t)

σbi,t
σbj,t

, (21)

where bi,t = [bi,t, bi,(t+1), ..., bi,(t+L)] represents the average time series of BOLD

activations of region i between time t and t+ L, cov() defines the covariance, and σs
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represents the standard deviation of time series s.

Pearson correlation is symmetric, meaning that the correlation of bi,t with bj,t is equal

to the correlation of bj,t with bi,t, ρbi,t,bj,t
= ρbj,t,bi,t

. Therefore, edges between

nodes i and j are also symmetric in the formed graph, wi,j = wj,i. Hence, this

method estimates an undirected brain network.

With this method, the brain networks are estimated for a time interval, therefore tem-

poral information of the fMRI data is considered. However, finding accurate Pearson

correlation coefficients require a long time interval and one of the limitations of the

fMRI data is having small number of brain volumes. Also, this method does not con-

cern the locality property of the human brain since the connectivity is estimated by

pair-wise calculations.

2.4.3.2 Levinson-Durbin Recursion

The brain graph construction methods that employ Levinson-Durbin recursion [45],

represent a linear relationship among the representative activations of anatomic re-

gions. In other words, we estimate representative activation of each anatomic region

based on the remaining ones. For region i, we estimate the representative activation

at time t, bi,t, using :

bi,t =
∑

j=1,j 6=i

wi,jbj,t + εi,t, (22)

where bj,t is the representative activation of anatomic region j, wi,j is the weight of

the connectivity from anatomic region i to j, and εi,t is error of estimation at time t.

Establishing the estimation formula, Equation (22), for each M anatomic brain re-

gion, we end up having M linear equations. When solving these equations, the aim

is to find the set of weights, wi,j , which minimize the error rate, εi,t. In the literature,

several algorithms using Levinson-Durbin recursion have been proposed in order to

solve the equations to obtain the weights [46, 47, 48].

Using a Levinson-Durbin recursion algorithm, linear regression equations for each
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anatomic brain region is solved separately in order to obtain adjacency matrix W =

{wi,j} at each brain sample. As a result, the obtained brain graph is a directed graph.

Previously, this approach has been adopted to estimate brain networks of a recognition

memory experiment for classification of semantic words [7, 41].

This approach takes locality property of the brain into account by avoiding pair-wise

comparisons. However, the method is not capable of estimating a brain graph for a

time interval. Therefore, temporal information is not considered.

2.4.3.3 Closed Form Solution of Ridge Regression

Ridge Regression is a form of loss function which measures the difference between

the estimation of a variable and the true value of that variable. The function also

utilises a regularization on the weights that will be estimated to penalize large weights.

In this approach, similar to Levinson-Durbin approach, we assume that we can es-

timate the activation of an anatomical region by applying a linear regression on the

representative activations of the remaining anatomic regions. In addition to this as-

sumption, we also construct this linear relation within a time interval as in Pearson

correlation method. Formally, we reconstruct the activation of anatomic region i dur-

ing the time interval [t, t+ L] as:

bi,t′ =
∑

j=1,j 6=i

wi,jbj,t′ + εi,t′ ∀t′ ∈ [t, t+ L] (23)

where εi,t′ is the error of estimation at time t′. The aim is to minimize the expectation

of error rate through the time. For this purpose, a loss function is defined to measure

total error of estimation :

Lossridge(bi,t;w) = E((bi,t′ −
M∑

j 6=i,j=1

wi,jbj,t′)
2) + λwT

i wi (24)

where bi,t = {bi,t′}t′∈[t,t+L] ∈ RL is the vector consisting of representative activation

of anatomic region i, E(.) is expectation operator taken through time. The last term
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in the equation is the regularization included in order to increase the generalization

capability of the regression and λ is the regularization hyperparameter and wi =

{wi,j}Mj=1,j 6=i ∈ RM−1 is the weights of the regression. The weights, wi, that minimize

the defined loss function is calculated with the following closed form solution :

wi = (BTB+ λI)−1BTbj,t, (25)

where the matrix B ∈ RL×(M−1)

where B ∈ RL×(M−1) is a matrix, whose columns consist of the average BOLD acti-

vations of anatomic regions except for the region i in the time interval [t, t+ L] such

that column j of matrix B is bj,t, B:,j = bi,t . λ ∈ R represents the regularization

hyperparameter. I ∈ R(M−1)×(M−1) in the formula is an identity matrix.

This method has been used in order to estimate brain graphs on an fMRI dataset of

an object recognition experiment and on HCP dataset [49, 50, 51].

The brain graphs created using the closed form solution of ridge regression are di-

rected graphs. This approach includes both temporal information of the fMRI data

and the locality property of the human brain. However, the solution, Equation (25),

involves pseudo inverse of relative a big matrix which could cause an inaccurate esti-

mation.

2.4.3.4 Granger Causality

Granger causality model was first introduced in economics [52]. Being an effective

method for time series, the method can be used to estimate the effect of a signal upon

another signal. One of the assumptions of the model is that the signals to be modeled

have the causality property, meaning that the current value of signal, x[t] depends on

the past values of the signal.

Granger causality method, estimates how much the current value of the signal, x,

depends on the past values of another signal, y, and its own past values. Hence, these

two signals, x and y are modeled as:
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x[n] =
∑M

m=1 ax[m]x[n−m] +
∑M

m=1 by[m]y[n−m] + εx[n]

x[n] =
∑M

m=1 by[m]y[n−m] +
∑M

m=1 ax[m]x[n−m] + εy[n]

where ax and by are coefficients of how much the past values improve the prediction

of the current of value of the signal x and y respectively; ay, by represent the effect of

one’s past values to the other’s current value; εx[n], εy[n] are the error margins for the

time t = n.

Geweke et. al. proposed a solution to measure the dependence of two auto-regressive

models onto each other [53]. This method has been utilised to study the influence of

brain regions to each other in visual cortex of various animals [54, 55] and to create

effective brain graphs in resting state fMRI [56].

Calculating pairwise Granger causality of anatomic brain regions, a directed brain

graph could be obtained for a time interval. This approach would consider the tempo-

ral information of the data, however pairwise estimations prevents the use of brain’s

locality property.

2.5. Classification Methods

In this section, we describe the classification methods used in the literature to cate-

gorize the brain graphs with respect to cognitive states. While most of these methods

are for general use in machine learning, some of the architectures are specifically

designed to classify brain graphs.

2.5.1 Multilayer Perceptrons (MLP)

Multilayer perceptrons (MLP) is a type of neural network architecture that has been

used for supervised classification. As the name suggests the architecture consists of

layers of perceptron stacked on top of each other.

A perceptron is the basic, atomic processing unit of an MLP structure, shown in

2.3. Inspired by the actual neural cells, a perceptron weights every incoming input,

propagates the summation of these weighted inputs. o =
∑N

i wixi. An activation
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Figure 2.3: A perceptron. The incoming input to perceptron the vector x = {x}4i=1.

The perceptron assign a weight for each incoming connection. Its output the dot

product of the weight vector and the input vector. An additional non-linear function,

σ(.) could be used to scale the output.

function can be applied for non-linearity after the summation.

An MLP could be devised in very different configurations since number of layers,

number of nodes in each layer, activation function of each layer are design parameters.

The first level in the architecture is named as input layer and the very last one is called

output layer. Hidden layers are the ones between them and if there are more than one

of them, the model considered a deep one, otherwise it is a shallow architecture.

There are two flows in an MLP: forward propagation and backward propagation. If

the flow is from bottom to top, it is called forward propagation and networks make a

prediction in this flow. If it is top to bottom, the network adjust the weights in a way

to correct its mistakes in the prediction phase. This optimization phase is completed

by employing back-propagating algorithm for a number of epochs [57].

MLPs have been employed to perform classification in big fMRI datasets. A deep

neural network has been used classify cognitive tasks across all subjects in Human

Connectome Project dataset in [58]. Plis et. al. employed an MLP in order to predict

schizophrenia in a given patient’s functional brain images [59].

2.5.2 Convolutional Neural Networks

Convolutional Neural Networks (CNN) are special type of artificial neural networks

that are generally specified to solve image related problems: such as image classifi-

23



i1

i2

i3

i4

h1

h2

h3

h4

h5

o1

o2

o3

x1

x2

x3

x4

o1

o2

o3

Figure 2.4: A Multilayer Perceptron. The left-most nodes are input nodes, and right-

most nodes are the output nodes of the architecture. The middle layer is called a

hidden layer. Form left to right output of a layer is fed into the next layer as the input.

When used for classification, an output node oj , returns the probability of the sample

belonging to class j.

24



cation, object detection. CNNs aim to replace hand-crafted filters that have been used

in the older image processing algorithms.

At a convolution layer, an incoming image is further processed by convolution with

the filters in that layer and this processed image is propagated to an upper layer. In

a vanilla CNN architecture classification or regression task is performed by the fully

connected layers at the end of the architecture.

Requiring very specific input structures, CNNs can only work on grid-like inputs.

This could be a 1-D time signal, 2-D image, 3-D brain volume.

Variations of CNNs have been applied in brain decoding. Kawahara et. al. pro-

posed using 1 dimensional CNNs on rows and columns of adjacency matrices of brain

networks to estimate neurodevelopment of premature infants [60]. In [61], Spectral

CNNs are employed to predict Alzheimer’s disease.

2.5.3 Support Vector Machines

Support Vector Machines are one of the most popular methods in Machine Learning

literature which could be used for both classification and regression problems. It is

also a memory efficient and a robust method that can be used in high dimensional

feature spaces.

At the core of SVMs lies the support vectors. In a binary classification problem,

support vectors are the coordinates of two spatially closest samples from opposite

classes. These support vectors are considered when drawing the decision boundary.

After the support vectors are selected among the samples, decision function draws

decision boundary in the space. Decision function is a design issue and could be

selected as a linear or a non-linear function. Linear decision functions result on hy-

perplane in the space that is equidistant from support vectors. The distance between

the hyperplane to a support vector is called the margin and it is the main objective of

the algorithm to maximize this distance.

The SVM method could be generalized for multi-class problem by drawing ’one ver-

sus the rest’ decision boundaries for each of the classes. That means we would end
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Figure 2.5: Support vectors and a hyperplane drawn by SVM in binary classification

problem. The features of the samples, {x1, x2}, are in a two dimensional space.

Support vectors pass through the spatially closest samples from opposite classes.

up having n ∗ (n− 1)/2 decision boundaries in multi-class example.
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CHAPTER 3

MODELING SUBJECT- LEVEL BRAIN NETWORK WITH ARTIFICIAL

NEURAL NETWORKS

In this chapter, we propose a novel method to model each cognitive state, when a sub-

ject is exposed to a pre-defined stimulus. The proposed model generates subject-level

directed and undirected brain networks using artificial neural networks. A representa-

tive activation time series are extracted from the fMRI data recorded during a subject

performs a cognitive task. These representative time series are then employed to esti-

mate the connectivity of anatomical regions.

We generate brain networks using fMRI data from two datasets: HCP (Human Con-

nectome Project) and TOL(Tower of London). We train an Support Vector Machine

on these brain graphs to predict the underlying cognitive process. We show that our

method achieves the state of the art classification performance in both of the fMRI

datasets.

3.1. Modeling the Cognitive States of Brain as A Graph

In this section, we explain how we estimate the edge weights of directed and undi-

rected brain networks using artificial neural networks. Throughout this chapter, we

represent a brain network by G = (V,W ), where V = {v1, v2, v3, . . . , vM} denotes

the vertices of the network, which represent M = 90 anatomical brain regions. Each

node has an attribute which consists of average voxel time series which resides in the

anatomical region.

W = (wi,j) is the adjacency matrix of the graph G. wi,j denotes the weight of the

27



edge from vi to vj . If G is undirected, the adjacency matrix is symmetrical W = W T

and therefore wi,j = wj,i. Sample representations of directed and undirected brain

networks are shown in Figure 2.2 in Chapter 2.

The anatomical brain regions we use are defined by Anatomical Atlas Labeling (AAL)

[38]. We discard the regions residing in Cerebellum and Vermis, since they do not

contribute to cognitive processes we are interested in. We use the remaining M = 90

anatomic regions to denote the vertices of the graph and later in the next section.

As mentioned in Chapter 2, each anatomic region is represented by a time series

obtained by averaging all the voxel time series in in that region, defined over a time

interval.

Let us now, describe how the representative activations of these anatomic regions are

used to estimate adjacency matrix of the graph.

We start by partitioning the time series of the fMRI signal recorded at each voxel

into non-overlapping time windows with length L. Therefore, the kth time window,

wink denotes the time interval [k ∗ (L − 1), k ∗ L] of the data. Overall, we obtain

a list of time windows winall = {win1, win2 . . . winn} from the entire fMRI time

series, where n = Z/L denotes the number of time windows and Z is the length

of the fMRI signal. Using representative activations of anatomical regions within

each time window, we estimate a different brain graph. Therefore, we create a list

of brain networks Gall = {G1, G2 . . . Gn}. A graph Gk will represent the spatio-

temporal relationship among anatomic regions during time window wink. Assuming

that, a single cognitive process takes place during a time window wink, we represent

the underlying cognitive process as yk, and for the whole signal we collect yall =

{y1, y2 . . . yn}. We define the process of partitioning the time series of an fMRI signal
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in Algorithm 3.1.

Algorithm 3.1: Algorithm to split the fMRI data into time windows.

Process Extract_time_windows(data):

time_windows = { } ;

for t=0; t + L < data.length ; t← t+L do

time_windows.add( [t, t+ L] ) ;

end

return time_windows ;

3.2. Representation of Brain Networks by the Relationships among the BOLD

Responses

For a given time window wink, weights of incoming edges to vertex vi is defined by

an M dimensional vector, wi = [wi,1, wi,2 . . . wi,M ]. Note that the ith entry wi,i = 0,

which implies that a node does not have an edge value into itself. These edge weights

can be represented as a linear combination of activation, bi,t, of region i at time t to

the activations of the remaining regions, bj,t:

bi,t′ =
M∑

j 6=i,j=1

wi,jbj,t′ + εi,t′ = b̂i,t′ + εi,t′ ∀t′ ∈ wink (31)

where b̂i,t′ is the estimated value of bi,t′ at time t′ with error rate εi,t′ , which is the

difference between the real and estimated activation.

3.3. Estimation of Edge Weights Using Artificial Neural Networks

We design an artificial neural network model with two layers to estimate the edge

weights of brain networks. This artificial neural network will estimate the represen-

tative activations of each anatomic region, bi,t, using the representative activations of

the remaining anatomic regions, bj,t. Therefore, there are M = 90 input takes tak-

ing regional representative activations and there are M = 90 output nodes supplying

estimation of these activation in the artificial neural network.
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The weights of the artificial neural network we design corresponds to the edge weights

of the directed brain network, such that the weight from inputi to outputj iswi,j ∈ W
where W is the adjacency matrix of the brain network.

We use Ridge Regression as the loss function of artificial neural network. Using the

loss function we penalize the error rate in the estimation of regional representative

activations. We also append a regularization term to the loss function in order to

increase the generalization capability of the artificial neural network. We define the

loss of output node i as:

Lossi(bi;wi) = E((bi,t′ −
M∑

j 6=i,j=1

wi,jbj,t′)
2) + λwT

i wi (32)

where vector wi = [wi,1, wi,2 . . . wi,M ] is the weights connected to node i, the vector

bi = [bi,t, bi,t+1 . . . bi,t+L] is representative activations of region i during wink, and λ

is the regularization hyperparameter, and E(.) is the expectation operator taken over

time interval wink.

Using Equation (32), we define the proposed artificial neural network architectures

for estimation of adjacency matrices of directed and undirected brain networks in

the following subsections. For each time window we define on the fMRI signal, we

extract brain networks of both structures using the artificial neural networks. The

overall process can be seen in Figure 3.1.

3.3.1 Directed Artificial Brain Networks (dABN)

The artificial neural network we design for estimating directed brain network, shown

in 3.2 is straightforward. We do not have any restrictions on the weight matrix of

directed brain networks, such as the symmetry property of the adjacency matrix,W =

W T .

We use loss function define in Equation (32) for the artificial neural network. We
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Figure 3.1: A sample figure of brain network extraction approach using non-

overlapping time windows from fMRI signals of anatomic regions. Starting from

the beginning of the signal, we declare time windows with length L until the end of

the signal. For each time window, using the proposed methods, we estimate a directed

and an undirected brain networks using the representative activations of the anatomic

regions within the time interval.
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Figure 3.2: Directed Artificial Brain Network Architecture.

apply gradient descent on the loss function to update the weights, wi,j:

wi,j ← wij − α
∂Lossi(bi;wi)

∂wi,j

. (33)

We train the artificial neural network for an empirically chosen number of epochs,

#epochs. At the end of the training, we obtain the optimal weights for minimizing

the loss function.

3.3.2 Undirected Artificial Brain Network (uABN)

The adjacency matrix of undirected brain network should be symmetrical, W = W T ,

wi,j = wj,i. To create the symmetry, we apply a weight sharing mechanism in the

artificial neural network by sharing the weight of every (wi,j, wj,i) pair. The artificial

neural network we use for creating undirected brain networks is shown in Fig. 3.3.

We use Equation (32) loss function of the artificial neural networks. The weight

matrix of uABN is initialized symmetrically, wi,j = wj,i and in order to satisfy the

symmetry constraint through the training process, we define the following update rule

for the weights, wi,j and wj,i :

wi,j = wj,i ← wi,j −
1

2
α

[
∂Lossi(bi;wi)

∂wi,j

+
∂Lossj(bj;wj)

∂wj,i

]
. (34)
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Figure 3.3: Neural Network Structure to Create Undirected Artificial Brain Networks

(connections with the same colors are shared).

where vectors wi = [wi,1, wi,2 . . . wi,M ], wj = [wj,1, wj,2 . . . wj,M ] are incoming

weights to output node i and j of the artificial neural network respectively. The vec-

tors bi and bj denote the representative activation series of region i and region j during

time interval wink respectively.

We optimize the weight of the artificial neural network by updating the weights for

an empirically chosen number of epochs, #epochs.

We explain the overall process of extracting directed and undirected brain networks
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with a pseudocode in Algorithm 3.2.

Algorithm 3.2: Algorithm of creating subject level brain networks with the pro-

posed method. In ABN process, the adjacency matrices are estimated. Intial-

ize_Weight_Matrix process is used for random initialization of adjacency ma-

trices

Process Intialize_Weight_Matrix( graphType):
W ← randomly initialized (uniform distribution, unif(0,1) ) M ×M
matrix;

if undirected then

W ← 1
2
(W +W T ) ;

end

return W ;

Process ABN(subject_data, λ, #epochs):
time_windows = Extract_time_windows(subject_data)

Adjacency_matrices = { } ;

labels = { } ;

for win in time_windows do

win_data = subject_data(win) ;

W ← Initialize_Adjacency_Matrix(graphType) ;

epoch = 0 ;

while epoch < #epochs do

Calculate loss of the artificial neural network using Equation (32) ;

Calculate derivative of loss with respect to W ;

Update W with Equation (33) for directed, Equation (34) for

undirected case;

epoch← epoch+ 1 ;

end

label← cognitive task of win.

labels.add(label) ;

Adjacency_matrices.add(W) ;

end

return Adjacency_matrices, labels ;

34



3.4. Baseline Methods

In this subsection, we briefly describe the state of the art methods that have been used

to build functional connectivity graphs, in order to provide some comparison for the

suggested Artificial Brain Network.

3.4.1 Pearson Correlation

In their work, Richiardi et al. [44] defined the functional connectivity between two

anatomic regions as pairwise Pearson correlation coefficients computed between the

average activations of these regions in a time interval. The edge weights wi,j and wj,i

are computed within time interval wink as :

wi,j = wj,i = ρbi,bj =
cov(bi, bj)

σbiσbj
, (35)

where bi = [bi,t, bi,(t+1), ..., bi,(t+L)] representative activation series of region i within

time interval wink, cov() defines the covariance, and σs represents the standard devi-

ation of time series s.

3.4.2 Local Mesh Model with Temporal Measurements (LMM-TM)

In order to estimate adjacency matrix of a brain graph within time interval wink with

the proposed method in [49], we estimate the representative activation of a region

based on the activations of its neighboring regions. We minimize the loss function

in Equation 32 using closed form solution for ridge regression. In estimation of edge

weight incoming to region i, wi = [wi,1, wi,2 . . . wi,M ], we minimize the loss func-

tion with respect to wi. The following equation is the closed form solution of ridge

regression function to find wi:

wi = (BTB+ λI)−1BT bi, (36)

where B is an L × (M − 1) matrix, whose columns consist of the average BOLD
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activations of anatomic regions except for the region i in the time interval wink, such

that column j of matrix B is bj . λ ∈ R represents the regularization hyperparameter.

3.5. Experimental Analysis of Artificial Brain Networks

The aim in creating a brain network is to capture the underlying connectivity pat-

terns of the human brain during a cognitive process. In the previous section of this

chapter, we defined how we can estimate a brain network within a time interval of a

cognitive task. In this section, we explore how a brain network, Gk, we created with

the proposed method describes the underlying cognitive task, yk. For this purpose,

we employ a classification algorithm to categorize a given task into one of the cogni-

tive tasks in the dataset. Based on the performance of the classifier, we evaluate the

quality of the brain networks’ representation.

In order to compare our method with other brain network extraction methods in the

literature, we implement two methods mentioned above: LMM-TM and Pearson Cor-

relation method. Similar to our proposed model, they estimate a brain network, Gk,

for every time interval, wink. Therefore, the methods are evaluated on how informa-

tive a brain network they create, Gk is to a classifier about the underlying cognitive

task, yk.

We work on two fMRI datasets: TOL and HCP. On both of these datasets, we ap-

ply our brain network extraction methods and the baseline methods to create brain

networks.

3.5.1 Human Connectome Project (HCP) Experiment

In Human Connectome Project dataset, 807 subjects attended 7 sessions of fMRI

scanning in each of which the subjects were required to complete a different cogni-

tive task with various durations, namely, Emotion Processing, Gambling, Language,

Motor, Relational Processing, Social Cognition, and Working Memory. We aim to

discriminate these 7 tasks using the edge weights of the formed brain graphs.

In the experiments, the learning rate α was empirically chosen as α = 10−5 for both
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Table 3.1: Within-Subject Performances of Brain Networks on HCP Dataset.

Pearson Corr. Ridge Reg. dABN uABN

λ Mean Std Mean Std Mean Std Mean Std

0 0.7194 0.16 - - 0.7435 0.13 0.5918 0.13

1 0.7194 0.16 0.5293 0.13 0.9236 0.07 0.9226 0.07

2 0.7194 0.16 0.5663 0.13 0.9453 0.06 0.9449 0.06

4 0.7194 0.16 0.6188 0.13 0.9440 0.07 0.9439 0.07

8 0.7194 0.16 0.6782 0.13 0.9203 0.08 0.9201 0.08

16 0.7194 0.16 0.7408 0.12 0.8597 0.11 0.8595 0.11

dABN and uABN and window size is chosen as L = 40. We compared the directed

and undirected Artificial Brain Networks and Ridge Regression method using various

λ values. Since computation of Pearson correlation does not require any hyper pa-

rameter estimation, a single performance result is obtained for the Pearson correlation

method.

After estimating the arc weights of Artificial Brain Networks and forming the feature

vectors from the graph adjacency matrix, we performed within-subject and across-

subject experiments using Support Vector Machines with linear kernel. During the

within-subjects experiments, we performed 3-fold cross validation using only the

samples of a single subject. Table 3.1 shows the average within-subject experiment

results over 807 subjects, when the classification is performed using a single subject

brain network of 7 tasks. During the across-subject experiments, we performed 3-

fold cross validation using the samples obtained from 807 subjects. For each fold we

employed the samples from 538 subjects to train and 269 subject to test the classifier.

Table 3.2 shows the across-subject experiment results.

Table 3.1 shows that in within subject experiments our methods, dABN and uABN,

give the best performances in classifying the cognitive task under different λ values.

Furthermore performances of directed networks are slightly better than undirected

ones. It can be observed that as λ increases, generalization of our models also increase

up to λ = 2.
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Table 3.2: Across-Subject Performances of Brain Networks on HCP Dataset.

Pearson Corr. Ridge Reg. dABN uABN

λ Mean Std Mean Std Mean Std Mean Std

0 0.7524 0.01 - - 0.6654 0.01 0.5681 0.01

1 0.7524 0.01 0.6737 0.00 0.8211 0.00 0.8179 0.00

2 0.7524 0.01 0.6931 0.00 0.8347 0.01 0.8334 0.01

4 0.7524 0.01 0.7189 0.00 0.8410 0.01 0.8406 0.01

8 0.7524 0.01 0.7481 0.01 0.8400 0.01 0.8402 0.01

16 0.7524 0.01 0.7760 0.00 0.8327 0.01 0.8328 0.01

Table 3.2 shows that our methods outperform the others within a range of λ values,

λ = {1, 2, 4, 8, 16}. Pearson Correlation results in the best accuracy when no regu-

larization is applied to Artificial Brain Networks.

3.5.2 Tower of London(TOL) Experiment

We also test the validity of the suggested Artificial Brain Network on a relatively more

difficult fMRI dataset, recorded when the subjects solve Tower of London (TOL)

problem. TOL is a puzzle game which has been used to study complex problem

solving tasks in human brain. TOL dataset used in our experiments contains fMRI

measurements of 18 subjects attending 4 sessions of problem solving experiment. In

the fMRI experiments, subjects were asked to solve 18 different puzzles on computer-

ized version of TOL problem [8]. There are two labeled subtasks of problem solving

with varying time periods namely, planning and execution phases.

As the nature of the data is not suitable for a sliding window approach and the dimen-

sionality is too high for a computational model, in our previous study [62], a series

of preprocessing steps were suggested for the TOL dataset. In this study, we employ

the first two steps of the pipeline. In the first step, voxel selection and regrouping, a

feature selection method is applied on time series of voxels to select the "important"

ones. Then, the activations of the selected voxels in the same region are averaged
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Table 3.3: Within-Session Performances of Mesh Networks on TOL Dataset.

Pearson Corr. Ridge Reg. dABN uABN

λ Mean Std Mean Std Mean Std Mean Std

0 0.6119 0.09 - - 0.8914 0.11 0.8499 0.12

1 0.6119 0.09 0.6688 0.10 0.8913 0.11 0.8499 0.12

2 0.6119 0.09 0.6651 0.10 0.8914 0.11 0.8499 0.12

4 0.6119 0.09 0.6679 0.10 0.8906 0.11 0.8499 0.12

8 0.6119 0.09 0.6685 0.10 0.8905 0.11 0.8500 0.12

16 0.6119 0.09 0.6705 0.10 0.8912 0.11 0.8498 0.12

to obtain the activity of corresponding region. As a result, a more informative and

lower dimensional representation is achieved. In the second step, bicubic spline in-

terpolation is applied to every consecutive brain volumes and a number of new brain

volumes are inserted between two brain volumes to increase temporal resolution. For

the details of interpolation, refer to [62]. In this study, the optimal number of volumes

inserted between two consecutive brain volumes are found empirically and it is set to

4. Therefore, the time resolution of the data is increased four times.

We applied the above-mentioned preprocessing steps to all of the 72 sessions in the

dataset. After the voxel selection phase, number of regions containing selected voxels

is much less than 116 regions. Note that, we discard regions located in Cerebellum

and Vermis. Window size for this dataset was set to L = 5, since there are at least

5 measurements for every sub-phase after the interpolation. The neural network pa-

rameters used in our experiments are α = 10−6 and #epochs = 10. Table 3.3 shows

the mean and standard deviation of classification accuracy obtained with our method

and the base-line methods. Similar to HCP experiments, we slid non-overlapping

windows on the measurements and we performed 3-fold cross validation during TOL

experiments.

Table 3.3 shows that the suggested Artificial Brain Networks model gives better per-

formances than that of Pearson Correlation and Closed Form Ridge Regression meth-

ods in classifying sub-phases of complex problem solving under various regulariza-
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tion parameters. We observe that decoding performances of directed brain networks

outperforms those of undirected brain networks.

3.6. Chapter Discussion

In this chapter, we applied classification on brain networks and took advantage of their

discrimination power. We showed that, representation power of the proposed methods

is greater than the power of existing brain network extraction methods. Main focus

of this chapter was the representative power of our networks.

We considered studying brain networks to reveal connectivity patterns of the brain.

For this purpose, use of network properties [63, 64] and brain graph visualization tools

[65, 66, 67] could be convenient options. However, we estimated almost 100,000

brain networks for TOL dataset, more than 200,000 brain networks for HCP dataset.

Quantity of the brain networks makes any analysis to be applied unfeasible and in-

correct due to big differences among brain networks of different subjects.

In the next chapter, Chapter 4, in order to solve the problems of brain networks men-

tioned above, we propose an algorithm that estimates task level brain networks. It

means that, we will describe a cognitive task of a tfMRI dataset with a single brain

network. This brain network will present common connectivity patterns of all the sub-

jects in the dataset. Reducing the number of the brain networks and settling individual

differences among the subjects will help us to examine the functional connections of

the human brain in a deeper sense.

In this chapter, we considered complete brain graphs where all regions are assumed

to have connections with each other. A sparser brain representation can be compu-

tationally more efficient and neuroscientifically more accurate. For sparsification of

brain networks, we will apply thresholding to the weight matrices in Chapter 4.

Although the number of publicly available fMRI datasets increases [10], there is not

a dataset commonly used by the majority of computational neuroscience researchers.

Hence, we can not ensure the classification accuracy we obtain with our brain net-

works is the highest up to now. For a more detailed analysis, we leave observing the
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performance of the proposed methods in other tfMRI dataset as a future work.

It has been shown that the segmentation of the brain plays an essential role in brain de-

coding and discrimination power of brain networks [32, 68]. In this study, we used a

precomputed brain atlas for the segmentation of the brain. However, a computational

group-level parcellation method could be employed in order to group the voxels of a

brain volume into clusters where the voxels with similar functional behaviours will

be gathered into the same cluster. We believe, a custom brain parcellation would

improve the classification performance of the brain networks.

3.7. Chapter Conclusion

In this chapter, we proposed two novel methods to estimate directed and undirected

brain networks from fMRI data. We designed classification experiments in two fMRI

datasets, namely HCP and TOL, to show the power of feature representation of our

methods. With HCP dataset, we conducted within and across subject classification

experiments. We show that the classification accuracy is higher when we employ

our methods compared to the two state of the art brain network extraction methods

in both within and across subject experiments. In HCP dataset, we also show the

classification performances obtained with dABN and uABN are very close to each

other.

We conducted within-session classification using TOL dataset. Since the fMRI data

of TOL experiment is not suitable for brain network extraction, we applied a pre-

processing pipeline that served us an output that we can build brain networks on.

Although it is a more challenging dataset than HCP, we achieved the highest classifi-

cation performance with our methods.
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CHAPTER 4

MODELING COGNITIVE TASK- LEVEL BRAIN NETWORKS WITH

ARTIFICIAL NEURAL NETWORKS

Classical brain network extraction methods in the literature creates subject level brain

networks from fMRI data. Similar to our approach in Chapter 3, for a single subject, a

set of brain networks are created for each cognitive process the subject goes through.

Using brain networks of all subjects in a dataset, a classification algorithm is run in

order to evaluate the discrimination power of these brain networks.

In this chapter, we suggest a different approach compared to the classical approaches

for classification of brain networks. We propose a method to create a single brain

network for each cognitive task in a fMRI dataset. A task-specific brain network of a

cognitive task enables us to study the similar patterns shared among all the subjects

and shared connectivity patterns occurring in the brains of all subjects in the dataset.

Therefore, brain networks will enable us to study population-wise functional brain

connectivities.

We estimate the task specific brain networks using artificial neural network architec-

tures, defined in Chapter 3. We adapt the methods for extracting both directed and

undirected Artificial Brain Networks. Therefore, we estimate both directed Task Spe-

cific Brain Networks (dTSN) and undirected Task Specific Brain Networks(uTSN).

We visualize the estimated artificial brain networks using Brainnet Viewer toolbox

[65] to study them in a deeper sense. Observing these network visualizations, we

draw some surprising conclusions regarding the structure of brain networks. For ex-

ample, we observe that human brain tends to form undirected connectivity patterns

among the anatomic regions during a cognitive process.
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We propose a classification method to categorize an unseen chunk of fMRI data into a

cognitive task. Using this classification method, we perform across subject classifica-

tion on HCP dataset to evaluate the validity of the estimated directed and undirected

brain networks.

4.1. Estimation of Task-Specific Brain Networks

In this section, we introduce a new method to estimate generic directed and undi-

rected Task-Specific Networks (TSN) as an alternative to estimate an Artificial Brain

Network for each subject and for each cognitive task.

We denote the task specific brain network of cognitive task c as Gc = (V,Wc). As in

Chapter 3, V = {v1, v2, v3, . . . , vR} is for vertices representing M = 90 anatomical

brain regions. We denote the adjacency matrix of the graph by Wc = (w
(c)
i,j ) where

w
(c)
j,k is the weight to edge from vi to vj in Gc.

We aim to construct one Task Specific Brain Network for each cognitive task by esti-

mating the relationships among the node attributes of Gc = (V,Wc). Recall that each

node attribute is a vector with entries corresponding to the samples of representative

time series, obtained for each anatomic region. We train a single neural network by

employing the representative time series of anatomical brain regions of all subjects in

the datasets to create task specific brain networks.This training methodology enables

us to capture the shared properties of a cognitive task across all the subjects. We

denote the representative time series (action) of anatomical region i at time t as bi,t.

When we have n different cognitive tasks, at total, we have n directed or undirected

TSNs, Gall = {G1, G2 . . . Gn}. The overall process can be seen in Figure 4.1.

We group temporally consecutive representative time series from all of the R brain

regions into a chunk. A chunk with index k, Bk ∈ RL×M , consist of fMRI activations

within time window k. Since, we use time intervals with fixed length L, the time

window k, wink, represents the time interval [k ∗ (L− 1), k ∗ L].

We define a matrix for each chunk at the input of our suggested neural network archi-
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Figure 4.1: Training methodology to estimate task-level brain networks. Assuming

we have n cognitive tasks in a task fMRI dataset, we extract a brain network for each

cognitive task. For estimation of each brain network, we train an artificial neural net-

work with the architecture we defined in Section 3. The estimated brain networks

represent common connectivity patterns shared across all the subjects in the underly-

ing fMRI dataset.
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tecture. The 1th chunk we create is represented by B1, in the following way:

B1 =


b1,1 b2,1 b3,1 . . . bM,1

b1,2 b2,2 b3,2 . . . bM,2

...
...

... . . . ...

b1,L b2,L b3,L . . . bM,L



Recall that L represents the window length of the time series and M is the number of

nodes corresponding to each anatomic region.

4.2. Representation of Task Specific Brain Networks

Suppose that, during a given time interval a chunk Bk is recorded corresponding to

a single cognitive process. Suppose, also, that the index of this cognitive process is

c. We expect the task specific brain network corresponding to this cognitive process,

Gc, represents the connectivity of this chunk.

As suggested in Chapter 3, we define the connectivity of anatomic regions as the

reconstruction capability of a node attribute from the linear combination of the node

attributes of rest of the node attributes. In other words, a node attribute vector is

reconstructed from the linear combination of the rest of the node attributes. This

approach enables us to estimate the entries of the adjacency matrix of Gc from the

column vectors ofBk . Formally speaking, a representative activation at time instance

t′, for an anatomic region i, is assumed to satisfy the following equation:

bi,t′ =
M∑

j=1,j 6=i

w
(c)
i,j bj,t′ + εi,t′ = b̂i,t′ + εi,t′ , ∀t′ ∈ wink (41)

where w(c)
i,j ∈ Wc denotes the edge weights of graph Gc, b̂i,t′ denotes the estimated

representative activation of region i at time t′, εi,t′ denotes the estimation error for

region i at time t and wink denotes the time interval [k ∗ (L− 1), k ∗ L].
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4.3. Estimation of Task Specific Brain Networks

In order to estimate the weight matrix of a generic task-specific brain network, we

adopt the artificial neural networks, defined in Chapter 3. Since we aim to create n

brain networks for n cognitive tasks, we create n distinct artificial neural networks

for each cognitive task.

The suggested task specific neural network is trained by initializing the adjacency

matrices of each brain networks with random rational numbers sampled from a uni-

form distribution (unif(0, 1)). In addition to random initialization, we satisfy the

symmetry property of undirected brain networks with the assignment Wc ← 1
2
(Wc +

W T
c ) ∀c ∈ {1, 2 . . . n}.

We use ridge regression function as the loss function of the artificial neural networks.

The following calculates the loss of the neural network corresponding to cognitive

task c when the input is chunk Bk:

Loss(Bk;Wc) =
1

L

M∑
i=1

∑
t′∈wink

(bi,t′ − b̂i,t′)2 + λ
M∑
i

M∑
j

(w
(c)
i,j )

2

=
1

L

M∑
i=1

∑
t′∈wink

(bi,t′ −
M∑

j=1,j 6=i

wi,jbj,t′)
2 + λ

M∑
i

M∑
j

(w
(c)
i,j )

2,

(42)

where the second term is a regularization term used to increase the generalization ca-

pability of the neural networks and λ is regularization hyperparameter. At each epoch,

gradient descent is applied to update the weights. We use the following equation to

update the weights of a neural network for directed Task Specific Brain Network es-

timation:

w
(c)
i,j ← w

(c)
ij − α

∂Loss(Bk;Wc)

∂w
(c)
i,j

, (43)

where α is learning rate hyperparameter and the gradient is calculated with the fol-
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lowing formula:

∂Loss(Bk;Wc)

∂w
(c)
i,j

=
2

L

t+L∑
t′=t

−(bi,t′ −
M∑

j=1,j 6=i

w
(c)
i,j bj,t′)bj,t′ + 2λw

(c)
i,j . (44)

The above equation can be generalized to all of the chunks Bk by gradient calculation

for all output nodes with matrix operations:

∇Wc = −
2

L
(Bk −BkW

T
c )B + 2λWc. (45)

For the gradient descent in undirected brain graph extraction however, we cannot use

equation 44 or 45, since these equations disturb the symmetry of the weight matrix.

The symmetry property of the weight matrix can be satisfied by employing the fol-

lowing equation to ensure the equality between each (wi,j, wj,i) pair.

w
(c)
i,j = w

(c)
j,i ← w

(c)
i,j −

1

2
α

[
∂Loss(outputi)

∂w
(c)
i,j

+
∂Loss(outputj)

∂w
(c)
i,j

]
. (46)

We define gradient calculation for undirected brain graph extraction by the following

trick after the calculating∇Wc with equation 45:

∇Wc ←
1

2
(∇Wc + (∇Wc)

T ) (47)

A generic task-specific brain network is estimated by training a neural network for

each specific task, with chunks from all subjects in fMRI dataset, in each iteration.

For each chunk, we update the weights of the neural network that corresponds to the

cognitive process performed during that chunk. We do the iteration for an empirically

chosen number of repetitions, #epochs. The overall procedure to create task-generic
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brain networks is explained as a pseudocode in Algorithm 4.1.

Algorithm 4.1: Algorithm to create Task Specific Brain Networks. Random

samples of matrix elements are from uniform distribution (U(0,1))
Result: n directed or undirected Task Specific Brain Networks

for task c in cognitive tasks do

if directed then

Wc ← randomly initialized M ×M matrix with 0 diagonal;

end

if undirected then

Wc ← randomly initialized M ×M symmetric matrix with 0 diagonal;

end

end

epoch = 0 ;

while epoch < #epochs do

for subj in subjects do

for chunk in subj’s chunks do

label← cognitive task of chunk ;

calculate loss with equation 42 ;

calculate∇Wlabel with Equation (45) for directed, (47) for

undirected case ;

update weight matrix Wlabel ← Wlabel + α∇Wlabel;

end

end

epoch← epoch+1

end

4.4. A Novel Classification Approach Based on Task- Specific Brain Networks

In the previous section, we introduce a new method for estimating Task-Specific Brain

Networks. Our goal was to find a brain network, which provides common information

about the connectivity patterns of a specific cognitive task for a subject population.

We partition the fMRI data set into chunks of time series at each anatomic region
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for all of the subjects who performed the same set of cognitive tasks. These chunks

are used to train an artificial neural network for each cognitive task in order to learn

the arc-weights of the brain networks. The major assumption of this approach is that

the functional relations among the anatomic brain regions can be estimated from the

linear relationships of representative time series among the anatomic regions. We,

also, assume that the estimated brain networks hold compressed information about a

cognitive process captured by the fMRI data, recorded during an experimental setup

by modeling the spatio-temporal activation patterns in human brain for a pre-defined

cognitive task.

In this section, we aim to develop a supervised classification algorithm to test the

validity of our assumptions, about the generic Task-specific Brain Networks. For

this purpose, we train a classifier using the adjacency matrices of brain networks and

measure the test performance. If the representation power of the estimated network

is high, then we expect to obtain a relatively high performances compared to the state

of the art network representation models. Since the algorithm is a supervised learning

algorithm, we define the training process and testing process of the algorithm.

In training phase of the algorithm, our aim is to train the model on the features so

that it forms a unique representation for each cognitive task. In our case, the features

are representative activations of anatomical regions at each time step and class of the

features are cognitive task performed in this time steps.

We consider the Task Specific Brain Network generation process as the training phase

of classification algorithm. For each class, we created a neural network that learns the

unique properties of data chunks of its corresponding class.

In testing phase of the algorithm, we aim to predict an unseen chunk of data using the

knowledge we obtained during the classification phase. Our main objective during

the development of Task Specific Brain Networks algorithms was to train an artificial

neural network that can reconstruct a given chunk of fMRI data. Since, each neural

network we constructed are specialized in a certain cognitive task, we expect that they

can reconstruct a chunk from their cognitive task with minimum error. We formulate
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this error as a reconstruction loss of the network in following way:

LossTSN(Bk;Wc) =
1

L

M∑
i=1

∑
t′∈wink

(bi,t′ − b̂i,t′)2

=
1

L

M∑
i=1

∑
t′∈wink

(bi,t′ −
M∑

j=1,j 6=i

w
(c)
i,j bj,t′)

2

(48)

where Wc = (w
(c)
i,j ) is the neural network weights for cognitive task c and Bk is an

unseen chunk consisting of bi,t′ ,wink the time intervalBk represents. When assigning

a class for batch Bk, we measure the loss of each n neural network to see whose

estimation causes the smallest loss. We estimate the label of Bk, ŷk, as:

ŷk = argmin
c

LossTSN(Bk;Wc) (49)

For a given batch of fMRI data with unknown underlying cognitive task, we give the

pseudocode of the classification algorithm that assigns a label for the batch of data in

Algorithm 4.2.

Algorithm 4.2: Algorithm to classify an unseen batch of fMRI data using TSNs.

The algorithm search through all task specific brain networks in order to find the

one that gives the minimum reconstruction loss.

Process Classifiy_batch(batch : Bk):

min_loss =∞ ;

assigned_class = -1 ;

for task c in cognitive tasks do

c_loss = LossTSN(Bk;Wc) ;

if c_loss < min_loss then

min_loss = c_loss ;

assigned_class = c ;

end

end
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4.5. Experimental Analysis of Task Specific Brain Networks

In this section, we describe the experiments, conducted on the Task- Specific Brain

Networks. In our experiments, we used Human Connectome Project (HCP) fMRI

dataset. In this data set there are total of 807 subjects, which attended to the experi-

ment,which records the fMRI signals under 7 cognitive tasks. The number of sessions

are also 7, when the subjects perform these seven tasks. In each of these sessions, the

experimentees were required to perform a different cognitive task, namely, Emotion

Processing, Gambling, Language, Motor, Relational Processing, Social Cognition,

and Working Memory.

We represent n = 7 cognitive tasks as both directed and undirected Task Specific

Brain Networks. We define M = 90 nodes for the graphs and edges between every

pair of nodes. This nodes represents the anatomical brain regions defined by AAL

atlas [38].

We use representative activations of anatomical regions. We use time windows with

length L = 40 in order to temporally partition from the data and create data chunks.

We use 807 subject of HCP dataset in our experiments. We perform 3 fold cross

validation. We reserve 538 subject for training directed and undirected Task Specific

Brain Networks. We apply our classification method on the remaining 269 subject

using estimated brain networks. We repeat the training and testing procedure for 3

times and each time we select different subset of subject for testing.

Our methods include 3 hyperparameters, regularization hyperparameter (λ), learning

rate of neural networks (α) and number of iterations (#epochs). We fix the iteration

number for our all experiments to #epochs = 200. We select λ from the set λ =

{1, 2, 4, 8, 16} and α from the set α = {5∗10−5, 5∗10−6, 5∗10−7, 5∗10−8, 5∗10−9}.

4.6. Decoding Performances of Task-Specific Brain Networks

We share the classification results of directed and undirected Task Specific Brain Net-

works created with the hyperparameter set defined in the previous section. Table 4.1
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shows the classification performance of directed Task Specific Networks on HCP

dataset and 4.2 shows the performance of undirected networks.

A brief analysis of 4.1 and 4.2 reveals two important facts: First of all, when opti-

mized with the appropriate hyper parameters, both directed and undirected networks

provide very similar decoding performances. This fact can be interpreted as the con-

nectivity among the anatomic regions is rather undirected. Because extra weights in

the opposite direction do not introduce additional information to the brain networks

in terms of brain decoding performances. Secondly, the decoding performance of the

task-specific networks for HCP dataset is observed around 75%. When we compare

this result to the across subject performances of Table 3.2, where each subject has

a different network for the same task, we observe that the decoding performance is

around 84%. Although there is almost 10% performance loss in the task specific brain

networks, this result is very interesting showing that task specific networks still have a

substantial representation power. Therefore, one may conclude that although there is

a great between - subject variability, a lot of common connectivity properties among

the anatomic regions across all the subjects are shared.

Table 4.1: Decoding Performance of Directed TSN on HCP Dataset.

α = 5× 10−8 α = 5× 10−7 α = 5× 10−6 α = 5× 10−5

Mean Std Mean Std Mean Std Mean Std

λ = 1 0.2238 0.00 0.2222 0.00 0.7522 0.01 0.7474 0.01

λ = 2 0.2235 0.00 0.2331 0.00 0.7325 0.01 0.7289 0.01

λ = 4 0.2223 0.00 0.5486 0.01 0.6961 0.01 0.6906 0.01

λ = 8 0.2222 0.00 0.6289 0.01 0.6354 0.01 0.6223 0.01

λ = 16 0.2222 0.00 0.5544 0.01 0.5542 0.01 0.5258 0.00
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Table 4.2: Decoding Performance of Undirected TSN on HCP Dataset.

α = 5× 10−8 α = 5× 10−7 α = 5× 10−6 α = 5× 10−5

Mean Std Mean Std Mean Std Mean Std

λ = 1 0.2222 0.00 0.2249 0.00 0.7513 0.01 0.7493 0.01

λ = 2 0.2221 0.00 0.3138 0.01 0.7325 0.01 0.7302 0.01

λ = 4 0.2222 0.00 0.5925 0.01 0.6961 0.01 0.6916 0.01

λ = 8 0.2222 0.00 0.6325 0.01 0.6351 0.01 0.6241 0.01

λ = 16 0.2222 0.00 0.5548 0.01 0.5543 0.01 0.5261 0.00

Table 4.1 and 4.2 clearly shows that the prediction accuracy improves with the in-

crease of α hyperparameter. The reason behind this could be the slow convergence

rates of the artificial neural networks caused by small α values or insufficient number

of epochs for these slow learners. Up to the point α = 5× 10−7, the common results

for all various λ selections results in accuracy of 22%, this could be due to the predic-

tion being stuck with the dominant class in the dataset which also compose a similar

ratio of the overall dataset. Because of these reasons, we can focus on the models

with greater learning rates, as they ensure a convergence.

We can observe that the classification performance of dTSN and uTSN are very close

to each other under the same hyperparameter selections, although undirected net-

works have only half of the feature number that directed networks have. As men-

tioned above, the reason behind this redundancy could be the human brain’s tendency

to operate with undirected connectivity patterns. In order to have a better understand-

ing about the differences and similarities between the directed and undirected brain

networks let us try to visualize and examine the brain graphs, in the next section.

4.7. Visualizations

As we described the structure of the estimated brain networks in Section 4.1; the

nodes of the network represents the average time series of anatomical brain regions

54



and the edges between these nodes are the assumed to be functional connectivities

of the corresponding anatomical regions. We visualize the brain networks that we

estimated on a brain template using the physical coordinates of the brain regions.

We use BrainNet Viewer Toolbox [65] to visualize directed and undirected Task Spe-

cific Brain Networks, estimated by our artificial neural network approach. As we have

n = 7 cognitive tasks (Emotion, Gambling, Language, Motor, Relational, Social, and

Working Memory), in HCP dataset, we have 7 figures for directed brain networks

and 7 figures for undirected brain networks. Since the human brain is a matter in

a 3 dimensional space that cannot be sketched on a paper, we share the views from

different angles for better understanding. The edge weights in the figures are coded

with colors and thickness. Thick red lines describe the powerful connections whereas

thin blue lines describe weak relations.

Drawing a complete graph with 90 nodes results in a very complex and cluttered

figures. Therefore, we sparsify the edges by retaining the most powerful top 3% of

the edges. With this sparsification, we end up with ∼ 240 edges in directed graphs

and ∼ 120 edges in undirected graphs.

The brain graphs are visualized for each specific cognitive task for directed and undi-

rected brain networks. The first two figures, Figure 4.2a and Figure 4.2b, are visual-

izations of task 1’s ( Emotion ) dTGN and uTGN, Figure 4.3a and Figure 4.3b are for

task 2 and so on.

Examining the brain graphs, we draw the following conclusions:

• In general, the edges of sparsified directed graphs are in pairs. If wi,j occurs

to be in the sparsified version, wj,i is also included. This observation indicates

that the degree of the connectivity is somehow symmetric.

• Directed brain graphs have the tendency to resemble undirected graphs. The

weight of two edges between any two nodes, wi,j and wj,i, are almost symmet-

rical.

• The connections are parallel between the right and left lobe of the brain. This

observation can be interpreted as a sort of symmetry between the left and right
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lobes of the brain. In other words, if there is an edge between these two lobes,

it connects the left side and the right side of the same region.For example, right

and left amygdala is connected by a strong edge value.

• There is an uncanny resemblance between directed and undirected graphs in

every cognitive task. The edge pattern and connectivity power of the edges are

very similar to each other.
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4.8. Chapter Discussion

In this chapter, we modified the brain network estimation algorithm that we proposed

in the previous chapter in order to generate task- level brain networks. We could

have extended the other brain network estimation algorithms in the literature (such as

LMM-TM, Pearson Correlation) for the same purpose by simply concatenating fMRI

signals of all subjects in a dataset and applying the brain network estimation method

of interest on the entire dataset. However, we would not be able to define a metric for

comparing the resulting task specific brain networks in terms of their representation

power. We were able to define a metric for our algorithm due to our reconstruction

assumption of the algorithm.

In this chapter, in order to make the brain networks sparse, we applied a thresholding

method on the adjacency matrices of the brain networks. In the next chapter, we will

also observe the effect of L1 regularizer, which is known to be capable of creating

sparse networks on the classification performance of brain networks.

While designing the artificial neural networks in this chapter and in Chapter 3, our as-

sumption was that ridge regression would be the best loss function for reconstruction

of input signals. Therefore, we have not studied the effect of any other loss function

on brain network estimation. In Chapter 5, we will perform experiments with brain

networks using two other loss functions, namely, lasso and elastic loss.

Our main strategy towards brain decoding in this chapter and the previous chapter,

could be summarized in two steps: Brain network extraction and classification of

brain networks. We kept these two phases separate from each other since our meth-

ods does not allow any information flow between the phases. This restriction prevents

the obtained brain networks from having more discrimination power against the cog-

nitive tasks. In order to establish an information flow between network extraction and

classification methods, we propose an end to end artificial neural network architecture

in Chapter 5. We observe that retrieving a feedback from the classifier lead to a better

classification performance.
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(a) Directed Task Specific Brain Network of Cognitive Task ’Emotion Processing’

(b) Undirected Task Specific Brain Network of Cognitive Task ’Emotion Processing’

Figure 4.2: Directed (a) and undirected (b) Task Specific Brain Networks of Cognitive

Task ’Emotion Processing’.
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(a) Directed Task Specific Brain Network of Cognitive Task ’Gambling’.

(b) Undirected Task Specific Brain Network of Cognitive Task ’Gambling’.

Figure 4.3: Directed (a) and undirected (b) Task Specific Brain Networks of Cognitive

Task ’Gambling’.
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(a) Directed Task Specific Brain Network of Cognitive Task ’Language’.

(b) Undirected Task Specific Brain Network of Cognitive Task ’Language’.

Figure 4.4: Directed (a) and undirected (b) Task Specific Brain Networks of Cognitive

Task ’Language’.
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(a) Directed Task Specific Brain Network of Cognitive Task ’Motor’.

(b) Undirected Task Specific Brain Network of Cognitive Task ’Motor’.

Figure 4.5: Directed (a) and undirected (b) Task Specific Brain Networks of Cognitive

Task ’Motor’.
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(a) Directed Task Specific Brain Network of Cognitive Task ’Relational Processing’.

(b) Undirected Task Specific Brain Network of Cognitive Task ’Relational Processing’.

Figure 4.6: Directed (a) and undirected (b) Task Specific Brain Networks of Cognitive

Task ’Relational Processing’.
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(a) Directed Task Specific Brain Network of Cognitive Task ’Social Cognition’.

(b) Undirected Task Specific Brain Network of Cognitive Task ’Social Cognition’.

Figure 4.7: Directed (a) and undirected (b) Task Specific Brain Networks of Cognitive

Task ’Social Cognition’.
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(a) Directed Task Specific Brain Network of Cognitive Task ’Working Memory’.

(b) Undirected Task Specific Brain Network of Cognitive Task ’Working Memory’.

Figure 4.8: Directed (a) and undirected (b) Task Specific Brain Networks of Cognitive

Task ’Working Memory’.
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4.9. Chapter Conclusion

In this chapter, we took the first step toward estimating task level brain networks. Us-

ing our method, we can study the common connectivity patterns in the brain among

a subject population. Since our method offers directed and undirected Task Specific

Brain Networks, we can study the effect of directionality in the brain network cre-

ation.

We validated our Task Specific Brain Networks by a classification algorithm we pro-

posed. We have visualized the task specific brain networks with the highest classifi-

cation performance.
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CHAPTER 5

AN END TO END MODEL TO ESTIMATE AND DECODE THE

ARTIFICIAL BRAIN NETWORKS

In Chapter 3, we suggest a computational model to estimate a brain network and using

the estimated brain networks, we suggest a brain decoding schema. This is a com-

mon approach used in the literature for brain decoding which uses two consecutive

steps for model estimation and decoding. In the first step, a computational model is

employed in order to estimate the brain graphs. In the second step, a brain decoding

algorithm measures the discrimination power of the estimated brain graphs. The esti-

mation and classification models are independent from each other. Furthermore, they

optimize different objective functions to achieve the same goal of brain decoding. and

they are aiming different objectives, the information flow between them is prohibited

and therefore, they cannot run for a common goal.

In this chapter, we define an end to end model that combines construction and clas-

sification of brain graphs in a single neural network architecture. In the following

sections, we define the evolution of the proposed model step by step. In Section 5.1,

we explore the classification performance of Artificial Brain Networks when we re-

place ridge regression loss function with elastic loss function. In Section 5.2, we use

multilayer perceptrons to classify brain graphs into cognitive tasks. In Section 5.3, we

redefine the artificial brain network architecture to compute multiple brain networks

simultaneously. Finally, combining our brain networks extraction architecture with a

multilayer perceptron architecture, we build an end-to-end model in section 5.4.
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5.1. Elastic Loss Function

In Chapter 3, we defined non overlapping time windows, [win1, win2 . . . winn] with

length L where n = Z/L defines the number of time windows and Z is the length of

the fMRI signal. Since we estimate a brain network for every time interval, we had n

brain networks, [G1, G2 . . . Gn], formed during cognitive tasks [y1, y2 . . . yn], for the

entire fMRI signal belonging to a subject.

We represented a brain network formed for a time window wink as Gk = (V,Wk).

For each one of M anatomic brain regions, we defined a vertex and denoted the

vertices with V and represented the functional connectivity among the anatomic brain

regions, w(k)
i,j ∈ Wk, as the elements of the adjacency matrixWk. We built the relation

between the adjacency matrix and the regional activations of time interval wink as:

bi,t′ =
M∑

j=1,j 6=i

w
(k)
i,j bj,t′ + εi,t′ = b̂i,t′ + εi,t′ ∀t′ ∈ wink, (51)

where w(k)
i,k ∈ Wk is an element of the adjacency matrix Wk, εi,t′ is error rate of the

estimation of bi,t′ . In order to minimize the error rate, we proposed two artificial

neural architectures, Figure 3.3 and 3.2, with the aim of estimating directed and undi-

rected brain networks. We employed the following loss function, ridge regression

loss function, for our artificial neural network architectures:

Lossridge(Bk,Wk) =
1

L

M∑
i=1

∑
t′∈wink

(bi,t′ − b̂i,t′)2 + λ2
∑
i

∑
j

w2
i,j, (52)

where wink = [t, t + 1 . . . t + L] defines the time interval with length L, Bk de-

fines the activations of M = 90 anatomic regions within time interval wink, such

that ith column of Bk defines series of activations of region i during wink, {bi,t′}t+L
t′=t,

bi,t′ is the representative activation of region i at time t′ and b̂i,t′ is the estimation of

this activation done by the artificial neural network. Second term in the equation,

λ
∑

i

∑
j w

2
i,j is known as L2 regularization. L2 regularization is applied for increas-

ing the generalization capability of an artificial neural network. We assumed that the

estimated brain network Gk describes the regional connectivities of cognitive task yk
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which takes places during time window wink.

In this section, we aim to study the effect of L1 regularization to the representation

power of brain networks. L1 regularizer is another regularizer for artificial neural

networks and it is used in order to create sparser weight matrices, since it drives some

of the weights of the neural network to 0. When we replace L2 regularization part of

ridge regression function with L1 regularization, Equation (52), the loss function is

called lasso regression:

Losslasso(Bk,Wk) =
1

L

M∑
i=1

∑
t′∈wink

(bi,t′ − b̂i,t′)2 + λ1
∑
i

∑
j

|wi,j|, (53)

where λ1 is the hyperparameter for the regularizer and the neural network is penalized

with absolute value of its weights, |wi,j|. We aim to have a neural network with

generalization capability and sparse weight matrix. The regularization method for

this purpose is called elastic loss and it is a combination of L1 and L2 regularizers.

We adapt the elastic loss the following way:

Losselastic(Bk,Wk) =
1

L

M∑
i=1

∑
t′∈wink

(bi,t′ − b̂i,t′)2 + λ1
∑
i

∑
j

|wi,j|+ λ2
∑
i

∑
j

w2
i,j

(54)

where λ1 and λ2 are the hyperparameters of L1 and L2 regularizers respectively. In

order to train the weight of the artificial neural networks and optimize the weight ma-

trix Wk with respect to the elastic loss function, Losselastic, we use gradient descent

algorithm as we applied in Chapter 3 and 4. At each epoch of training of the neural

network, we update the weight matrix as:

Wk ← Wk − α1∇Wk (55)

where α1 is the learning rate of the optimization process and the ∇Wk ∈ R2 is the

derivative of elastic loss function with respect to elastic loss function. We calculate
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∇Wk as:

∇Wk = −
2

L
(Bk −BkW

T
k )B + 2λ1sign(Wk) + 2λ2Wk (56)

where the matrix sign(Wk) ∈ RM×M contains the signs of the elements of the matrix

Wk. For wi,j , the sign(.) function is defined as:

sign(wi,j) =


1, if wi,j > 0

0, if wi,j = 0

−1, if wi,j < 0

(57)

In order to sustain the symmetry of adjacency matrices of undirected brain networks,

we apply the following trick on the gradient matrix, before updating the weights:

∇Wk ←
1

2
(∇Wk + (∇Wk)

T ) (58)

The artificial neural networks are trained for an empirically chosen number of epochs

with the update update rule defined in Equation (55) in order to estimate the adjacency

matrices of dirceted and undirected brain networks.

5.1.1 Experiments Conducted with Elastic Loss Function

We aim to study the effect of elastic loss function to the classification performance

of the brain networks. For this purpose, we use HCP tfMRI dataset, since there are

high number of subjects attended to the experiment. The dataset consist of scans of

807 subjects performing 7 different cognitive tasks. Using brain networks created for

each subject, we aim to predict the cognitive task of an unseen brain network.

We create time windows with length L = 40. For each time window we estimate a

directed and an undirected brain network. We cross validate λ1 hyperparameter from

the list λ1 = {0.2, 0.4, 0.6, 0.8, 1, 2, 4, 8} and λ2 from the list λ2 = {1, 2, 4, 8}. We

choose the learning rate α as α = 5 ∗ 10−5.
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We want to observe the representation power of Gk of the cognitive task, yk. For

this purpose, we train a classifier on the adjacency matrices of the estimated brain

networks and have a prediction of the underlying cognitive task. We conduct this

classification on within subject and across subject experiments. In within subject

experiments, we apply the classification using only the brain networks and cognitive

task labels from a single subject, and repeating the experiment for all subjects in

the dataset. In across subject experiments, on the other hand, we consider the brain

networks of all subjects in classification phase.

For classification of brain networks, we use support vector machine (SVM) and multi-

layer perceptron (MLP) methods. Using SVM we conduct within subject and across

subject experiments. We conduct only across subject experiment using MLP. The

reason we cannot conduct within subject experiments using MLP is that the method

requires a larger quantity of instances than the number of brain network we have for

a subject, n = 45.

For both of the classification methods, we apply k = 3 cross fold validation. In within

subject experiments, we train the classification algorithm of interest with n = 30 brain

networks and their cognitive tasks, use the remaining data for testing and measuring

the accuracy of the method. In across subjects experiments, the brain networks of 538

subjects are reserved for training and the remaining 269 subjects are used for testing.

5.1.1.1 Classification of Brain Networks using SVM

We use an SVM with linear kernel and L2 penalization for conducting within subject

and across subject experiments. We measure the accuracy of the model as the accu-

racy of correctly predicted cognitive tasks. Tables 5.1 and 5.2 show the within subject

performances. Tables 5.3 and 5.4 show the across subject performances.
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Table 5.1: SVM classification accuracy on within subject experiments of directed

brain networks created using elastic loss on HCP Dataset.

λ2 = 1 λ2 = 2 λ2 = 4 λ2 = 8

λ1 Mean Std. Mean Std. Mean Std. Mean Std.

0.0 92.36 7.39 94.53 6.41 94.40 6.65 92.03 8.19

0.2 86.22 10.32 86.39 10.55 84.90 11.22 80.83 12.49

0.4 68.16 14.98 69.08 14.86 68.10 14.97 64.32 15.33

0.6 49.87 15.55 51.39 15.57 51.37 15.47 48.78 15.10

0.8 35.78 14.06 37.33 14.19 38.12 13.90 36.83 13.30

1.0 26.16 11.89 27.58 11.87 28.64 11.80 28.30 10.99

2.0 15.89 7.18 17.16 6.51 18.80 5.62 20.23 4.45

4.0 21.73 2.01 21.80 1.85 21.86 1.73 21.93 1.59

8.0 22.21 0.80 22.21 0.81 22.22 6.78 22.23 0.75

Table 5.2: SVM classification accuracy on within subject experiments of undirected

brain networks created using elastic loss on HCP Dataset.

λ2 = 1 λ2 = 2 λ2 = 4 λ2 = 8

λ1 Mean Std Mean Std Mean Std Mean Std

0 92.26 7.45 94.49 6.46 94.38 6.65 92.01 8.19

0.2 90.41 8.54 89.72 9.10 87.34 10.30 82.39 12.02

0.4 81.07 11.73 79.22 12.53 75.19 13.54 68.46 14.69

0.6 68.16 14.25 65.66 14.47 61.12 14.74 54.42 14.95

0.8 54.48 14.96 52.31 14.81 48.13 14.42 42.27 13.72

1 41.71 13.86 40.03 13.44 37.01 12.92 32.97 11.69

2 18.70 6.83 19.48 5.95 20.37 4.93 20.85 4.12

4 21.81 1.82 21.88 1.68 21.95 1.56 22.00 1.46

8 22.22 0.76 22.22 0.78 22.22 0.77 22.22 0.17
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Table 5.3: SVM classification accuracy on across subject experiments of directed

brain networks created using elastic loss on HCP Dataset.

λ2 = 1 λ2 = 2 λ2 = 4 λ2 = 8

λ1 Mean Std Mean Std Mean Std Mean Std

0 82.11 0.28 83.47 0.60 84.10 0.54 84.00 0.61

0.2 80.04 0.47 81.59 0.49 82.74 0.46 83.01 0.40

0.4 77.15 0.58 79.17 0.56 80.57 0.44 81.10 0.39

0.6 74.03 0.53 76.26 0.67 77.65 0.54 78.38 0.56

0.8 70.72 0.76 73.00 0.68 74.53 0.59 75.28 0.54

1.0 66.71 0.72 69.05 0.64 70.60 0.52 71.40 0.55

2.0 49.13 0.68 50.78 0.87 52.36 0.77 53.45 0.67

4.0 44.46 0.84 45.32 0.73 45.67 0.58 46.15 0.51

8.0 37.36 0.24 37.60 0.45 37.52 0.45 37.74 0.33

Table 5.4: SVM classification accuracy on across subject experiments of undirected

brain networks created using elastic loss on HCP Dataset.

λ2 = 1 λ2 = 2 λ2 = 4 λ2 = 8

λ1 Mean Std Mean Std Mean Std Mean Std

0 81.79 0.28 83.34 0.56 84.06 0.56 84.02 0.57

0.2 79.53 0.76 81.30 0.57 82.54 0.38 82.95 0.46

0.4 76.76 0.56 78.72 0.39 80.26 0.36 81.00 0.51

0.6 73.73 0.75 75.95 0.79 77.39 0.63 78.23 0.62

0.8 70.56 0.50 72.61 0.66 74.19 0.67 75.15 0.57

1.0 67.12 0.62 68.96 0.65 70.53 0.68 71.15 0.63

2.0 49.27 0.77 50.66 0.81 52.35 0.92 53.07 0.90

4.0 43.23 0.59 42.91 0.49 43.63 0.59 44.09 0.69

8.0 33.14 0.41 33.52 0.32 33.31 0.72 33.38 0.25

73



The Tables 5.1 and 5.2 show that as we increase the impact of L1 regularizer, the

classification accuracy decreases and we have the best performance when λ1 = 0.

For the λ1 values above λ1 = 1, we can see that performance is around or even below

the chance level, 22%. We observe that L1 also hurts the across subject performance,

Tables 5.3 and 5.4. In summary, we observe that the performance of brain networks

created using ridge regression function, λ1 = 0, outperforms all brain network created

using elastic loss function in SVM classification.

5.2. Multi-Layer Perceptrons for Classification of Brain Networks

Multilayer Perceptrons (MLP) are a type of feedforward neural networks that has

been replacing Support Vector Machines for classification since they could be devised

as a more powerful classification tool. For this purpose, we replace SVMs that we

used in Chapter 3 with MLPs for classification of brain networks.

We employ an MLP architecture with three layers. The first layer, the input layer,

takes the elements of the adjacency matrix of the brain networks. The adjacency

matrices we estimate are M ×M matrices and we use M = 90 anatomic regions in

our experiments. Therefore, we model the input layer with 8100 nodes for the size of

a flattened adjacency matrix.

The number of nodes in the middle layer of the constructed MLP is empirically cho-

sen as 500. The layer is called a hidden layer and it further process the input data.

The final layer, output layer, of our architecture returns the probability of a sample

belonging to a class. For each class in the dataset, we add an output node that will

estimate the posterior probability of its corresponding class. We employ cross entropy

loss in order to calculate the loss of prediction:

LossMLP (y
(k), ŷ(k),Wk;V1, V2) = −

C∑
c=1

y(k)
c log(ŷk,c) (59)

where y is an one hot binary vector that holds the true class of the input Wk, such that

y
(k)
t = 1 means that the sample belongs to class t. The vector ŷ(k) in the formula,
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Figure 5.1: A simple representation of the multilayer perceptron we employed in our

experiments. The input layer has 8100 nodes and each of them takes an entry of the

adjacency matrix. The middle layer, hidden layer, consists of 500 nodes. Each of

7 nodes of the output layer return the probability of a sample belonging a cognitive

task, for example: o7 returns the probability of the given input graph belonging to

cognitive task y7, p(yk = 7|Wk, V1, V2). We represent the weight matrix between the

input layer and the hidden layer as V1 and the weight matrix between the hidden layer

and the output layer with V2.

holds the posterior probabilities of C classes. V1 and V2 are the weight matrices of

the architecture. The architecture is shown in Figure 5.1.

5.2.1 Training of MLP

The training process of the employed MLP is similar to the training process of the

two layered artificial neural networks that we defined in Chapter 3 and Chapter 4.

However, there is an extra layer in the MLP architecture and therefore there are two

weight matrices, V1 and V2, to be optimized. At an epoch of training, we update an
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weight matrix, Vl, as:

Vl ← Vl − α2
∂LossMLP (y

(k), ŷ(k),Wk;V1, V2)

∂Vl
(510)

where α2 is the learning rate of the gradient descent algorithm. During an epoch, we

update the weight matrix of every layer using Equation (510).

We use a batch of brain networks for training MLP for a quicker convergence of

the model. Therefore, the update rule is applied with the adjacency matrices and

cognitive tasks of a batch of brain networks and the weights of the neural networks

are penalized for each misclassified sample of the batch

5.2.2 Classification of Brain Networks using MLP

We study the learning capability of MLPs in brain decoding. Therefore, we train the

MLP structure that we defined in the previous section on the brain networks that we

extracted using elastic loss. We aim to have an MLP with the optimal hyperparam-

eters that will surpass the classification accuracy obtained with SVM. Classification

accuracy of the MLP with brain networks created with various regularization hyper-

parameters, λ1 and λ2, will also guide us to the optimal hyperparameters of brain

network creation process.

We repeat the across subjects experiments that we conducted using SVM on HCP

dataset in Section 5.1.1.1. We apply k = 3 fold cross validation on the brain networks

of the all 807 subjects. In each fold, we retain the brain networks 538 subject for

classification of the MLP and the brain networks of the remaining 269 subjects as

the test split in order to observe the classification accuracy of the model. Table 5.5

and Table 5.6, show the across subject performances of directed and undirected brain

networks, respectively.
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Table 5.5: MLP classification accuracy on across subject experiments of directed

brain networks created using elastic loss on HCP Dataset.

λ2 = 1 λ2 = 2 λ2 = 4 λ2 = 8

λ1 Mean Std Mean Std Mean Std Mean Std

0 87.95 0.38 88.02 0.50 87.91 0.38 87.17 0.48

0.2 84.52 0.57 85.31 0.59 85.78 0.55 85.53 0.44

0.4 81.23 0.66 82.41 0.73 82.66 0.52 82.79 0.37

0.6 77.92 0.78 78.92 0.50 79.49 0.58 79.66 0.49

0.8 74.81 0.78 75.92 0.48 76.83 0.63 76.81 0.42

1.0 71.75 0.82 72.39 0.57 73.29 0.80 73.69 0.85

2.0 62.26 1.25 62.96 1.11 63.34 1.33 63.77 0.98

4.0 51.92 0.92 51.87 0.64 51.77 0.64 52.40 1.03

8.0 36.00 0.13 36.12 0.48 36.13 0.63 36.78 0.36

Table 5.6: MLP classification accuracy on across subject experiments of undirected

brain networks created using elastic loss on HCP Dataset.

λ2 = 1 λ2 = 2 λ2 = 4 λ2 = 8

λ1 Mean Std Mean Std Mean Std Mean Std

0 87.66 0.36 88.15 0.43 87.93 0.40 87.24 0.49

0.2 84.08 0.69 85.23 0.66 85.51 0.58 85.59 0.60

0.4 80.62 0.74 81.90 0.51 82.66 0.56 82.43 0.50

0.6 77.62 0.58 78.67 0.68 79.36 0.55 79.59 0.68

0.8 74.74 0.45 75.97 0.48 76.66 0.54 76.87 0.43

1.0 71.57 0.41 72.79 0.58 73.22 0.91 73.43 0.75

2.0 61.43 0.99 61.58 0.60 61.89 0.81 62.51 1.11

4.0 47.54 0.42 47.50 0.52 48.17 0.90 47.75 0.44

8.0 32.44 0.49 32.71 0.12 32.55 0.92 32.62 0.52
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Table 5.5 and 5.6 show the across subject performance of directed and undirected

brain networks created using Elastic Loss. The best classification accuracy using

MLP is 88.02% with directed brain networks and 88.15% with undirected brain net-

works. The accuracy obtained with SVM are 84.10% and 84.06 in the same order.

Using MLP, we obtain 4% higher performance compared to SVM.

Observing the results of within subject experiments conducted with SVM (Table 5.1

and Table 5.2), across subject experiments conducted with SVM ( Table 5.3 and Table

5.4 ) and across subject experiments conducted with MLP ( Table 5.5 and Table 5.6),

we see that the L1 regularization hurts the classification accuracy even with small λ1

for every λ2 values and in each directed and undirected cases. So, in the rest of this

study, we use ridge regression function as the default loss function in the process of

brain network estimation.

5.3. Parallel Artificial Brain Networks

In Chapter 3, we estimated brain graphs for each time window of each subject. For

each graph estimation, we constructed a neural from scratch and trained it for a cer-

tain number of epochs. After creating brain graphs for a subject, we repeated the

procedure for all the other subject, hyperparameters and both of the weighted graph

types. This approach is very time consuming and we cannot integrate such a model

to an end to end architecture because of its asynchronous outputs.

We can, however, redefine the Artificial Brain Network architecture, its input and

output in a way that it will work with 3 dimensional matrix operations instead of 2

dimensional ones. This will give us the power to create brain graphs in parallel. Since

the neural networks we use are not deep nor wide, we can fit certain number of them

to Graphical Processing Units and expect the whole process to run faster.

In Chapter 3, in order to create a single brain network within a time intervalwink with

length L we defined a chunk Bk ∈ RL×M consisting of the representative activations

of M = 90 brain regions. In this section, we aim to estimate brain networks for

all N time intervals, winall = [win1, win2 . . . winN ], simultaneously. In order to

achieve this goal, we concatenate the defined chunks into a 3 dimensional tensor
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X = [B1, B2 . . . BN ] where Xk,:,: = Bk. Algorithm 5.1 defines the process of input

preparation.

Algorithm 5.1: Algorithm to prepare input tensor for a subject, X .

Process PrepareX(subject_data):

windows← divideToWindows (subject_data) ;

for win in windows do

Bwin ← subject data within time interval win ;

Xwin,:,: ← Bwin ;

end

return X ;

We follow the same approach for the adjacency matrices of the brain networks to be

estimated. We define the weight tensor W ∈ RN×M×M as the connection of adja-

cency matrices estimated for each window, W = [W1,W2 . . .WN ] where W k,:,: =

Wk. We describe the initialization of the tensor W with a pseudocode in Algorithm

5.2.

Algorithm 5.2: Process of Initializing the weight tensor for subject s, W . El-

ements of random matrices are sampled from a normal distribution ( N (µ =

0, σ2 = 1) ).

Process InitalizeW(subject_data):

windows← divideToWindows(subject_data) ;

for win in windows do

Wwin,:,: ← randomly assign an M ×M matrix with 0 diagonal. ;

if undirected then

Wwin,:,: ← 1
2
(W

T

win,:,: +Wwin,:,:) ;

end

end

return W ;

The output of the proposed model O ∈ RN×L×M consists of estimation of anatomic

brain region’s representative activations during all of the time interval, such that,Ok,:,i

is the estimations for region i during time window k, Ok,:,i = [b̂i,t, b̂i,t+1 . . . b̂i,t+L].
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We define the forward pass of the model as the following:

O = X �W T
(511)

where the operator � defines matrix multiplication of sub-matrices of left-hand and

right-hand tensors, such that the sub-matrix Oi,:,: is the result of matrix multiplication

of Xi,:,: and W
T

i,:,:. We define transpose of W , W
T

as the concatenation of transpose

of every sub-matrix of W , W
T
= [W

T

1,:,:,W
T

2,:,: . . .W
T

N,:,:].

We measure the error of the estimation O with ridge regression loss function we

defined in Equation (52). In order to update the weight tensor, we use gradient descent

algorithm. We calculate the gradient of the loss function with respect weight tensor

as:

∇W = (−2(X −O)�X)/L+ 2λ2W (512)

where λ2 is L2 regularization hyperparameter. In order to estimate directed brain

networks, we use the following update rule at each epoch of the training process:

W ← W − α1∇W (513)

where α is learning rate of the method. For estimation of undirected brian networks,

we use the following trick to sustain the symmetry of each adjacency matrix :

W ← W − 1

2
α1(∇W +∇W T

) (514)

After training the model for a number of epoch, we obtain a set of adjacency matrices.
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The process of training the model for an epoch is summarized in Algorithm 5.3.

Algorithm 5.3: One epoch of training PABN model.

Process PABN( X , W):

O = X �W T
;

∇W = (−2(X −O)�X)/L+ 2λ2W ;

if undirected then

∇W ← 1
2
(∇W +∇W T

) ;

end

W ← W − α1∇W ;

return W ;

5.4. End to End Model

In this thesis, our approach toward brain decoding has been constructing brain net-

works by training an artificial neural network and separately run a classification algo-

rithm on the constructed brain networks to predict their underlying cognitive task.

In Chapter 3, we have shown that our proposed brain networks, ABN, outperform

the brain networks estimated with the state of the art methods. We also observed the

effect of various regularization parameters on the classification performance of ABN

in Section 5.1.

In Section 5.2, we used multilayer perceptrons for classification of brain networks

and showed that the classification accuracy we have with MLP is greater than the

accuracy we have with SVM for any λ1 and λ2 selection. The MLP architecture we

employed takes a batch of brain networks for training, it optimizes its weights using

the loss caused by all of the brain network in the batch.

In Section 5.3, we defined an approach to estimate multiple brain networks simul-

taneously. Beside having a shorter running time, we could define the output of the

proposed method as a batch of input to MLP.

In this section, we unite the best classification model and best brain network estima-

tion model to our experience in a single end to end artificial neural network archi-
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tecture. For this purpose, we concatenate parallel brain network architecture and the

MLP architecture we employed for classification in Section 5.2. Using this architec-

ture, we aim to obtain brain networks that are both reconstructive and informative of

their cognitive tasks. We show a sample representation of the proposed architecture

in Figure 5.2.

Figure 5.2: The proposed end to end architecture is a combination of PABN and MLP

architectures.

Similar to PABN architecture, the end to end architecture also takes a set of fMRI data

chunks in the form a three dimensional tensor, X = [B1, B2 . . . BN ]. In return, the

output of the architecture will be class posterior probabilities for each data chunk and
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also the reconstruction loss of each brain network estimated from the data chunks. In

the following subsection, we describe the principals and the training process of the

architecture.

5.4.1 Loss Function of the End to End Model

Both parallel artificial brain network architecture and MLP are neural network ar-

chitectures and they can be trained using gradient descent method. However, we

employed these architectures for different objectives, our two layered brain network

extraction model aims to reconstruct its input on the output and MLP applies a clas-

sification on its input. Mathematically, we define the following loss function for the

parallel artificial brain networks model:

LossPABN(X;W ) =
1

L

∑
wink

M∑
i=1

L∑
t=1

(Xk,t,i −Ok,t,i)
2 + λ

∑
wink

M∑
i

M∑
j

W
2

k,i,j (515)

where X is input tensor, W is weight tensor and O is output of the model. The loss

function of an MLP with weight matrices V1, V2 that does C class classification on a

batch of N brain networks W , the loss function is defined as:

LossMLP (Y, Ŷ ,W ;V1, V2) = −
1

N

N∑
k=1

C∑
c=1

Yk,clog(Ŷk,c) (516)

where matrix Y ∈ RN,C holds one hot binary vectors of N instances, i.e. if Yk,c is

1 the class of batch k is c. Similarly, Ŷ is a one hot binary representation of MLP’s

estimated classes. The matrices V1 and v2 are the inner weight matrices of MLP. Note

that the weights of PABN, W , is now an input to MLP.

We combine the architectures PABN and MLP into an end to end model as shown in

Fig. 5.2. We define a common loss function for PABN and MLP:

LossE2E(X;W,V1, V2) = θLossPABN(X;W )+ (1− θ)LossMLP (Y, Ŷ ,W ) (517)
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where θ is the hyperparameter to balance the effect of the loss functions of PABN and

MLP on the total loss.

5.4.2 Training the End to End Model

In the end to end architecture, there are two weight matrices belonging to MLP part,

V1 and V2, and also a weight tensor, W , for each subject to be optimized. We apply

gradient descent algorithm on these weights in order to minimize end to end loss

function, Equation (517). We update the weights of the model for a number of epochs

until the loss function reaches its lowest value.

With our experience with ABNs in Section 3, we know that estimation of brain net-

works could takes several a big number of epochs of training. Therefore, we expect

the brain networks that PABN part of the architecture estimates during the training

epochs would be incomplete and during the training process, the nature of the data

supplied to the MLP part would change drastically. Therefore, at the beginning of

each training epoch, we create a new MLP by simply re-initializing its weights.

In order to prepare the input tensors to the end to end model, we take the same ap-

proach that we took in PABN architecture, Algorithm 5.1. For each subject of the

concerning fMRI dataset, we form an input batch, X(s), and we use every batch of

data from all the subjects, Xall = [X(1), X(2) . . . X(S)]. Similarly, we also create a set

of weight tensors for all subjects, W all = [W
(1)
,W

(1)
. . .W

(S)
].

During an epoch of training the model, we use input tensors from each subject in turn

to update the weights of the model. For a subject s, the input tensor X(s) is used as

input to the model for updating both the tensor W
(s)

, V1, and V2. The training process
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is described as a pseudocode in Algorithm 5.4.

Algorithm 5.4: Initialize input tensor

Process End2End( subjects):

Xall = {}, W all = {} ;

for subject s in subjects do

subject_data← load_subject_data(s) ;

X(s) ← prepareX(subject_data) ;

W
(s) ← InitalizeW(subject_data) ;

X_all.add(X(s)), W_all.add(W
(s)

)
end

for epoch in [1, 2,#epochs] do

Initialize MLP weights V1 and V2 ;

for subject s in subjects do

Update V1 ;

Update W
(s)

, W
(s) ← W

(s) − α1
∂LossE2E(X;W

(s)
,V1,V2)

∂W
(s) ;

Update v1, V1 ← V1 − α2
∂LossE2E(X;W

(s)
,V1,V2)

∂V2
;

Update v2, V2 ← V2 − α2
∂LossE2E(X;W

(s)
,V1,V2)

∂V2
;

end

end

5.4.3 Experiments Conducted with the End to End Model

In this section, we describe the process of the experiments we conduct with the end-

to-end model. In our experiments, we use HCP fMRI dataset. The dataset consist of

807 subjects and 7 cognitive tasks.

We created a batch for each of the subjects. Therefore, we have S = 807 batches,

Xall = [X1, X2 . . . X807], 807 label matrices, Yall = [Y1, Y2 . . . Y807], and S = 807

weight tensors to estimate Wall = [W 1,W 2 . . .W 807].

We reserve the first 269 batches for testing of the model and remaining 538 for train-

ing of the model. The PABN weights of a test fold, W k, is trained using only loss

function of PABN in order to avoid bias. For the training fold, we use end-to-end loss
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for training.

We use α1 = 5 ∗ 10−3 for the learning rate of PABN part and α2 = 10−4 for the

learning rate of MLP part. We apply L2 regularization on PABN loss where the

hyperparameter is λ2 = 4. We train the model for #epochs = 3000 epochs.

We can create both directed and undirected brain networks using the proposed end to

end model, however during our experiments we concentrated on creation of only di-

rected brain networks. The model can be modified to keep the symmetry of adjacency

matrices during training in order to create undirected brain networks.

Our first experiment is to observe the classification performance of the model when

θ = 1.0 in Equation (517). For θ = 1.0, the brain networks are created using only the

loss of PABN. The performance we obtain with these settings will be a baseline for

our remaining experiments.

We have tested the effect of various θ values on the classification performance of the

model. In Table 5.7, we show the performance of the model under various θ values.

Table 5.7: End to end performance on HCP, directed, λ = 4 (Across)..

θ = 0.33 θ = 0.83 θ = 0.90 θ = 1.0

Accuracy (%) 86.32 87.10 86.90 86.10

Table 5.7 shows that the baseline performance we aim to surpass is 86.10 when θ =

1.0. When we choose θ = 0.83, the performance is the greatest among all results.

The table implies more discriminative brain networks can be created if the feedback

of MLP is considered during the brain network estimation process.

5.5. Chapter Discussion

With our experiments, we have shown that the classification accuracy of brain net-

works as a result of using ridge regression loss function is greater than the classifi-

cation accuracy caused by elastic loss function . We assumed that this is a result of
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L1 regularization part of elastic loss. L1 regularization, however, is used for weight

sparsification for artificial neural networks. Therefore, the brain networks we ob-

tained employing L1 regularization could be sparser and it may help us discarding

unnecessary connections in the brain networks.

In this chapter, we employed an MLP architecture for classification of brain networks.

Having superior classification accuracy, we also integrate the architecture to the end

to end model. However, in recent years, Graph Convolutional Networks (GCN) be-

coming very popular for the purpose categorizing graphical structure [6, 69]. Com-

pared to MLP, training a GCN is more challenging. However, the architecture could

be more suitable for the task in hand since it is specifically designed for processing

graphical inputs. We leave employing a GCN for classification of brain networks as

a future work.

We designed PABN architecture for two purposes: compatibility and speed. We have

shown that the architecture is compatible with the MLP architecture, since it pro-

duces a batch of input and it could be fed to the MLP. However, we have not done

any analysis on the elapsing time of the brain network estimation process using the

architecture. We leave comparison of the speed of ABN and PABN architectures as a

future work.

The proposed end to end architecture has been tested for a very specific and limited

subset of hyperparameters since training the model is time consuming and very ex-

pensive due to big number of matrices that need to be optimized. It is possible to have

a greater performance with a different L2 regularization hyperparameter, λ2, than we

obtained in Subsection 5.4.3.

5.6. Chapter Conclusion

In this chapter, we studied the effect of various loss function on the classification per-

formances of brain networks. We have shown that the ridge regression function re-

sults in better classification performance than elastic loss function. We have replaced

SVM with MLP for classification and shown that they can outperform SVM on brain

decoding. We have proposed a new approach for creating multiple brain networks
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faster and simultaneously. Finally, we have proposed an end-to-end model in order

to conduct brain network creation and classification with a single architecture and to

replace the classical methods which do these two tasks separately. We have shown

that the end to end model has potential to provide the state-of-the-art classification

accuracy in brain decoding using brain networks.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

In this thesis, we introduce novel methods to estimate brain networks to represent

the cognitive states of human brain, recorded by fMRI techniques. The edge weights

of the suggested brain networks are estimated using various architectures of artificial

neural networks. Each of the brain network models serve to different purposes, such

as, analysis of human brain connectome with respect to subjects and tasks, decoding

the cognitive states, etc.

The first model, called Artificial Brain Network, estimates the edge weights between

the anatomical regions by training a simple 2-layer neural network where the input is

the vector of time series recorded from a subject, during the time course of the same

cognitive process and the loss function is the sum of squared error of Ridge regres-

sion. The suggested network successfully estimates the edge weights of the network

and decodes the underlying cognitive task with a performance of 85 − 95%. Com-

pared to the state of the art brain decoding methods, the suggested model has a higher

representation power for subject specific brain decoding tasks. Furthermore, the sug-

gested model is capable to estimate both directed and undirected brain networks. To

our knowledge this method is the first model which computes the the weights of the

brain network as the weights of artificial the neural networks. We experimentally

show that the suggested artificial neural networks estimates better weights compared

to the Pearson correlation and the closed form solutions of the Ridge regression.

The second model, called Task-Specific Networks, estimated a brain network for a

predefined task across all the subjects. This approach is very crucial for investigating

the shared properties of a cognitive task, under consideration. On the contrary of the

previous approach the task-specific brain network enables us to represent a cognitive
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task by a network which shows the functional connectivities among the anatomic

regions. To our knowledge, this is the first model which learns a generic brain network

across the subjects, for a particular cognitive task. All of the previous approaches

created subject-level brain networks as there was no suitable computational model to

estimate task specific brain networks.

The third model combines the brain network estimation and decoding steps under the

same artificial neural network architecture with an end to end model. As a result,

optimization of the loss functions for brain network estimation and brain decoding is

accomplished, simultaneously, under the same artificial neural network architecture.

Although the idea of combining a two step brain decoding method under an end-to-

end model was quite good, we could not catch a better performances compared to

the sequential methods, developed in this thesis. This approach needs to be further

studied for hyperparameter optimization and selecting a better oveall cost function.

The representation power of the suggested brain networks are examined by measuring

the brain decoding performances in two fMRI data sets, namely HCP and/or TOL

data sets. The performances of the brain decoding is higher in all of the three models

compared to the state of the art brain decoding methods.

Furthermore, we experimentally show that directed brain networks resemble each

other, indicating that the relationships among the anatomic regions are symmetrical.

In other words, if there is a significant connectivity among two anatomic regions this

connectivity is significant in both directions. Therefore, one can conclude that an

undirected brain network representation is sufficient to study the network properties

of human brain.

6.1. Future Work

In this thesis, the validity of the estimated brain networks are analyzed through the

performances of brain decoding, measured in TOL and HCP datasets. However, the

suggested brain network estimation methods are not limited to solve the brain de-

coding problem.It can be easily be applicable to study various neurological diseases,

sleep disorders and properties of resting state fMRI data.
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We tested our first model, ABNs, on two datasets, yet our two other methods have

not been tested on any datasets other than HCP. We left task specific brain networks

creation for TOL as a future work. We also plan to apply MLP classification and end

to end model to TOL dataset.

We took the first step towards the end to end model classification model. We have

only built directed brain networks with the model, yet we can extend it for undirected

graphs. We have shown that we obtain better classification performance when we

employ derivatives from both generative and discriminative networks. However, the

classifier we used was trained for only one epoch for timing efficiency and therefore

the test accuracy does not surpass the raw MLP performance. We plan to conduct a

wider experiment on the end to end model to overcome this problem.
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