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ABSTRACT

Temporal networks have become increasingly pervasive in many real-world ap-

plications. Due to the existence of diverse and evolving entities in such networks,

understanding the structure and characterizing patterns in them is a complex

task. A prime real-world example of such networks is the functional connectivity

of the brain. These networks are commonly generated by measuring the sta-

tistical relationship between the oxygenation level-dependent signal of spatially

separate regions of the brain over the time of an experiment involving a task being

performed or at rest in an MRI scanner. Due to certain characteristics of fMRI

data, such as high dimensionality and high noise level, extracting spatio-temporal

patterns in such networks is a complicated task. Therefore, it is necessary for

state-of-the-art data-driven analytical methods to be developed and employed

for this domain. In this thesis, we suggest methodological tools within the area

of spatio-temporal pattern discovery to explore and address several questions in

the domain of computational neuroscience. One of the important objectives in

neuroimaging research is the detection of informative brain regions for character-

izing the distinction between the activation patterns of the brains among groups

with different cognitive conditions. Popular approaches for achieving this goal

include the multivariate pattern analysis(MVPA), regularization-based methods,

and other machine learning based approaches. However, these approaches suffer

from a number of limitations, such as requirement of manual tuning of parameter

as well as incorrect identification of truly informative regions in certain cases. We

therefore propose a maximum relevance minimum redundancy search algorithm

to alleviate these limitations while increasing the precision of detection of infor-

mative activation clusters. The second question that this thesis work addresses
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is how to detect the temporal ties in a dynamic connectivity network that are not

formed at random or due to local properties of the nodes. To explore the solution

to this problem, a null model is proposed that estimates the latent characteris-

tics of the distributions of the temporal links through optimization, followed by a

statistical test to filter the links whose formation can be reduced to the local prop-

erties of their interacting nodes. We demonstrate the benefits of this approach

by applying it to a real resting state fMRI dataset, and provide further discussion

on various aspects and advantages of it. Lastly, this dissertation delves into the

task of learning a spatio-temporal representation to discover contextual patterns

in evolutionary structured data. For this purpose, a representation learning ap-

proach is proposed based on the transformer model to extract the spatio-temporal

contextual information from the fMRI data. Representation learning is a core

component in data-driven modeling of various complex phenomena. Learning a

contextually informative set of features can specially benefit the analysis of fMRI

data due to the complexities and dynamic dependencies present in such datasets.

The proposed framework takes the multivariate BOLD time series of the regions

of the brain as well as their functional connectivity network simultaneously as

the input to create a set of meaningful features which can in turn be used in var-

ious downstream tasks such as classification, feature extraction, and statistical

analysis. This architecture uses the attention mechanism as well as the graph

convolution neural network to jointly inject the contextual information regarding

the dynamics in time series data and their connectivity into the representation.

The benefits of this framework are demonstrated by applying it to two resting

state fMRI datasets, and further discussion is provided on various aspects and

advantages of it over a number of commonly adopted architectures.
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CHAPTER 1

INTRODUCTION

High dimensional evolutionary networks, which are generated from large amount

of structured data over time, have gained extensive attention across various do-

mains in recent years. A main objective in the analysis of such structures is to

extract the hidden spatio-temporal patterns which can offer the key to explain

certain behaviors and characteristics in a system, including anomalies, differences

between subject cohorts, and the effects of different variables. An important ex-

ample of such complex networks is the network of functional connectivity (FC) of

the brain, which is commonly measured as the correlation between the activation

of spatially separated regions of the brain [1, 2]. In the field of computational

neuroscience, this network is commonly studied in two forms: static and dy-

namic [3,4]. The static FC makes the assumption that the connectivity between

regions does not change over the data acquisition time period while the dynamic

FC (dFC) considers non-stationary changes in connectivity [3]. Functional con-

nectivity has gained significant attention as it has become clear during the recent

decades that differences of patterns in activation and functional connectivity of

the brain can help explain certain neurological conditions, phsyological functions,

or Neurophysciatric disorders.

The quest for understanding the brain’s mechanism has revolved around sev-

eral important questions which have received much attention from the field of

computational neuroscience. This thesis work attempts to explore some of these

questions and offer methodological techniques for answering them. One of such

questions is how to precisely detect the spatial patterns of activation that are

the most informative in distinguishing between two separate cohorts with differ-
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ent cognitive conditions, such as a healthy control group against a group with

a neurological disorder. Another question is how to find the functional connec-

tivity links that are significant in the sense that they are not formed at random

due to high level of activation of a certain region or noise confounds, but due

to strong functional links between the regions. Finally, how to automatically

capture a set of features from the fMRI data that takes advantage of both its

spatial and temporal characteristics to build a predictive model for classification

and other tasks. The answer to these questions can provide valuable insight

in understanding not only the patterns that cause neurological conditions, but

also the mechanism that controls the functionality of the memory itself. To an-

swer these questions for such complex data, computational methodologies need

to be developed which can detect the high level relations and hidden spatial

and temporal attributes and relations in the data. While several methodological

tools have been proposed to analyze the activation and connectivity patterns for

brain imaging data, these approaches are still lacking in resolving the mentioned

issues in several areas. Hence, the objective of this thesis work is to suggest ma-

chine learning approaches that improve the precision and power of the analysis

of spatio-temporal markings and motifs in activation and connectivity pattern in

brain imaging data. It is important to note that the proposed approaches in this

dissertation can be applied to other similar temporal networks and applications

as well.

In chapter two, an algorithmic approach is proposed for extracting the spa-

tial activation clusters to characterize the difference between neurological condi-

tions based on resting state functional connectivity (rsFC) data. Various multi-

variate pattern analysis (MVPA) approaches for brain activation mapping have

been developed and employed in the past, such as the searchlight method and

regularization-based methods [5, 6]. However, these approaches suffer from a

number of limitations which can lead to misidentification of truly informative

regions of brain. These limitations mainly stem from several factors such as the
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fact that the information value of the search spheres are assigned to the voxel

at the center of them (in case of searchlight), the requirement for manual tuning

of parameters such as searchlight radius and shape, and parameter tuning, high

complexity, and low interpretability in commonly used machine learning based

approaches, and the drawbacks of using regularization methods in analysis of

datasets with characteristics of common fMRI data [7–11]. To address these is-

sues, we propose a maximum relevance minimum redundancy search approach

that requires minimum parameter tuning. We show that this approach can be

used in settings with high spatial precision such as voxel-level analysis, and it

can outperform commonly-used approaches in terms of precision of finding the

truly informative regions.

In chapter three, a null model is suggested for detecting the links in the tem-

poral network of dynamic connectivity that are not formed at random or due to

the local strengths of the nodes (brain voxels or regions). These links, which are

referred to as the significant ties or irreducible ties, form the backbone network

of dynamic functional connectivity. An advantage of the proposed model is the

fact that it considers the global structure of the network within each time point

through an optimization approach to control for local properties of the nodes. By

performing experiments on a set of real dFC dataset we show how this null model

can be used to filter the links which have a higher likelihood of being formed at

random. Moreover, we highlight the limitations of connectivity density measures,

and the importance of examining the quality of the temporal ties thought a com-

parative region-level experiment of Autism Spectrum Disorder(ASD) against a

healthy control group.

In chapter four, a transformer model is proposed for learning a spatio-temporal

representation of the fMRI data which can in turn facilitate downstream tasks

such as classification, forecasting, and feature extraction and analysis. The ob-

jective of the task of representation learning, also known as feature learning, is

to extract a set of features containing the higher order relations and patterns
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that are not directly present in the data. The power of a representation relies

upon the breadth of information that it captures from the data. For this pur-

pose, we proposed a transformer-based representation learning model that uses

the fMRI time series data as well its dynamic functional connectivity through an

attention mechanism to capture the spatio-tempral representation of the dataset.

We demonstrate the effectiveness of this approach by designing two classification

tasks, one for classification of ASD patients from healthy subjects, and one to

classify the sex of the subjects, and discuss its strengths and shortcomings. Fi-

nally, in chapter five we briefly discuss future research paths to build upon this

dissertation.
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CHAPTER 2

A HEURISTIC INFORMATION CLUSTER SEARCH

APPROACH FOR PRECISE FUNCTIONAL BRAIN

MAPPING

2.1 Introduction

In the common form of functional magnetic resonance imaging (fMRI), the

blood-oxygen level dependent (BOLD) contrast is extracted as the response sig-

nal in order to measure neural activity in the brain [12]. Measurement of this

response signal over time forms a time course corresponding to each voxel whose

dimensions depend on the spatial resolution of the imaging device. Analysis and

comparison of these time courses can reveal valuable knowledge regarding differ-

ent neurological conditions among populations. Popular approaches for analyzing

fMRI data can be broken down into two main categories: voxel-wise univariate

analysis , and multi-voxel pattern analysis, also known as MVPA [13, 14]. The

univariate analysis searches for correlations between psychological or physical

status and the activation of single voxels while MVPA aims to detect patterns

among conditions observed among combinations of multiple voxels [15]. Un-

like univariate analyses, MVPA approaches are designed to allow researchers to

test how dispersed patterns of BOLD activation across multiple voxels relate

to experimental conditions [15, 16]. One approach in multi-voxel scheme is to

compare and analyze spatially averaged (smoothed) BOLD activation across the

entire regions of interest. Advantages of this approach include an increase in the

signal to noise ratio as well as the consistency of the analysis among subjects

can be noted [17]. However, spatial smoothing leads to significant loss of in-
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formation about the patterns of activation within the regions of interest. This

information includes the activities and dynamics within subregions which can

provide valuable insight into their relation with different mental states [18, 19].

This issue becomes more complex when dealing with larger regions of interest.

Therefore, in order to capture such information, it is necessary to consider the

BOLD activity in smaller spherical subsets [7].

The question of identifying relevant regions with regards to specific conditions

has prompted numerous studies during the recent decades. One of the most

commonly employed approaches for this application is the searchlight method

proposed by Kriegeskorte et al., which given the dimensions of a sphere win-

dow, performs a search across a brain region to detect the information of sets

of neighboring voxels [5, 6]. In this multivariate approach, spatial patterns of

activity within the search window are compared between two groups using sta-

tistical discriminant analysis or supervised machine learning approaches [20,21].

The search sphere (“searchlight”) is centered on every voxel, i.e. the derived

separability value for each voxel is derived from the discrimination score of its

surrounding searchlight, not the voxel individually. Advantages of searchlight

analysis include its automatic procedure, its ability in performing whole-brain

search without the need to specify brain regions, and its high interpretability

and intuition.

However, the searchlight procedure suffers from multiple drawbacks which can

lead to erroneous detection of informative voxels/regions. Etzel et al. discussed

several issues with the searchlight method in detail which we briefly point out

here [7]. One limitation of the searchlight procedure is that it can declare a

subregion with a few highly-informative voxels as informative, making detection

of informative voxel clusters ambiguous. This issue becomes more prevalent with

selection of larger search radii [7]. Moreover, choosing an appropriate search

radius is essential, which depends on the shape and size of the region being

searched. However, finding the discriminative subregion by a search over several
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possible search radius values is difficult especially when being applied to whole-

brain analysis. Aside from this issue, the shape of the searchlight can limit the

detection of the subregions with the highest discrimination power. This is due

to the fact that the searchlight is commonly in the shape of a sphere or a cube,

which forces subregions with irregular shapes to fall between multiple searchlight

positions. This issue can partially be relieved through assigning the searchlight

sphere as small as possible at the expense of overfitting [7]. Another shortcoming

with this method is the fact that assignment of a single searchlight radius might

provide optimal results for one subregion, but does not guarantee similar results

for many other regions. Consequently, finding the optimal searchlight radius for a

large search space comprised of subspaces with varying anatomical characteristics

is a challenging task. Tackling some of the mentioned issues requires further

analysis while some issues are inherently irresolvable through the scope of the

searchlight procedure.

Several other approaches have been proposed based on machine learning tech-

niques to create models for automated decoding of cognitive states during recent

years. A number of these techniques proposed using different variations of the

least absolute shrinkage and selection operator (Lasso) family to develop a con-

tinuous feature evaluation process [8, 9, 22, 23]. However, the use of lasso regu-

larization in fMRI studies introduces several limitations. One of such constraints

is the fact that in case of number of features p being larger than the number of

examples m, lasso selects m features at maximum [24]. This is a critical draw-

back due to the fact that in fMRI studies, especially on voxel-level analysis, it is

very common that the number of subjects is far smaller than the number of fea-

tures (voxels, or even regions of interest). Another drawback of Lasso is the fact

that since it forces less important coefficients to be zero, it does not provide the

information value of the features that have not been selected. Consequently, in-

stead of creating an information spectrum, it points to a small subset of features

that it finds to be more informative, which makes it less useful for researchers
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in fMRI studies due to loss of knowledge regarding majority of the brain areas.

Moreover, using a more recent variation of Lasso which considers group structure

named group Lasso requires disjoint subsets of the voxels to be pre-determined.

This limitation creates an issue similar to the searchlight analysis radius selec-

tion since the choice of size and structure of the groups of voxels changes the

results of the feature space shrinkage. Also, the interpretability of performing

a regularization-based approach on the entire feature space is low. Another

method for detecting biomarkers is the manifold learning suggested by [10]. De-

spite its power in nonlinear classification of MR images and the consideration of

spectral theory in dimensionality reduction, several parameters need to be fine

tuned for it to achieve preferable results. These parameters include the optimal

neighborhood size, the number of dimensions learned by the manifold, and the

heat kernel parameter which the Laplacian eigenmap feature selection is sensitive

to. Also, time complexity of the spectral embedding phase of manifold learning

grows substantially with the size of neighborhood, making it less efficient for

full-brain analysis [11]. In another recent work, Varol et al. suggested a linear

multivariate discriminative statistical mapping using least squares support vec-

tor machine (LS-SVM) to achieve higher sensitivity and specificity in detecting

group differences while preserving computational efficiency of the analysis [25].

This approach can be used for both classification and regression problems and

can employ various local learners based on the scale of the regions to be mapped.

However, this method also requires the radius of the neighborhood as well as the

LS-SVM parameters (including the SVM slack variable C and any other possible

kernel variables) to be tuned to ensure the best performance.

Another category of approaches in decoding the cognitive state of the brain

is based on the principles of deep neural networks. Although family of tech-

niques have been mostly used in lesion segmentation and functional connectivity

analysis, a number of studies have also employed them to create a mapping or

visualization of the spatial information of the regions. In this approach, the task
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of classifying the neurological conditions is treated similar to image classification

where a model such as a convolutional neural network (CNN) is trained based

on high resolution activation patterns in the brain. Deep learning based ap-

proaches require a large number (usually to the order of hundreds of thousands)

of examples for effective training and parameter tuning. In order to transfer

a pre-trained CNN on fMRI data, a three-dimensional CNN is required to be

trained on a large set of imaging data to extract the necessary features for fMRI

analysis [26, 26–32]. However, using deep CNNs requires a certain level of ex-

pertise to interpret the high level features and to fine-tune the network for the

specific task of fMRI classification, and often comes with significant computa-

tional complexity [28,33]. Furthermore , Bjornsdotter et al. proposed an MVPA

approach based on Monte-Carlo sampling where information is combined across

overlapping neighborhoods [34]. Despite its advantage in increasing the stabil-

ity, this approach does not precisely provide the significance of each voxel in

characterizing a certain condition.

In conclusion, development of new analytical models which tackles the above-

mentioned issues while retaining the beneficial aspects of those approaches is

essential for the critical task of automatically discovering the information of dif-

ferent regions regarding certain neurological conditions. In this study, we propose

a new approach for extracting features with voxel-level precision. The aim of this

approach is to provide an interpretable mapping of information clusters where

the spatial proximity and the interactions between the voxel-level regions are

taken into account without the requirement of parameter tuning. Through a

completely data-driven search, the proposed approach achieves this goal while

increasing the classification accuracy at the same time. Through empirical results

on a real fMRI dataset as well as synthetic data, we compare the performance

of the proposed algorithm with the searchlight methods. We explain the exper-

imental results as well as the suggested methodology in more detail in the next

sections.
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2.2 Heuristic Cluster Search Algorithm

The objective of the proposed methodology is to create the information map

of the brain (or regions of interest) with regards to a certain neurological status,

e.g. a cognitive disorder, age, activation pattern differences during different tasks,

etc. In other words, given two (or more) populations, the goal is to discover

the level at which the information based on BOLD activation of brain regions

differ between groups, which in this study we define as the discriminant score

of the region (Note that we use the terms discriminant score and information

interchangeably in order to preserve consistency with the related literature).

We also define a cluster as a group of neighboring voxels whose size can span

from one voxel to the entire area to be searched, and a search space as the

region of brain that we intend to explore (search) and investigate in order to

detect ”informative” subregions. Furthermore, since each voxel's activity level

is treated as a feature, the terms ”voxel” and ”feature” in this chapter bear the

same meaning. Generally, the input to the proposed approach is a data matrix

where each row corresponds to one subject, and each column corresponds to a

voxel in the search space. Therefore, each element in the data matrix contains

the activation or BOLD value of a voxel in the search space averaged over time.

The output of the proposed algorithm is a set of information clusters where each

cluster is assigned an information score. To simplify reference to the proposed

algorithm, we refer to it as ICS, which is the acronym for information cluster

search.

2.2.1 Information Cluster Versus Activation Cluster

To extract the informative clusters within a region of interest we propose

an algorithm which traverses the search space based on an information-based

heuristic, and outputs the discovered information clusters and their measured

discriminant scores after termination. This process resembles greedy search al-



11

gorithms which pick the ”best” neighbor according to a heuristic, which in this

case is the discriminant score of the cluster of voxels [35, 36]. However, un-

like common greedy algorithm procedures, the proposed approach reviews the

searched clusters and prunes the redundant voxels after each expansion step to

increase its precision and reduce the risk of falling in local optima.

In general, ICS includes two steps, expansion step, and pruning step, which

are periodically performed for each information cluster. During the expansion

step, ICS performs a search starting from a voxel V to detect its immediate

neighbors whose pairing with V (adding it as a feature to the feature set that

includes V ) enhance its power in distinguishing between the classes of data. This

process is the the maximum relevance approach in feature selection. Then, the

pruning step starts in which a redundancy detection is performed on the newly

created cluster to remove the redundant voxels and further optimize the selected

cluster. This analysis is performed due to the fact that addition of new features

to a feature group can introduce new redundancies, i.e. the Markov blanket

(MB) of the target variable defined as the optimal set of attributes to predict

it can change due to the influence of the newly added feature [37, 38]. After

the redundancy procedure, similar expansion process is performed on the pruned

cluster, meaning that the neighboring voxels of the entire remaining cluster after

redundancy analysis are examined to find the useful voxels to add to the cluster.

The expansion and pruning process are repeated until there are no neighboring

voxels left whose addition to the detected cluster is helpful. Note that ICS

avoids removing newly added voxels or admitting voxels that have been found

redundant in the last step in order to avoid falling in an infinite loop. The

detailed pseudo-code of the algorithm is provided in appendix A. Searching the

neighborhood of the entire cluster alleviates the issue of falling in local optima in

greedy algorithms [39,39,40]. On the other hand, the proposed procedure relaxes

the requirement of performing a search through all possible combinations while

increasing the spatial precision of search by investigating voxel-level resolutions.
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In general, the steps of the proposed algorithm go as followed (details are provided

in appendix A):

Step 1 Start from voxel vs and measure the relevance score of its conjugation

with each of its immediate neighbors vn ∈ Vneighbors one by one. Select the

subset of neighbors Vpos ⊂ Vneighbor whose addition to vs provides larger in-

formation value than the individual information quality of vs (equation 2.1).

Then combine vs and Vpos to create the information cluster IC = vs ∪Vpos.

Step 2 Search each voxel adjacent to IC, and admit the neighboring voxels

whose addition to IC enhances its relevance score, (similar to step one,

but for the entire IC).

Step 3 Perform the feature redundancy analysis on IC and remove its redun-

dant voxels (except the newly added voxels).

Step 4 Repeat Steps 2 (except the newly removed voxels) and 3 to expand and

prune the cluster until there is no new neighbor whose addition to IC

increases its score. Save IC and its information in the output variable.

Step 5 Start from the voxel next to vs and follow steps 1 to 4.

Step 6 When steps 1 to 4 are performed for every voxel as the starting voxel in

the search space, terminate the algorithm and output the set of discovered

information clusters and their information value.

As can be seen in the described steps, the cluster originating from vs is ex-

panded until no neighbors are found whose addition to the cluster enhances its

discriminant score. In that case, the algorithm saves the detected cluster as well

is its calculated score (information) as part of the output, and starts the same

process starting from the voxel next to vs. The algorithm terminates when a

cluster is detected starting from every voxel in the search space. A schematic

plot of the steps of this procedure is illustrated in Figure 2.7 where the steps
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proceed from top to bottom (steps 1 to 4) starting from every voxel. Note that

the size of information clusters can span from one voxel (meaning that none of its

immediate neighbors increase its information) to the entire search space (mean-

ing that the entire search space as one cluster contains relevant information).

However, both of these extreme cases were rare according to our experiments.

Also, note that during step 2, rather than selecting only one neighbor, which is

the process in common greedy search methods, a group of candidate voxels of

each neighborhood layer of cluster IC are admitted.

Several statistic and algorithmic variable search methods have been suggested

for areas such as gene expression [41]. However, these datasets do not consider

the spatial characteristics of the data. Moreover, [42] suggested a region grow-

ing approach where clusters are located based on a homogeneity criterion and

a predefined maximum cluster size determines the expansion stopping process.

Also, [43,44] proposes a cluster detection method where neighboring voxels form

a cluster based on the correlation of their corresponding time series. The differ-

ence between these studies and ICS is that they detect the activation clusters, i.e.

they aim to locate groups of contiguous voxels that are activated together and

the information of the clusters do not play a role in the search process. While

the contiguity of the voxels is taken into consideration in our proposed approach,

the voxels within the clusters might not show similar levels of activation, and

instead their combination of activation levels forms the information cluster that

is detected by the cluster search process. In other words, in information clusters,

the activation of a cluster of voxels is not necessarily correlated. In fact, contrary

to a necessarily correlating feature set, we define the conjunction of a feature set

(voxel-level activation) constitutes an information cluster, which is a principal

concept in rule-based pattern discovery.

While the proposed algorithm provides a general data-diven framework for

information detection, the proper choice of heuristic function for analysis of rel-

evance and redundancy needs important considerations: first, it is important to
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take into account the interaction and structure within groups of voxels rather

than considering them as merely a number of of voxels placed as a group. Sec-

ond, feasibility of the analysis should be considered as the number of voxels in

the search space can be too large for many feature selection methods due to their

time complexity. For the first point, we propose an online feature selection crite-

rion which takes the interaction between features in to account. For the second

issue, we propose an algorithmic technique for implementation of the proposed

method which makes the analysis time-efficient for experimentation on bigger

search spaces such as whole brain analysis. In the next section, we describe

these methodological techniques.

2.2.2 Online Feature Selection As A Heuristic Function

A basic approach for evaluating the discriminant power of a group of features

is the supervised feature subset selection by simply using the test accuracy of a

trained machine learning algorithm. The major shortcomings of this approach

include the requirement of retraining the model each time a new voxel's informa-

tion is being evaluated as well as being model-specific. Several other approaches

have been proposed for feature set evaluation including statistical methods, lin-

ear discriminant analysis (LDA) [45, 46] and spectral cluster analysis [47–49].

The purpose of all of these approaches is to provide a measure of how separable

groups of data are based on a feature set. These approaches are designed for

offline feature selection where the entire feature group is known a priori. As ex-

plained previously, in the proposed ICS approach, while the samples (subjects)

are constant, the features flow into the model one at a time dynamically, and are

admitted to the set if they are found to be beneficial to the information of the

cluster, otherwise they are rejected. As a result, we can exploit this characteristic

to formulate our search procedure as a criterion known as online (or streaming)

feature selection, where evaluation of the features is performed by their arrival.
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Figure 2.1. A schematic plot of of an example region traversed by
the proposed algorithm The to detect information clusters originating
from voxel V1 and V2. The algorithm first creates the information map
for the cluster starting from V1 from top to bottom, and then moves
to V2 and follows the same process. The red voxels are the admitted
voxels and the yellow voxels represent the neighbors of the cluster at
each step. The online spectral relevance analysis is performed during
each search in the neighborhood layer, and the group biased mutual
information redundancy analysis is performed before each next search
in the neighborhood layer.
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This formulation makes it suitable to perform dynamic feature group evalua-

tion during the spatial search. Online feature selection is a relatively new topic

for which a number of approaches have been proposed during the recent years

including the gradient descent based model named Grafting [50], the likelihood

ratio-based method named Alpha-investing [51], and the feature redundancy and

relevancy based method known as OSFS [52]. However, despite their advantages

in feature selection, they do not capture the structure and correlations within

the groups of attributes. Moreover, Wang et al. suggested an online group fea-

ture selection (OGFS), where the global structure of the features is considered in

selecting the best subset [53]. While this is a valuable quality, the use of Lasso

in feature group analysis of their approach has limited capability for the domain

of voxel level decoding of cognitive states due to the issues mentioned in the

introduction section. We incorporate an online feature selection method inspired

by OSFS and OGFS as the heuristic function of our greedy algorithm. However,

we use a different process for feature redundancy analysis while considering their

interaction between the voxels and group structure within the clusters. Here we

explain the proposed heuristics for the suggested search approach.

2.2.3 Relevance Analysis

In order to form the information clusters, informative voxels are admitted

based on relevance analysis process. This can be shown as the formula below:

dif = Information(IC ∪ vn)− Information(IC) (2.1)

In other words, if the calculated discriminant power of the addition of the

newly arrived voxel vn to the cluster IC is higher than the information of IC

(dif > 0), the algorithm admits vn and adds it to to IC. As the steps of the

algorithm show, this relevance analysis is performed over all of the immediate

neighbors of IC, and the relevant subset of the neighbors joins the cluster to

expand it.
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As mentioned before, various feature selection methods can be applied to

evaluates features individually. However, in our application, the objective is to

calculate the discriminant power of group of features (feature set selection). For

this purpose, we used spectral feature analysis, particularly, group-level trace

ratio of between-class (global) to within-class (local) affinity relationship in the

data [54]. This measure ensures that samples from the same class have a higher

similarity compared with samples from different classes. Therefore, if addition

of a new feature (dimension) increases this separability, it is considered as an

admissible feature. A main reason for using this measure is its ability in capturing

the global group information within the groups of data.

The spectral feature selection attempts to find a smooth feature selector ma-

trix based on the notions of class affiliation which measures the ratio between

local and global affinity. In other word, the higher the following relation, the

higher quality is the feature.

Information(IC) =

∑
ij ||zi − zj||2Sb∑
ij ||zi − zj||2Sw

(2.2)

Where with the procedure of feature selection, the data matrix X is trans-

formed to Z by the feature space projection, Z = W TX, i.e. Z is a transforma-

tion of X, and zi and zj are the corresponding values of z for data points i and j.

Also, Sb and Sw denote the Fisher scores of between and within class adjacency

matrices [54] which are calculated as below:

(Sb)ij =


1
n
− 1

nl
, if i and j belong to the same class

1
n
, otherwise

(2.3)

(Sw)ij =


1
nl
, if i and j belong to the same class

0, otherwise

(2.4)

Where nl denotes the number of data points from class l. We can also consider

Sb as the adjacency matrix of graph Gb, and Sw as the adjacency matrix of
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graph Gw which represent between-class (global), and within-class (local) affinity

relationship among the data points respectively. In other words, in both graphs

Gb and Gw, the nodes are the subjects, and the edges correspond to their class

affiliation. Fisher score is a supervised method therefore makes use of the label

information for constructing the weight matrices Sb and Sw. When the label

information is not available, Laplacian score can be applied for constructing the

two weight matrices instead.

The degree matrix Dw of the graph Gw (within-class) can be defined as Dw =

diag(Sw) if i = j, and 0 otherwise, and its Laplacian matrix can be defined as

Lw=Dw−Sw [53,55]. Similarly, the Laplacian matrix of graph Gb (between-class)

is defined as Lb = Db − Sb.

With the property of Laplacian matrix, for a feature subset(cluster) IC, we

can obtain the following equivalence from equation 2.2:

eq : 5
∑
ij

||zi − zj||2Sb = WIC
T (XLbX

T )WIC (2.5)

Therefore, equation 2.2 can be converted into the trace ratio of the form

below [53,54]:

S(IC) =
tr(WIC

T (XLbX
T )WIC)

tr(WICT (XLwXT )WIC)
(2.6)

And the spectral quality for the arriving feature vi can be measured by a feature-

level spectral score defined below:

S(vi) =
wTi (XLbX

T )wi
wTi (XLwXT )wi

(2.7)

Therefore, given the selected feature subset IC, the new arriving feature vn

will be admitted if its inclusion improves the discriminative ability of the feature

subset (calculated via equation 2.6), that is equation 2.1.
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2.2.4 Redundancy Analysis

By performing an intra-group pruning before further expanding the cluster

IC ∪ vn, the optimal group of voxels Vopt ∈ {IC ∪ vn} can be selected. This pro-

cess further increases the precision of the information map by removing residual

redundancies as a high quality set of features should not only be individually

relevant, but also should not be redundant with respect to each other.

For this analysis, we consider the interaction between the voxels within the

clusters to be able to capture the complex structures among groups of voxels

rather than only assessing their individual predictive power. Therefore the re-

dundancy score of each feature is calculated as its mutual information with the

rest of the features in the group which is formulated below [56].

J =
1

n− 1

n−1∑
k=1

I(Xn;Xk) (2.8)

Where I denotes the mutual information between two vectors, X is the set

of features, and n is the number of features. A large value of J represents high

redundancy, i.e. low quality of the feature. Also, the mutual information I is

calculated by the formula below:

MI =
∑
x∈X

∑
z∈Z

P (x, z)log(
P (x, z)

P (x)P (z)
) (2.9)

Where x denotes the feature values and z represents the class labels.

2.2.5 An Efficient Implementation

As discussed in the previous section, the proposed approach performs a set of

calculations in every step of the search to investigate every voxel at the vicinity

of the detected feature clusters. Therefore, a large fraction of the calculations are

repeated due to the overlap among regions, i.e. a voxel can be visited multiple

times. This significantly affects the analysis time and can make search over
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large regions impractical. We apply this improvement by breaking down the

calculations for every voxel and storing them at hash tables to be later used

in the search process. At every step of the search, the algorithm first checks if

the fragment of calculation encountered during the search already exists in the

tables. If so, it directly uses the previously calculated values recursively to save

time, otherwise it performs the necessary calculation and stores it in the table

for future use. This top-down approach significantly increases the search time,

making precise information detection on voxel-level resolutions over large search

spaces possible. Time complexity of ICS based on our experimentation setup is

discussed in the discussion section.

For relevance process, based on equation 2.7, the majority of computational

burden is on the matrix multiplication XLbX
T . However, we can make the

above matrix multiplication only once, before starting the search, and preserve

the values inside a hash table instead of recalculating it during search. Due to

the property of trace of matrices, the value for each voxel can be easily obtained

by looking up the pre-calculated values in the hash table.
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Figure 2.2. An interaction matrix after a complete search over 100
voxels. Non-zero elements are depicted in blue color. The right figure
illustrates the size of clusters originating from each voxel.

Moreover, for redundancy analysis, we can break down the calculations of

each voxel in equation 2.8. This is due to the fact that the mutual interaction

information between each voxel and every other voxel is a sum calculation, and

the individual value of each feature can be looked up after being calculated and

stored once. Therefore, each time redundancy analysis is being performed on

a feature set IC, for each voxel, the algorithm first checks if the calculation

for it exists in the hash matrices, and only performs the calculations and saves

them if they have not been performed previously. This memoization process is

included in the pseudo code in appendix A. Note that the calculations for 2.8

based on this approach are only performed when needed, which is more efficient

than pre-calculating the interactions for each voxel and every other voxel. This

is due to the fact that we are interested in detecting redundancies within an

analytically-formed cluster of voxels which only requires the interaction of voxel

being visited with the members of that cluster rather than its interaction with

every other voxel in the entire search space. As a result, the mutual information
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matrix becomes rather sparse. An example of interaction matrix on 100 voxels in

ABIDE dataset is depicted in Figure 5.21 where each element shows the mutual

information between two voxels in the search space, and non-zero elements are

shown in blue color. As can be seen in that figure, many cells are empty, meaning

that the search did not require claculation of the interaction between those pairs

of voxels. As we can also observe in that matrix, the density of non-zero elements

is higher in the vicinity of the diagonal which indicates the locality of search in

the vicinity of functional volumes. The size of clusters originating from each voxel

is also illustrated on the right side of Figure 5.21. Note that the cluster sizes

do not necessarily match the number of non-zero(blue) cells in each row of the

interaction matrix. This is due to the pruning step that the algorithm performs,

which separates the informative subset of voxels within the cluster during each

redundancy analysis step.

2.2.6 Interpretation Of The Output

The direction of search based on ICS algorithm is guided only by the under-

lying information in the search space. This means that emergence of overlapping

clusters with different starting points is a possibility in the proposed schema.

Therefore, the output of ICS can be presented as a set of clusters with their

measured discriminant scores. Figure 2.3 presents a comparison between the

outputs of the searchlight procedure with the ICS algorithm after three steps of

each method. As can be seen in that figure which is depicted in two dimensions

for suitable demonstration, the output of the searchlight approach is a map where

the value of each voxel represents the information of the searchlight surrounding

it while the output of ICS is a set of clusters originated from each voxel. In other

words, the information of a cluster in ICS process is automatically assigned to

the entire cluster. The same figure also shows how clusters originating from dif-

ferent voxels can overlap one another in the ICS schema. The separated clusters
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Figure 2.3. a. An illustration of the steps and output of searchlight
procedure compared with the ICS algorithm. The grey voxel is the
search sphere center voxel in the searchlight method, and the starting
voxel in ICS algorithm. The radius for searchlight in this schematic
illustration is one voxel, and the information of the searchlight sphere,
denoted by a specific color for each sphere is assigned to the voxel
at the center of the sphere, i.e. each voxel in the output map has
the same color(information) as its search sphere. On the other hand,
the output of the ICS method is a set of clusters expanded from the
starting voxel through a data-driven heuristic. The information of
each cluster is demonstrated by a specific color. b. Left: An example
illustration of overlapping clusters created by ICS. Right: the same
clusters depicted individually. The voxel indicated by black dots are
the starting voxel V s which are expanded based on the discriminant
analysis heuristic, resulting in a specific discriminant score for each
cluster.
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on the right show a representation of the actual output where each cluster bears

a certain information value. Therefore, each cluster is assigned an information

score, and each voxel can be associated with multiple clusters as various combi-

nations of features bear different predictive power. From a predictive modelling

point of view, each information cluster can be considered as a feature whose

information value represents its classification quality. Therefore, a cluster with

high information value is more suitable for prediction and diagnosis purposes.

2.3 Experimental Results

Experimental Setup and Data

The source code of the proposed method is available at

https://github.com/ThisIsNima/ICS. All the experiments were performed on an

Intel Core i7-3370 CPU, 3.40 GHz with 32 GB of RAM.

In order to evaluate the proposed approach, we first derived the information

map of the fMRI datasets of two case studies based on the suggested algorithm

as well as the searchlight and LASSO within generalized linear model (GLM)

procedures as the base line, and then selected the clusters which provide above

chance (bigger than 50%) information for one setting, and their top 50 clusters

for another experimental setting as the classification features. Five-fold cross

validation was performed during the feature-selection phase for each of the three

approaches. Then, we compared the area under the curve (AUC) of a classifier

which was trained on the three generated feature vectors to assess the quality of

the generated features on the same dataset. For this purpose, we create two case

studies using real fMRI data as well as a synthetic dataset.

The first case study includes a real fMRI dataset of 683 subjects from the pub-

licly available Autism Brain Imaging Data Exchange (ABIDE) database di2014autism.

This world-wide multi-site database includes resting state fMRI images of 370

healthy subjects, and 313 subjects diagnosed with Autism spectrum disorder
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Figure 2.4. Comparison of classification AUC with svm between ICS,
LASSO, and Searchlight with voxel radius set to 3 for left crus II of
the cerebellum (region 93 per AAL) with 573 voxels.

Figure 2.5. Test AUC for classification with svm of the ICS algo-
rithm, LASSO-based features, and the searchlight method with dif-
ferent search radii for right and left hippocampus and amygdala from
the ABIDE dataset.
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Figure 2.6. Area under the ROC curve for synthetic datasets of size
100 (a), 500 (b), 10,000 (c), and 30,000 (c) voxels based on the top
50 features according to the three approaches.
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(ASD). Also, despite the variances existing in this dataset due to diversity of data

sources, we performed the analysis on the subjects as one group of data. Pre-

viously preprocessed rs-fMRI data was downloaded from the ABIDE database.

This dataset was selected from the C-PAC preprocessing pipeline. The fMRI

data was slice time corrected, motion corrected, and the voxel intensity was nor-

malized using global signal regression. As mentioned in the methodology section,

the input to the algorithm is the set of activation time courses of every voxel av-

eraged over time, i.e. and M ×N matrix where M is the number of subjects and

N is the number of voxels in the search space.

To present the experimental results, we first compare the whole brain analy-

sis performance, and for further investigation, we assign the search space to be

regions of interest which are widely believed to play a crucial roles in ASD,

namely the Hippocampus, Amygdala, and Cerrebellums baron2000amygdala,

schumann2004amygdala, bauman1985histoanatomic, fatemi2012consensus. The

Automated Anatomical Labeling (AAL) atlas was used to extract the regions of

interest.

The second case study included simulated data where time courses of an

average fMRI data with two conditions were generated for a population of 1000

subjects based on values extracted independently from a Gaussian distribution

for four different sizes of search spaces of size 100 voxels, 500 voxels, 10,000

voxels, and 30,000 voxels. Also, noisy values were added to the signal with the

constraints of realistic degree of correlation between adjacent voxels. A spatial

pattern of response was then introduced to the two conditions which faded in

and out according to the average temporal pattern of the cardiovascular response

pattern among adults.
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2.3.1 Prediction Results

The prediction results of the proposed approach is provided in Figures 2.5

and 2.10 where the area under the Receiver operating characteristic (ROC) curve

is used as the evaluation measure.

After the discriminant scores of the clusters are revealed, the clusters with

above chance information and the top 50 clusters were used for classification in

two settings. Note that a cluster was created based on the ICS approach, the

LASSO regularization method, and the searchlight process for each voxel where

in ICS, the cluster was expanded from each voxel vi, and for the searchlight

procedure, it was the searchlight that encompassed each voxel vi by a certain

radius, and for LASSO, it is the single voxels that are found to be significant in

relation to the dataset labels. Similar spectral discriminant score of the relevance

analysis in ICS was used as the analytical measure for the searchlight approach

to make an appropriate comparison between the two approaches. In other words,

the spectral discriminant score of each group of voxels surrounded by a search

sphere was assigned to the voxel at the center of it. Based on both methods,

each cluster contains an information value. The data was split in to train and

test segments where 80% of the data was used for training, and 20% for testing.

The information clusters were extracted from the training set. for the first setup,

clusters with over 50% discriminability power were selected from the outputs of

all three methods, and for the second setup, top 50 clusters (voxesl in case of

LASSO) constituted the feature vectors, thus generating three feature sets for

each of the two settings. Then, an SVM model was trained based on each of

the feature sets, and was used to predict the labels of the test data. The reason

for using a classification model (SVM) different than the information mapping

models is to validate the generalizability of the analysis.
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Figure 2.7. A schematic plot of of an example region traversed by
the proposed algorithm The to detect information clusters originating
from voxel V1 and V2. The algorithm first creates the information map
for the cluster starting from V1 from top to bottom, and then moves
to V2 and follows the same criteria. The red voxels are the admitted
voxels and the yellow voxels represent the neighbors of the cluster
at each step. The online spectral relevance analysis is performed
during each search in the neighborhood layer, and the group biased
mutual binformation redundancy analysis is performed before each
next search in the neighborhood layer.
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Figure 2.8. An interaction matrix after a complete search over 100
voxels. Non-zero elements are depicted in blue color. The right figure
illustrates the size of clusters originating from each voxel.
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Figure 2.9. Top: A comparison of the above chance accuracy clus-
ters derived using the searchlight criteria (top row), LASSO (middle
row), and the ICS algorithm (bottom row) on the ABIDE data set.
Major differences between the three maps are indicated by the red
circles. In case of overlapping clusters generated by ICS, the clusters
with the highest predictability were selected for this visualization.
Bottom-left: Classification performance on full-brain search space for
ABIDE dataset based on the above chance clusters as the features.
Bottom-right: Classification performance on full-brain search space
for ABIDE dataset based on the top 50 clusters as the features. The
train-test population for both settings was 546-137 respectively.
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Figure 2.10. Area under the ROC curve for synthetic datasets of
size 100 (a), 500 (b), 10,000 (c), and 30,000 (c) voxels.
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Figure 2.11. Effect detection results obtained by all methods using
the dataset with 25% simulated atrophy.
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Figure 2.12. Information maps created through searchlight (top
row), LASSO (middle row) and ICS (bottom row) approaches. Figure
(a) corresponds to the voxel-level map of left crus II of the cerebellum
(region 93 per AAL) and figure (b) belongs to cerebellum 4 (region
97 per AAL). For both regions, two dimensional sub-segments (100
by 100 voxels) of the information maps are depicted in this figure to
facilitate readable illustrations. Moreover, five sample information
clusters derived from these maps through the ICS approach are de-
picted on the sides of the maps. In case of overlaps, the information
clusters with higher quality (darker red) overshadow the ones with
lower information.
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Figure 2.13. Computation time of of ics on 5 data set sizes.
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Full brain analysis results

A visualization of the informative clusters (above 50% information) detected

by ICS as well as the searchlight approach and LASSO regularization is pre-

sented in Figure 2.9. As can be seen in that figure, the above chance clusters

presented by both the searchlight procedure and LASSO regularization show a

lower discriminant score(maximum: 57.7%, average: 53.5% for searchlight, and

maximum: 61.3%, average: 52.2% for LASSO ) compared to the ICS clusters

(maximum: 73.1 %, average: 69.8 %). Also, while there are a number of re-

gions where all three approaches detect similar informative areas, ICS detects

an arrangement of voxels with a group structure which shows an increase in

the information. These regions include the posterior cingulate cortex, Wernick's

area, the amygdala, and left insula. Furthermore, ICS detected clusters with

above chance information that the compared approaches were not able to detect

(their detected information were below 50%). These regions include portions of

the cerebellum, and the anterior cingulate cortex. These results are in line with

a number of previous studies on ASD. For example, The role of abnormalities

in cerebellum from both an information mapping point of view and Cortico-

Cerebellar Functional Connectivity in detection of ASD has been demonsterated

in several studies traut2018cerebellar, ramos2018abnormal. Moreover, Cascio et

al. found that the ASD adults were under-responsive to the pleasant and neu-

tral tactile stimuli while showed greater activation in the posterior cingulate and

insula in response to the unpleasant tactile stimuli cascio2012response. Further-

more, numerous studies demonstrate that abnormalities in activation patterns

and functional connectivity in the insula and anterior cingulate cortex (ACC)

contribute to ASD zhou2016functional. Therefore, the results of this analysis

further demonstrates that from an information mapping point of view, the acti-

vation patterns of the mentioned areas can prove more valuable in detection of

ASD.
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Classification AUC of the three approaches using both the above chance fea-

tures as well as the top 50 features were also measured after an SVM model

was trained based on the three feature vectors for each setting separately. The

search space for this analysis is the entire brain. For the searchlight method,

radius values from 1 to 10 voxels were examined, and the highest performance,

which belonged to the search sphere of 3 voxels, was selected. For LASSO, the λ

value was set to 0.001. As can be seen in that plot, the classifier trained on the

the ICS features on both settings significantly outperforms the classifier trained

on the searchlight and LASSO features.

The precision of the three information decoding approaches on synthetic data

is provided in Figure 2.15 where the generated datasets contain 100, 500, 10,000,

and 30,000 voxels. Similar to the real dataset, 5 fold train-test validation was

also arranged for this set of experiments. Therefore, the data for 800 subjects

were used for information mapping, and the remaining 200 subjects were used

for classification test based on the top 50 informative features according to the

analysis on the training set. As can be seen in Figure 2.15, the ICS method

improves the classification accuracy over the compared approaches in all four

setups.

Cluster level analysis results

The classification performance of the three approaches can also be assessed in

smaller search spaces with more specific topological properties. This analysis is

important due to the fact that assignment of a fixed searchlight radius on large

search spaces might guarantee excellent performance in specific regions while

underperform in other regions. In Figure 2.4, the classification accuracies based

on every feature within the left crus II of the cerebellum (Region 93 per AAL) are

compared among tht three methodologies as an example. Analytical results of

more regions are provided in appendix A. In that figure, the AUC value assigned
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to every voxel for the searchlight method is the calculated AUC that its search

neighborhood with 3 voxel radius provides, i.e. the information of the individual

clusters (searchlights). For ICS, this value for every voxel corresponds to the

measured AUC for the cluster originated from it, and for LASSO, the feature

vector contains the voxels found to have the highest predictive powers. Five runs

of analysis based on both methods are presented in that figure, and due to the

fluctuations in the AUC values as a result of random selection of the train-test

samples, the average AUCs are indicated by the black line. As can be seen in

that figure, ICS consistently demonstrates superiority in terms of classification

accuracy compared to the other two approaches. More comparisons of the three

mapping methods on specific regions of interest are provide in Figure 2.5, which

further displays improvement of information map accuracy from the ICS method.

The experimental examinations of the proposed information mapping algo-

rithm shows a significant enhancement over the searchlight procedure over both

real and synthetic datasets. The higher classification test accuracy of ICS points

to the data-driven advantage of identifying the informative combination of vox-

els that form various informative clusters. This is due to the fact that besides

considering the combination of the voxels in their proximity, the formation struc-

ture of the groups of voxels as well as their interaction with one another also play

important role in the information they provide. Moreover, redundant voxels are

dynamically removed by ICS, which contributes to further enhance the precision

of the discovery. These qualities are assessed through the online spectral fea-

ture evaluation and the spatially biased mutual information procedure. In other

words, the ICS increases the information cluster dynamically as it searches for in-

formative voxels to recruit for expanding the cluster while reassessing the Markov

blanket in the existing feature set and removing the redundancies. While high

precision is a crucial quality for information mapping of the brain, the proposed

procedure benefits from other advantageous characteristics which are discussed

in the next section.
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2.3.2 Detection Of Simulated Effects

In order to assess the sensitivity of the proposed method in detecting the

underlying effect of interest, we tested it in a simulated setting where 25% atrophy

where imposed on the frontal lobe mask. Then, we compared the three methods

to the ground-truth by mapping their true and false positive rates and well as

false negative detection rates. The result of this analysis is depicted in figure

2.11. As can be seen in that figure, the rate of false positive in the searchlight

approach is higher than both ICS and LASSO based approach while the false

negative rate in LASSO is higher compared to ICS and searchlight. This can

be explained by the fact that, as mentioned in the introduction section, the

searchlight method tends to declare a subregion with a few highly-informative

voxels as highly informative. On the other hand, the higher rate of false negatives

in LASSO can be explained by its tendency to punish the features with smaller

significance. Moreover, LASSO does not take the local characteristics of the

voxels and their neighborhood into account, which can further skew its selection

of the informative voxels.

Spatial specificity

Spatial specificity can be defined as the ability to extract independent in-

formation from two separate regions in close proximity. As explained in the

methodology, ICS detects groups of voxels whose combined activation results in

an information cluster that is distinguishable between two or more groups of

subjects. Therefore, each such group of voxels is assigned a unique information

value. This process is in contrast with the searchlight information assignment

where the information of a neighborhood with predefined size is assigned to the

voxel at the center of it. Figure 2.14 illustrates information maps generated

through searchlight and ICS approach for two regions corresponding to the cere-

bellum. In case of overlapping information clusters in ICS, the segments with
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higher information overlay regions with lower information to facilitate readability

of the map. As mentioned previously, the information detection and assignment

procedure of ICS offers a higher specificity, which can be observed in Figure 2.14.

Figure 2.14. Information maps created through searchlight (top
row), LASSO (middle row) and ICS (bottom row) approaches. Figure
(a) corresponds to the voxel-level map of left crus II of the cerebellum
(region 93 per AAL) and figure (b) belongs to cerebellum 4 (region
97 per AAL). For both regions, two dimensional sub-segments (100
by 100 voxels) of the information maps are depicted in this figure to
facilitate readable illustrations. Moreover, five sample information
clusters derived from these maps through the ICS approach are de-
picted on the sides of the maps. In case of overlaps, the information
clusters with higher quality (darker red) overshadow the ones with
lower information.

2.4 Discussion

We suggested a new MVPA method with the objective of increasing the

precision of the voxel-level information map while eliminating several constraints

including the requirement for parameter tuning. We proposed a data-driven

framework which performs a search based on a data-driven heuristic function,

and starting from each voxel, dynamically detects the appropriate formation of

its combination with other voxels in its vicinity.

Since ICS is able to pick up clusters with irregular shapes (and each voxel's

performance is not affected by its surrounding neighbors), when combined with

high-resolution scans, it can be used to 1) associate function with its underlying

fine-grained structures such as sulcal and gyral morphology (i.e. the irregu-

lar shapes of functional maps can be compared with structural T1 images to

link morphological and functional variation), 2) to accurately detect the func-

tional boundary across representations or tasks/conditions and compare them

with other boundary mapping approaches, and 3) to provide insights for some
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fundamental but unresolved brain physiological questions such as whether in-

formation in the brain is represented in a continuous or discrete form. The

traditional searchlight method mixes and merges neighboring voxels'information

and thus is inherently biased for a continuous gradient-like representation form,

but ICS is not limited to such bias tee2018information.

2.4.1 Information Of Voxel Clusters Is Discovered Precisely

Due to the data-driven expansion of clusters around each starting voxel, their

calculated information is automatically assigned to the individual clusters with-

out redundant voxels. Therefore, exaggeration of the spatial boundaries of infor-

mative areas is avoided. This property removes the possibility of discontinuous

detection, i.e. existence of one or few highly informative voxels dominating the

information of a region which increases the possibility of overfitting.

2.4.2 Minimal Parameter Tuning Is Required

The elimination of tuning parameters such as searchlight shape (spherical

or cubical) and radius, or machine learning hyper parameters (example: deep

learning based methods) or regularization parameters (the λ value in LASSO or

elastic net) not only increases the generalizability of the results, but also increases

the efficiency of analysis. The latter point is due to the fact that the requirement

for multiple runs of the analysis with different searchlight radii and then selecting

the highest performing parameters is removed. Moreover, this property of the

ICS algorithm resolves the issue of heterogeneous accuracy on various regions

which normally occurs due to assignment of a single searchlight radius for larger

brain regions with various topological characteristics. Plus, parameter tuning

requires researchers to have advanced expertise of the methods they intend to

use, especially with regards to manifold learning.
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2.4.3 The Shape Of The Clusters Is Not Bound By Any Constraints

The shape of the searchlight sphere can affect the information detection preci-

sion. For example, in the presence of an elliptical cluster, a spherical searchlight

could fail to detect its complete boundaries, thus creating an imprecise informa-

tion map. However, the shape of the clusters created by ICS merely depends

on the information of the voxels and their combination with the voxels in their

vicinity. This can specifically be a useful property for clusters located at the

edges of the search space that are more prone to irregular shapes.

2.4.4 Prediction Accuracy Is Enhanced Simultaneous To Cluster De-

tection

The search space traversal of ICS is navigated toward voxels that increase the

information of the clusters as its objective is to solve the optimization function

that finds the combination of neighboring voxels that maximize the information.

Therefore, starting from each voxel, the search continues as long as possibility

exists for enhancing the discrimination power of the cluster by adding useful

voxels.

2.4.5 ICS Is Applicable To Both Supervised And Unsupervised Set-

tings

Due to the spectral discriminant analysis incorporated in ICS, it is robust to

problem settings with regards to labeled or unlabeled datasets. As explained in

the methodology section, switching to the unsupervised problem setting can be

performed during construction of the weight matrices. In other words, Fisher

score can be used to take advantage of label information for constructing the

weight matrices while Laplacian score can be leveraged for constructing the two

weight matrices when no label information is presented. This characteristic fur-
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ther increases the adaptability of ICS to different problem settings over other

group level MVPA approaches.

2.4.6 Additional Analysis Is Not Required For Interpretation Of The

Information Map

Due to data-driven assignment of discriminant scores on the voxel level, clus-

ters with clear boundaries are generated by the ICS method. Therefore, unlike

some of the other MVPA methods, complementary tests are not required to de-

tect informative voxels within the clusters. Moreover, the proposed approach pro-

vides higher intuitiveness compared to methodologies often considered as ”black

box” such as deep learning based approaches or regularization-based methods.

2.4.7 State-of-the-art Feature Set Analysis Approaches Can Be In-

corporated In ICS

While we employed spectral feature set analysis for the expansion step (rele-

vance analysis) and the trace ratio procedure for the pruning step (redundancy

analysis), other state-of-the-art approaches can be incorporated in the ICS on-

line search schema. Therefore, within the same spatial feature cluster search

algorithm, other feature set analysis process can be applied, which indicates the

flexibility of this approach.

2.4.8 Global Optimality Discussion

The conventional step-wise greedy search method for feature selection yields

suboptimal feature subsets due to falling in local minima vafaie1994feature.

This is due to the fact that the choice of features depends on the order of their

selection. However, in the approach proposed in this paper, for every starting

voxel, multiple useful neighbors are admitted at each neighborhood layer (step
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2 of the algorithm), therefore reducing the chance of falling in local optima.

Moreover, the output of the algorithm includes the discovered information clus-

ters starting from every voxel in the search space. In other words, steps 1 to 4

are performed for every voxel in the search space, resulting in a more thorough

search over possible voxel combinations. While this algorithm does not perform

an exhaustive search over every possible combination of voxels, these two prop-

erties significantly decrease its chance of falling into local optima. In addition,

global information within clusters is taken into account during both spectral rel-

evance and redundancy analysis. Note that the problem of finding the best set

of features is an NP-hard problem which is a significantly more complex problem

than distance-based graph search approaches. This is due to non-linear relations

between the features compared with the notion of physical distance which can

be measured by accumulating the sub-distances in the search space.

2.4.9 Time And Memory Complexity Analysis

A brute force implementation of the proposed search algorithm would require

multiple calculations for every attribute to be performed repeatedly due to the

overlap among information clusters. The time complexity of mutual interaction

information is exponential in the number of variables (O(n2), n being the num-

ber of voxels in the search space). Therefore, repeating its calculations can make

the search significantly slow. However, by exploiting the existing overlaps among

information clusters, we proposed an efficient implementation where, if needed,

each of theses calculations only takes place once for each voxel. Furthermore,

by considering the spatial proximity of voxels, i.e. calculating the interaction

between voxels within clusters rather than the entire search space, the analy-

sis time is further reduced. As a result, the time complexity is asymptotically

smaller than O(n2), which is the worst case scenario. The majority of calculation

of the spectral relevance analysis is calculated prior to search by avoiding repe-
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tition of the matrix multiplications in equation 2.9. Time complexity of spectral

intra-group selection with n dimensions (in our case, voxels) is O(n). Another

point worth mentioning is that the redundancy analysis is only performed after

the set of high quality neighbors at each proximity layer are admitted to the

feature cluster, which facilitates a more rapid traversal in the search space. The

worst case scenario happens when the algorithm visits every voxel for discover-

ing each information cluster, meaning that the entire search space increases the

information of the initial cluster. However, in practice this is a rare case.

Figure 2.15. Computation time of of ICS on 5 data set sizes.

In fact, our empirical results showed that this algorithm traverses a much

smaller subspace of the search space, which increases the sparsity of the inter-

action matrices, therefore reducing its time complexity. Nevertheless, since the

algorithm is completely data-driven, its computation time on a given dataset

highly depends on the data itself. However, the algorithm's run time in our

heaviest experimental setup, which was the whole-brain analysis for the entire

dataset, was conducted within few hours, which is within the norm of feasible

analysis, and significantly faster than the training or inference time of a multidi-

mensional CNN. The computation time of ICS based on our experimental setup

on datasets of 5 different sizes are illustrated in Figure 2.15.

As discussed above, ICS takes advantage of prior calculation of matrices as

well as the regional calculations to decrease the number of permutations in com-

putation. The memory requirements of the prior calculations are directly depen-

dent on the size of the area to be searched. For the worst case scenario, which is

when the mutual information between every other voxel is required, a non-sparse

n×n matrix is created where n is the number of voxels in the entire search space.
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However, as mentioned previously, the regional information calculations in ICS

normally generates a sparse matrix.

2.4.10 Limitations

Despite the mentioned advantages, ICS bears certain limitations which we

point out in this section.

In ICS, the heuristic measure for cluster expansion is the discrimination power

of the combined information of a group of contiguous voxels between groups of

subjects. This calculation is appropriate for group level analysis, thus imposing

a limitation to ICS for subject level fMRI analysis which is also desirable due to

its consideration of personal variations.

Another limitation of this approach is the fact that the activation time series

are averaged to facilitate the search through the single values for each voxel. This

transformation ignores the temporal dynamics among the active regions. Future

improvements to the proposed approach can consider the temporal dynamics of

activation for detection of clusters of information.

Moreover, the case study data used in this work was derived from resting

state fMRI, which constitutes only one type of MVPA. Task fMRI in which

temporally separated events are modeled, is another commonly analyzed MVPA

case. However, a large enough dataset of task fMRI corresponding to different

neurological conditions for such analysis is difficult to obtain. As more datasets

are collected or available publicly, this issue can be mitigated in the future.

Another current limitation of ICS is the fact that its present design is only

applicable to cross-sectional studies. As a future extension of this approach, this

approach can be incorporated into multi-modal studies where features are not

limited to one imaging modality.

Reducing the discussed limitations requires further methodological explo-

rations and logistical improvements. As future work, our objective will include
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formulation of temporal dynamics of functional connectivity as well as proposing

subject level information measures.
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CHAPTER 3

THE BACKBONE NETWORK OF DYNAMIC

FUNCTIONAL CONNECTIVITY

3.1 Introduction

Dynamic functional connectivity (dFC) has been widely used to analyze tem-

poral associations among separate regions of the brain as well as the correlation

between functional patterns of connectivity and cognitive abilities [57–60]. In

order to identify co-activation patterns of dFC over the period of experiment,

a temporal segmentation (such as sliding window) is commonly applied on the

time courses of BOLD activation of brain regions to divide them into consecutive

temporal windows [3,58,61]. Then, the connectivity between separate regions is

measured to generate one graph adjacency matrix per each temporal window [62].

Building on this core framework, several enhancements have been proposed in

the past years, such as different temporal segmentation approaches, to increase

the power and precision of dFC analysis [63–66].

However, a major challenge in analysis of dynamic functional connectivity

is to distinguish and address the existing noise confounds in the data, which

influence the brain connectivity measures and the structure of the dFC network

[67–70]. This issue especially intensifies with the increase in spatial resolution

of the analysis as well as in resting state fMRI data [70–72]. There are several

possible sources of noise in resting state fMRI data, including displacements,

even as small as a millimeter or less, which could add random noise to the

generated time series, and therefore decrease the statistical power in resting state

functional connectivity (rsFC) analysis [73]. Even more challenging, it can result

in false positive or negative activation if the displacements are correlated with the
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stimuli [74–76]. Cardiovascular and respiratory signals are also widely identified

as a source of noise, causing synchronized fluctuations in MRI signal [77].

Due to these challenges, neuroscientists often face the concern of analytical

models being noise-induced [78–80]. A number of correction techniques have

been suggested in the past to reduce the influence of these confounds, including

modelling fMRI signal variations using independent measures of the cardiac and

respiratory signal variations [78,81–83]. However, the effect of various sources of

noise on the dynamic connectivity of fMRI data is yet to be addressed through

a data-driven and systematic framework [84,85].

Moreover, temporal ties that can be reduced to node properties can exist

between nodes due to the nature of the data itself. Highly active regions could in

principle form a larger number of trivial ties with other regions, and reciprocally,

the information of ties that regions with lower activity form can be lost in com-

mon analytical procedures [86, 87]. In general, if the network representation of

a real-world system can be inferred based on local properties of the nodes, such

as their activity level or degree, the true interaction and functional homologies

between the nodes can not be detected [87].

Therefore, the objective of this work is to put forward a data-driven approach

to distinguish the significant ties that construct the functional connectivity of the

brain from ties that are the result of random observational errors or chance. The

latter group of temporal links are known as reducible ties, whereby they can be

fully attributed to intrinsic node-specific features such as degree or strength of

their link weights. On the other hand, the temporal ties that are incompatible

with the null hypothesis of links being produced at random are known as irre-

ducible or significant ties, and the network of such significant ties is known as the

backbone network. Therefore, the goal of this study is to develop a data-driven

framework to infer the two-dimensional backbone network from the multilayer

network of dynamic functional connectivity.
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Multiple approaches have been proposed to extract the significant ties in a

network through statistical means, most of which target static networks [86–94].

Across these approaches, a key step towards inferring the backbone network is

the formulation of a reliable null model to characterize the reducible fraction of

the temporal interactions, and to steer the process of filtering that fraction of

network links. Several null models have been suggested in the literature whose

focus is on static networks, spanning from basic weight thresholding of multilayer

networks to more advanced techniques [86, 91,95,96].

One of the main disadvantages with weight thresholding approaches is that

they commonly fail to control for the difference in intrinsic attributes of the

nodes, thus favor highly active nodes or nodes with other strong local proper-

ties, which can potentially have a large number of reducible links. A number of

null models have been used to evaluate the statistical significance of dFC based

on generating null data using randomization frameworks. Two main approaches

of this type include autoregressive randomization (ARR) and phase randomiza-

tion(PR) [58, 63, 97, 98]. In this category of time series-based approaches, null

hypothesis testing is then applied by comparing statistics from the original data

against those from the generated null data. A backbone approach for dynamic

networks was proposed by Kobayashi et. al, based on a network modeling concept

named activity-driven network (ADN) where individual propensity of generat-

ing connections over time is determined by a latent nodal parameter commonly

known as activity, and the probability of creating a link at a specific time instant

between two nodes is the product of the individual latent activities of inter-

acting nodes [99–101]. Due to their analytical flexibility and interpretability,

activity-driven network models have gained popularity in explaining features of

real networks in various areas of research [100,102,103]. However, in mentioned

studies, a binomial or Poisson distribution is considered for the temporal con-

nections over time, which limits the approach to unweighted networks [86, 94],

whereas many relational networks based on real data, including various types of
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fMRI-based networks have continuous weights containing significant information

regarding the interactions between the nodes as well as the local and global prop-

erties of the network. Therefore, inspired by the work of Kobayashi et. al, we

propose an approach for extracting the significant ties for temporal networks with

continuous weights that meet the characteristics of normality and independence

of temporal ties, which are discussed in the methodology section. We demon-

strate that this methodology controls for intrinsic local node attributes, with a

null model that not only takes into account the global structure of the network,

but also the temporal variations of the dynamic connectivity links. In the next

section we explain the proposed approach in detail, followed by the experimental

results on a real dataset of resting state fMRI. We then present an analysis of

the results and discuss the advantages and shortcomings of our approach.

3.2 A Null Model For Dynamic Functional Connectivity Network

In this section, we outline the methodological framework for identifying the

significant links from the networks of dynamic resting state functional connec-

tivity. A key step towards extracting the backbone network is the formulation of

a valid and robust null model. For the sake of simplicity, we name our proposed

approach the weighted backbone network (WBN). A null model assumes that all

connections are formed randomly, meaning that the probability of an interaction

between two nodes at a specific time window and the weight of interactions be-

tween them could be explained by chance [86, 87, 94]. The objective of inferring

the backbone network is thus to detect links that are not compatible with the null

hypothesis, meaning that their formation or strength is not driven by chance.

The null model that we present can be interpreted as a temporal fitness

model, which is characterized by latent parameters that shape its distribution.

In this vein, the first step is to estimate these parameters which are not directly

observed from the data. For this purpose, we use a maximum likelihood estima-
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tion approach that exploits the global and temporal information of the network

of dynamic connectivity. We discuss the details of this methodology in the next

section.

3.2.1 Estimation Of Latent Distribution Variables

We consider a dynamic network of N nodes with links evolving over τ obser-

vation windows of size ∆ such that t = 1, ..., τ . At each time step t, a weighted

undirected network is formed whose adjacency matrix At stochastically varies in

time, and the weights of temporal links (links that are formed at time step t)

between each pair of nodes i and j form a Gaussian distribution over the τ time

steps. Normality of the distribution of weights between each pair of nodes over

time τ is concluded based on Central Limit Theorem and the assumption that

the distribution of temporal weights has a finite variance [104–107]. Moreover,

an empirical assessment of normality of the distribution of temporal weights on

a real dataset of resting state fMRI is provided in the result section.

We define a temporal null model in which each node i is assigned two intrinsic

variables ai, bi ∈ (0, 1], that rule the probability of mean µ and standard deviation

σ of the temporal distribution of its interactions with other nodes over τ time

steps, such that:

µi,j = ai × aj

σi,j = bi × bj
(3.1)

Therefore, a each parameter of the distributions of temporal ties between each

pair of node i and j is the realization of a Bernoulli variable. The null model

thus lays out a baseline for the expected mean and standard deviation of the

distribution of interactions between two nodes over τ time given their intrinsic

variables, if interacting nodes are selected at random at each time step.
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Figure 3.1. A schema of the Backbone network inference procedure

To uncover significant links with regards to the null model described above,

we proceed in two steps. First, given a set of weighted undirected temporal

networks with N nodes, we estimate the intrinsic variables a∗ = (a∗1, ..., a
∗
N) and

b∗ = (b∗1, ..., b
∗
N) by calculating the maximum likelihood estimation of the set of

parameters for each node. For this purpose, we consider the joint probability

function over τ time intervals and edge weights w ∈ (wti,j; i, j ∈ 1, ..., N ; t ∈

1, ..., τ) for the entire temporal connections of the network. Therefore we have:

f(wti,j|µi,j, σi,j) =
∏
i,j,i6=j

τ∏
t=1

1

σi,j
√

2π
e−(wt

i,j−µi,j)
2
/2σ2

i,j (3.2)
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Where µi,j and σi,j denote the mean and standard deviation of the distribution

of temporal edges between nodes i and j observed over τ time steps in the null

model.

The log-likelihood function for the empirical data wti,j (weight of the link

between i and j at time interval t) with replacing the values of µi,j = ai.aj and

σi,j = bi.bj will lead to:

log(f(wti,j|µi,j, σi,j)) =
∑
i,j,i6=j

[−n log (bibj)

−n
2

log 2π −
τ∑
t=1

1

2(bibj)2
(wti,j − aiaj)2]

(3.3)

By differentiating the log-likelihood function with respect to the first param-

eter, ai, and setting it to zero we have:

∑
j,j 6=i

[a∗i a
∗
j −

τ∑
t=1

woi,j
τ

] =
∑
j,j 6=i

[a∗i a
∗
j − woi,j] = 0,∀i = 1, ..., N (3.4)

Similarly, by differentiating the log-likelihood function with respect to bi and

setting it to zero we have:

∑
j,j 6=i

[−(b∗i b
∗
j)

2 +
τ∑
t=1

(woi,j − a∗i a∗j)2

τ
] = 0, ,∀i = 1, ..., N (3.5)

In which the the maximum likelihood estimation of a∗i for every node i was

calculated from equation 4. Therefore, for a temporal network with N nodes,

the pair of latent variables ai, bi for each node i can be estimated by solving the

system of N nonlinear equations 4 and 5. The system of nonlinear equations can

be solved through a standard numerical algorithm such as the Newton method.

The initial values of ai and bi are calculated by dividing the temporal degree of

node i averaged over τ time steps by the doubled number of total temporal edges

as follows:

ai =
∑
j,j 6=i

τ∑
t=1

wi,j/τ

√
2 ∗

∑
i<j

wi,j/τ (3.6)
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The general schema of the proposed methodology is provided in figure 3.1.

Note that the proposed maximum likelihood approach incorporates the global

information of the network as the weights of all temporal links are considered in

the system of equations.

3.2.2 Selection Of Significant Ties

After estimating the latent distribution variables for each node, we then com-

pute for each pair of nodes i and j the probability distribution of their interaction

over the τ time steps in the null model:

g(wtij|µ∗i,j, σ∗i,j) =
1

σ∗i,j
√

2π
e−(wt

ij−µ∗i,j)
2
/2σ∗i,j

2

(3.7)

where µ∗i,j and σ∗i,j are the mean and standard deviation based on the esti-

mated latent variables ai, bi, aj, bj through maximum likelihood estimation and

equation 1. In order to determine the reducibility of a temporal link wti,j between

nodes i and j at time t, it is compared against the c-th percentile (0 ≤ c ≤ 100)

weight wcij of the maximum likelihood estimated distribution of temporal links

between i and j. If the empirical value wti,j is larger than the wcij, then it cannot

be explained by the null model at significance level α = 1− c

100
. Therefore, the

link wti,j is determined to be a significant tie. The significance level α is given

as an input to the model, providing a systematic adjustable filtering mechanism.

The significance threshold α can also be assigned with Bonferroni correction, in

which it can be adjusted by dividing by the sum of weights of edges to control

for false positives. The P-value of the test is thus given by:

p = 1−
wc

ij∑
wij=0

g (3.8)

In order to determine whether a significant tie wij exists between nodes i and

j, we simply count the number of times that the temporal link between them

was found to be significant according to the threshold value α. If the count
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of significant links between i and j falls above half of the τ time intervals, i.e.

count > τ
2
, the link wij is retained in the backbone network. Note that the final

backbone network is a binary network, meaning that the weight of links is 1

if the link between two nodes is determined to be significant, and 0 otherwise.

However, a weighted network of significant ties can be easily created through

various error measures such as averaging the difference between the weights of

the temporal links wtij and the c-th percentile weight wcij of the distribution.

An important property of the proposed null model is that the tie between

two nodes at time t can be significant even if the weight of temporal link wti,j is

small, with the condition that their individual latent variables a, b, and in turn

the mean and standard deviation of their temporal distribution, are sufficiently

low. On the contrary, ties with large weights might not be deemed significant by

WBN if their estimated a, b are large. This property is illustrated in figure 3.2,

where large estimated µ = ai.aj shifts the c− th percentile threshold to the right

side of the distribution such that it becomes increasingly difficult for temporal

links to meet the threshold.

Moreover, strong correlation exists between the MLE based estimated values

of distribution means (ai.aj) and the degree of the nodes, calculated as the sum

of weights of the edges over τ time intervals. An example of such correlation is

shown in figure 3.2 for left hippocampus (283 voxels) (further empirical results

are provided in appendix B) where the aggregated node degree-estimated latent

variable a were averaged across all subjects of the study data. Also, as figure3.3

shows, there exists a weak negative correlation between the share of significant

ties that is connected to each node i, and the MLE estimated variables ai cor-

responding to it. The share of significant ties are calculated as the number of

ties connected to node i that are admitted to the final backbone network divided

by the total edges connected to it (N − 1). These results establish the property

that, based on WBN model, the admissibility of an edge wi,j to the irreducible
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Figure 3.2. Figure a: an example of the effect of estimated a (distri-
bution mean parameter), on admissibility of an empirical temporal
link w where the threshold α is 0.1 (90th percentile). A link with
a low weight can be admitted to the backbone network as long as
its estimated mean is sufficiently low (the blue distribution), there-
fore, controlling for the effect of high intrinsic distribution weights on
acceptance to the backbone network. Figure b: correlation between
estimated latent distribution mean variable for each node i (ai) and
the aggregated dFC weights corresponding to the node over τ time
steps for the left hippocampus. The weighted degree-estimated a pair
values are averaged across all subjects within the study dataset.

Figure 3.3. Correlation between share of significant ties connected to
each node and the MLE estimated latent variable a for right and left
hippocamous regions.
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network is not attributed merely to its degree, therefore controlling for the effect

of local strengths of nodes.

3.2.3 Experimental Results

In order to assess the proposed methodological framework, we apply it to

a resting state fMRI data set of 300 subjects from the Autism Brain Imag-

ing Data Exchange (ABIDE) database, including 150 subjects diagnosed with

Autism Spectrum Disorder (ASD) [108]. This dataset was selected from the C-

PAC preprocessing pipeline and was slice time and motion corrected, and the

voxel intensity was normalized using global signal regression. The automated

anatomical labeling atlas (AAL) was then used for parcellation of regions of

interest [109]. Then, the temporal links between each pair of nodes were ex-

tracted based on the Pearson correlation between their BOLD activation time

series within each temporal window t, and were then rescaled based on min-max

feature scaling to have continuous values within the range [0, 1]. After extracting

the backbone networks, we probed several aspects and measures of them which

will be discussed in this section. In particular, we provide a closer assessment of

backbone networks on four brain regions, namely the left and right hippocampus

and the left and right amygdalas. The reason for choosing these regions is the

extensive focus of prior literature related to diagnosis and pattern discovery in

functional connectivity among ASD patients on them and the fact that several

types of abnormality have been discovered related to these regions among this

group of patients [110–114].

The averaged full-brain networks of significant ties for 150 control and 150

ASD subjects are demonstrated in figures 3.4, 3.5, 3.6, and 3.7, where the seed

regions are the left and right amygdalas and hippocampus, and the average

backbone links with weights below 0.05 where filtered out to facilitate easier

presentation. In these figures, the link weights (illustrated by thickness in the
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figure) correspond to the count of their corresponding links appearing in the

binary backbone networks across each cohort. We can observe from the figures

3.6, and 3.7 that the amygdalas and hippocmapus develop a larger number of

significant ties with other regions among the control group compared to the ASD

cohort as the network of the latter cohort is more sparse. The width of links in

figures 3.4 and 3.5 also represent the strength of the average correlations. We

can therefore also observe a relatively high averaged backbone link between the

right and left hippocampus among both the control and ASD group. However,

certain differences can be detected between the two cohorts, including a stronger

average backbone tie between the hippocampus and the cerbellums as well as

right and left olfactories among control subjects compared to the ASD cohort.

Moreover, a higher average backbone tie can be noticed between the left and

right amygdalas and the superior and the middle temporal gyrus among control

subjects. Further related experimental results are provided in appendix B, which

include the average backbone connectivity with several cerebellar regions being

the seed area. These results demonstrate the benefit of the weighted temporal

backbone network in revealing the differences in irreducible ties between different

regions of interest.

As mentioned in the introduction, several null models have been applied to

fMRI connectivity data in the past based on null time series generation. Among

these models, autoregressive randomization (ARR), and phase randomization

(PR) have been two of the most widely focused approaches. Therefore, we com-

pare the backbone networks based on those two methods with WBN [98,115,116].

To compare the performance of the proposed approach with other proposed

null models, we considered three different models, namely binary ST filter, ARR,

and PR.

we created a simulated dataset by injecting random weights to a subset of

edges of the real rsFC networks of our dataset. For this purpose, 100 random

weights were injected into 100 links of rsFC of the left hippocampus, and the
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Figure 3.4. The averaged full brain backbone networks of 150 control
subjects based on four seed regions

precision of WBN as well as the ST filter approach, proposed by Kobayashi et

al., in excluding them from the final network were calculated [86]. The result of

this experiment is provided in figure 3.8, where WBN demonstrates an advantage

over the ST filter in random link detection precision.
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Figure 3.5. The averaged full brain backbone networks of 150 ASD
subjects based on four seed regions
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Figure 3.6. Averaged full brain backbone networks of 150 ASD and
150 control subjects with the left and right Amygdalas as the seed
regions
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Figure 3.7. Averaged full brain backbone networks of 150 ASD and
150 control subjects with the left and right hippocampus as the seed
regions
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Figure 3.8. The AUC of detection of injected random weights based
on the ST filtering, ARR, PR and WBN in the left hippocampus.
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3.3 Discussion

In this work, we proposed a new approach for detecting the significant ties

between nodes on voxel and ROI level networks of resting state dFC. The pro-

posed framework entails two computational steps; first, a maximum likelihood

optimization is performed to calculates the latent variables that characterize the

optimal Gaussian distribution of the temporal links between each pair of nodes

across τ time steps. Then, the empirical link weights between each pair of node

within each temporal window are compared to the c− th percentile of the Gaus-

sian distribution to detect the significant links that form the backbone network.

This process is performed for every pair of nodes in the temporal network of

dFC. Aside from providing a systematic filtering framework for weighted tem-

poral networks such as resting state dFC, this approach has several analytical

advantages over other prior filtering approaches that we discuss in this section.

We also discuss the limitations of the proposed methodology along with possible

suggestions for improvement and future plans.

As mentioned previously, inclusion of a temporal link in the backbone network

is determined by testing the hypothesis that the link can be explained by the null

model that links are created uniformly at random. This comparison is applied

to every link in the dFC individually, i.e. between every pair of nodes and

within every temporal window. Therefore, temporal properties and variations

of the network structure over time are taken into account in backbone network

inference. This property is an advantage of the proposed methodology over some

of the prior approaches that consider a constant intrinsic activity value for the

nodes over time. It also offers the power of determining a cut-off percentage of

ties having a larger weight over the c − th percentile, which was decided to be

%50 in this study.

Another advantage of the suggested approach is the fact that it considers

the interplay of global and local information of the network in estimating the
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latent variables a and b. In other words, the significance of temporal ties cannot

be attributed merely to node properties such as degree or centrality measures,

because each equation in the system of N equations of equations 4 and 5 takes

into account the combination of weights over time for each link for node i as

well as their combination with other links between i and every other node in

the network. This property has been discussed in more detail in methodology

section and evaluated in the results section.

The refinement of parameters of the distribution through maximum likelihood

optimization requires solving the system of N equations for N nodes (one set of N

equations for each of the two parameters), which can be solved through several

optimization approaches such as gradient-based optimization, search methods,

or the Newton method. Solving these equations does not require any hyper

parameter tuning as the only parameters that need to be selected as input is

the threshold value α and the percentage of times that the weight of the link

meets the c = 1− α percentile of the distribution, which offer the flexibility for

a comprehensive assessment of the temporal ties in the dynamic connectivity

network.

Unlike some of the null models suggested in the past for binary networks

based on binomial or Poisson distributions, the methodology put forward in

this work does not assume a strictly positive weight between interacting nodes.

This property provides the flexibility for ties that are generated through various

approaches such as correlation measures to be considered in the null model, as

negative correlation is a possibility between interacting nodes.

Another advantage of the proposed approach is the fact that the backbone

networks are learned for each subject individually. As explained in the method-

ology section, the input for WBN is the weighted dynamic connectivity network

of a subject, and its output is the network of irreducible ties corresponding to

the subject. This property has the benefit of taking into account the individual

differences when inferring the backbone network in an isolated fashion.
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The suggested methodological framework can be used in studies with various

scales and resolution of dFC networks, meaning that instead of voxel-level anal-

ysis, dFC networks consisting of regions of various scales as nodes can benefit

from this approach as well. Moreover, this approach is independent of tempo-

ral segmentation step, as long as the statistical properties of independence and

normality are met.

3.3.1 Limitations

Despite the mentioned advantages, the proposed approach bears certain lim-

itations which we highlight in this section.

As discussed in the methodology, the first step of the suggested framework

entails estimation of latent variables a and b, which rule the propensities to

generate a distribution of links with a certain average and standard deviation.

However, these variables are estimated and compared across the experiment time

τ , i.e. the length of the fMRI signals. In other words, the mean and standard

deviation of the distributions, and in turn the backbone network calculations,

can vary depending on the length of the experiment.

The structural characteristics of dFC can be influenced by temporal fluctu-

ations in the data throughout the course of the experiment. In other words,

reducible links might not have the same statistical features at any time during

the observation as node properties might not be constant over time. Therefore,

more improvements need to be applied to WBN to take such variations into

account.

Despite its adaptability with regards to different temporal segmentation ap-

proaches such as sliding window or DCR, WBN requires equal number of tem-

poral windows across the entire region of interest for calculating the latent dis-

tribution variables for each node due to the number of optimization equations

that it solves.
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Another limitation of the suggested approach is the assumption of normality

for larger temporal window sizes. As the empirical tests demonstrated, an in-

crease in size of the temporal windows could in principle weaken the normality

assumption of the distribution of the temporal links. Despite the evidence of nor-

mality for reasonable and common window sizes in the literature, this assumption

needs to be further explored for various different datasets.

The MLE optimization for estimating the intrinsic variables a, b plays the

largest role in the computational complexity of the methodology presented in

this work. The computation time depends on the number of nodes, i.e. spatial

resolution, and the number of time intervals that the signal is segmented to. By

definition of the approach, the spatial resolution plays a more significant role

in the computational complexity (refer to equations 4 and 5). In this study,

the system of N equations were solved through the trust-region-dogleg method,

whose computation time for regions below 1000 voxels was 10 minutes for 8 GB

of RAM memory. However, more efficient approaches can be employed for this

purpose.

Alleviating the mentioned limitations requires further methodological explo-

rations and analytical studies on various datasets. As future work, our objective

will include assessment of the backbone network of resting state dFC of other co-

horts and data from various neurological conditions and to study different group

differences. Furthermore, assessment of significant temporal structures and graph

communities and motifs as well as exploring the effect of different preprocessing

pipelines and temporal sample size on the outcome of the proposed approach

can be fruitful paths for further experiments in the area of dynamic functional

connectivity.
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CHAPTER 4

A TRANSFORMER MODEL FOR LEARNING

SPATIO-TEMPORAL CONTEXTUAL

REPRESENTATION IN FMRI DATA

4.1 Introduction

Analysis and modeling of brain’s blood-oxygen-level dependent (BOLD) ac-

tivity and functional connectivity (FC) through functional magnetic resonance

imaging (fMRI) has led to utilization of an expanding array of methodological

tools such as graph theory, machine learning, statistical tests, etc [117–119]. A

powerful class of machine learning approaches for building predictive models is

the deep architectures of artificial neural networks, also known as deep learning

models [120, 121]. Deep learning models are able to capture higher level non-

linearities and to learn informative representations in order to facilitate training

a multitude of modelling tasks with little to no requirement for feature selection

[120]. This family of predictive models has proven to be a powerful tool for

a diverse set of analytical tasks, including feature selection, pattern discovery,

feature learning, and predictive modelling [27,122,123].

Several deep learning architectures have been utilized recently to analyze

functional magnetic resonance imaging (fMRI) data in areas such as predictive

modeling, representation learning, and adversarial data augmentation and syn-

thesis [124–133].

An important factor in deep learning’s superior performance is its ability in

learning an effective representation from the data to facilitate the task of pre-

dictive modeling. One of the main objectives of representation learning (also
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known as feature learning) is informative encoding of the input data which em-

beds hidden dependencies and patterns of the data into the learned features to

serve several downstream tasks such as regression, classification, imputation, and

forecasting [134,135]. Encoding has gained significant attention in recent years

for disentangling latent characteristics in data in various applications with lim-

ited supervision. A representation’s advantage relies on its power in capturing

the information from a broad set of characteristics and contextual knowledge

in the data [136]. Therefore, in the field of fMRI data analysis, learning a

conclusive representation requires not only obtaining the contextual information

regarding spatial dependencies but also the variations in connectivity topology

through the course of the fMRI experiment. Dynamic functional connectivity

(dFC) of the brain is generally highly volatile due to variables such as cogni-

tive tasks and states, as well as spontaneous fluctuations in resting state BOLD

signal, either in normal conditions or during sleep and different levels of anes-

thesia [137–139]. Static functional connectivity analysis fails to capture such

dynamics which characterize the interactions and contexts between the activ-

ities of different regions of the brain. Therefore, true modeling of functional

connectivity requires dynamically capturing time-dependent aspects of spatial

dependencies. Popular architectures such as CNNs, RNNs, and LSTMs have

been employed for the modeling fMRI data. However, these architectures suf-

fer from certain shortcomings when dealing with large scale evolutionary graphs

[140,141]. These disadvantages include, but are not limited to, lack of true con-

textual modeling and adaptability with graph’s flexible topology, the inability in

preserving information over longer graph ”walks”, and inefficient training time.

These shortcomings are addressed by a recently popular architecture called the

transformer [142]. The transformer is a powerful deep learning model which

confers the context for any position in the input sequence by adopting an atten-

tion mechanism while facilitating efficient parallel training [134, 142, 143]. Due

to these capabilities, this class of deep learning models has rapidly become the
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dominant architecture in many complex machine learning tasks and has proven

to be adaptable to various structures such as graphs and time series to learn

spatial, temporal, and positional context in the data [144–147]. The attention

mechanism is one of the main frontiers in representation learning, which was

developed to enhance the encoder-decoder performance on long input sequences.

The core idea behind attention on sequence data is that instead of relying merely

on the context vector, the decoder also uses the past states and time steps of

the encoder. The attention weights are therefore introduced as trainable param-

eters that assign different importance levels to the different elements of the input

sequence. The advantages of attention is its capability in identifying the infor-

mation in an input element that is most pertinent to carrying out a prediction

task with high accuracy [142,143].

Inspired by the proposed transformer models for various applications in re-

cent years, in this work we adopt a framework for jointly learning the embedding

of spatio-temporal contextual information within fMRI data based on a trans-

former architecture that utilizes the concepts of attention mechanism as well as

graph convolution network. The objective of the proposed framework is to learn

a set of embedded features that captures a holistic representation regarding the

dynamics and dependencies within the fMRI data. For this purpose, the pro-

posed model leverages both the multi-variate BOLD time series and the dynamic

functional connectivity networks simultaneously to learn a representation that

takes into account the spatial and temporal contextual relations within both of

the mentioned input data components. The extracted representation can then

be used in several applications such as classification between cohorts of data,

anomaly detection in activation patterns, and feature selection. In this work,

the derived contextual representations are utilized for classification tasks, and

are compared to several commonly used baseline models for assessment. For

this purpose, we put forward two binary classification tasks where the model
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is trained to predict subjects diagnosed with Autism Spectrum Disorder from

healthy subjects in one task, and the sex of the subjects in the second task.

In the next chapter we discuss the different building blocks of the proposed

framework followed by experimental results. We then discuss the advantages and

shortcomings of the proposed approach in the discussions.

4.2 Methodology

In this section, we describe the proposed spatial-temporal transformer frame-

work for representation learning and modeling of activity and dynamic functional

connectivity of brain’s regions. We first lay out the task of modeling dFC as a

classification problem, and then explain the overall architecture of the trans-

former framework. Afterwards, we describe each building block of the proposed

approach in detail. The definitions of the terminologies used in this section are

provided in the ”technical terms” section.

4.2.1 Problem Formulation

Dynamic functional connectivity of the brain can be represented as an evolv-

ing graph characterized by varying intensity of interactions between its regions.

The dFC network is comprised of separate regions of the brain as the nodes, and

their co-activation over a temporal window as the weight of the links connecting

them. We express this graph as G = (V,E, T ) where V = {v1, v2, ..., vN} is the

set of N vertices, E is the set of edges, and T = {t1, t2, ..., tτ} is the set of τ time

steps of the experiment during which the dFC graph G evolves. To learn the

higher order spatio-temporal representation of dependencies in the dFC network,

we formulate the model’s training process as a classification problem with the

objective of distinguishing between cohorts of subjects. Through the training

process, the weights within the different blocks of the transformer are learned,

and the trained model generates the representation of spatio-temporal dependen-
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cies Sti as a vector of features for each node vi at time step t. To learn this new set

of features, the transformer leverages the BOLD time series of the brain regions

as well as their dFC networks within each temporal window tw simultaneously.

The time series are utilized by an attention mechanism to extract the spatial and

temporal context for each node vi at time step t ∈ tw, and the functional connec-

tivity network within tw is adopted by a graph convolution network (GCN) to

inject the topological information of connectivity into the newly generated fea-

tures [148–150]. The output of the two embedding units are then fused together

to provide a rich set of features with spatio-temporal contextual knowledge of the

data, which can in turn facilitate analysis and prediction tasks. This model can

be applied on different spatial resolutions including training on specific regions

of interest (ROI) where the nodes are the voxels within the regions, or at a lower

resolution setup where each ROI constitutes a node.

In the following sections we explain the architecture for spatio-temporal rep-

resentation learning based on the time series and the dFC network in detail. We

then lay out the details of the experimental setup in the results section.

4.2.2 Overall Architecture

To learn the higher order representation of dynamic spatio-temporal depen-

dencies, we develop a two-tier architecture which includes a spatial transformer

followed by a temporal transformer. The general schema of this approach is

provided in figure 4.1, where the spatial and temporal components are placed

sequentially within each spatial-temporal (ST) block (the blocks in grey color).

The ST blocks are also positioned sequentially, meaning that the output of the

temporal component of each ST block is used as the input to the spatial trans-

former of the next ST block, except the final ST block, where the output of

the temporal component is supplied to the prediction layer. The input to the

first ST block (i.e. the spatial component of the first ST block) is a positional
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embedding of the time series data within the temporal window tw based on a

1 × 1 convolution layer, as well as the dFC network constructed based on the

co-activations of the BOLD time series within tw. As depicted in figure 4.1, the

input of the next spatial blocks include the embedding of the features which is

the output of the previous temporal block, aggregated with the input to the pre-

vious block, as well as the dFC network constructed based on the co-activations

within tw. The input-output aggregation, also known as residual connection, is

widely adopted in deep learning architectures due to its advantage in providing

a stable training and enhanced representation in each block [151,152]. We also

adopt the residual connections within each spatial and temporal transformer due

to the same advantages.

The sequential training process is performed for every batch of time series

data until the model converges based on the assigned error metric. In the next

step, we describe the batch data preparation process for training our transformer

model.

4.2.3 Batch Data Preparation

After pre-processing the BOLD time series and generating the dFC networks

within each temporal window, batch data preparation is needed in order to facil-

itate the training process by the transformer model. This is due to the fact that

large models such as transformers require large input data for robust training, as

otherwise the weights and hidden features remain underdetermined. In order to

create batches of input data, the time series for each region of interest are sliced

according to a fixed window size Tτ with temporal overlap Tφ. In other words,

instead of using the entire time series dSi of each voxel vSi for each subject S as

the input data (i.e. S input data points for S subjects), M segments of each time

series are used as the inputs, resulting in an adequately larger dataset (S ×M

input data points for S subjects) and robust training of the transformer model.
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Figure 4.1. Overall architecture of the transformer model and input
batch data preparation. Each block in grey color is a spatio-temporal
(ST) block containing one spatial and one temporal transformer.
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This process is depicted in the left side of figure 4.1. For this study, we selected

the window size Tτ = 25, and temporal overlap Tφ = 5 as the default setup of

our analysis on the first dataset, and Tτ = 50, and temporal overlap Tφ = 10 for

the second experimental dataset. This preparatory step resulted in 15000 time

series slices for each voxel vi for the first dataset and 31680 segments for each

voxel for the second dataset. The details of the datasets used in this study will

be discussed in the experimental results section along with an analysis of the

effect of temporal window size on the classification performance.

We also set the size of each input batch to 50 entries, where each entry is

comprised of two components: the multivariate time series segments of the tem-

poral window tw for the N voxels within the ROI, as well as the FC adjacency

matrix based on the co-activations of the same time series segments. The pre-

pared input batches are then supplied to the first ST block to begin the process

of training.

4.2.4 Spatial Transformer

The spatial transformer consists of a spatial positional embedding layer which

provides the encoding for the attention mechanism, a dynamic graph attention

layer to inject the spatial context of each node’s BOLD activation level into the

newly generated features, and a GCN to embed the topological properties of

the FC network within tw. The building blocks of the spatial transformer are

depicted in figure 4.2, where the output of positional embedding is supplied to

the attention and GCN blocks simultaneously. We explain each block of the

spatial transformer in the following sections.

Positional Embedding

An embedding of the time series data is needed to introduce the positional

information of each node to the attention block. For this purpose, a 1 × 1 con-
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Figure 4.2. Left: the architecture of the spatial transformer compo-
nent, where Tw is a temporal window (time series segment) within
which the input data is derived from, and ys is the output of this
transformer. The output of the positional embedding is supplied to
the graph convolution network and the attention in parallel. The
output of these two components are then fused through a gate mech-
anism to generate the features. Right: the architecture of the tem-
poral transformer block. The input to this block is the output of
the spatial block combined with the input to the spatial block by a
residual connection (also see Figure 1).
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volution layer is adopted to encode the positional features into a d-dimensional

vector for each node at each time step, where d is the embedding size. For spatial

positional embedding, we adopt the approach proposed by Wang et al., in which

functional connectomic neighborhoods are used as the topological input through

the adjacency matrix of the functional connectivity network [150]. For temporal

positional encoding, trigonometry-based feature transformation was performed

by calculating the sine and cosine values of each time step and using them as

the temporal embedding of each time series value. The benefit of this approach

over one-hot encoding of temporal features is that it avoids generating a high

dimensional and unbalanced vector of positional encoding features. The 1-D

depthwise convolution is then used to convert the positional information into a

feature vector of appropriate size for each node at each time step t [153, 154].

This block outputs a vector for each node at each time step t ∈ tw, containing

the spatial and temporal information that is in turn used by both the GCN and

dynamic graph attention blocks in parallel, as depicted in figure 4.2 .

Graph Convolution Block

Graph convolution network is a variant of convolutional neural networks

(CNN) which learns a representation of graphs by leveraging their structure and

aggregate node information from its neighborhood in a convolutional fashion.

To learn the structure-aware node features based on the connectivity topology,

a convolution approximated by Chebyshev polynomials is employed [155]. A

GCN setup for classification task on resting state fMRI was suggested by Wang

et al. in which the functional connectivity network is used instead of the network

of Euclidean distances as the topological input to facilitate an encoding that is

appropriate for the organization of the brain [150]. We build upon this approach

by using the FC network for the GCN in parallel to the attention mechanism

within the spatial component. However, a difference between our proposed setup
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and the setup proposed by Wang et al. is that they adopt the time series of the

nodes as input features whereas we utilize the embedded features of the nodes

(from the previous block) within each time t ∈ tw as the input features to GCN,

as depicted in figure 4.2. Therefore, the input to the GCN includes the embed-

ding of the time series segments from the previous block as the vector of features

for each node at each time t ∈ tw, as well as the functional connectivity of the

same time series segments as the network input. The GCN mechanism first ag-

gregates all the features of the neighbors of every node, including itself, through

an aggregate function. The aggregated feature sets are then passed through a

non-linear neural network layer to output a vector of features for each node at

every time point. This vector is finally fused together with the results of the

dynamic attention layer via a gate mechanism to create the output of the spatial

block, as depicted in Figure 4.2.

Dynamic Attention Block

To capture the contextual time-evolving functional dependencies between the

nodes, we adopt a dynamical graph attention mechanism which maps the em-

bedded features of each node X̃ from the positional embedding block to high-

dimensional latent subspaces. Attention mechanism consists of three main com-

ponents: query, key, and value [142]. A set of input vectors which we aim to

calculate the attention for is called a query, and the set of vectors to calculate

attention against is called the key. For each query, the similarity between the

query and the keys is calculated, which provides a score for each key-query pair.

In this study a dot product attention is adopted, meaning that it calculates the

inner product between the query and a key vectors to provide the similarity score

between them [142]. This process can be performed for multiple key, query and

value vectors at once, therefore, packing together sets of queries, keys and values,

we have the QS, KS, and VˆS, such that:
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QS = X̃SW S
Q

KS = X̃SW S
K

V S = X̃SW S
V

(4.1)

where W S
Q , W S

K , and W S
V are the projection matrices that are used to generate

the subspace representations of the query, key and value matrices. Each row

of Q, K and V represents an entity, therefore the dot-product attention takes

a weighted sum of the entity values in V where the weights are given by the

interactions of query-key pairs. This process is depicted in figure 4.2 where the

dynamic spatial dependencies calculated from the query-key dot product is then

supplied to a Softmax function for scaling, and then multiplied with the value

matrix V S to update the node features.

Attn(Q,K, V ) = softmax(
QKS

√
dS

)V S (4.2)

Where d is the feature dimension. As the next step of the spatial component,

a three-layer feed-forward neural network with nonlinear activation is applied on

each node’s weighted sum contextual features to capture the interactions between

the features, as in [142].

US = ReLU(ReLU(Attn(Q,K, V )W S
1 )W S

2 )W S
3 (4.3)

Where W S
i is the weight matrix for the ith layer and ReLU stands for rectified

linear unit.

This process is illustrated in figure 4.3 where four example nodes (voxels

or regions of interest, depending on spatial precision) constitute the functional

connectivity network. The query node in this figure is voxel V 1, and each node

is assigned a feature vector, which is the output of the positional encoding on the

time series prior to the attention block. As this figure demonstrates, the similarity

between the query node and every other node (keys) is obtained through the dot
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product of its encoded features, which divided by a scaling factor (see equation 7)

provides the attention weights for the nodes. The attention weights emphasize on

parts of the FC network while diminishing other parts based on their contextual

importance for the prediction task. For voxel v1 as the query, the output vector

Y1 is derived by:

W11v
f
1 +W12v

f
2 +W13v

f
3 + ...+W1Nv

f
N = Y1 (4.4)

Where vfi are the input feature vectors for voxels vi, and W1i correspond to

the attention weights based on similarity of features between voxel v1 and every

other voxel. This process is performed for every node in the network, meaning

that each node plays the role of the query separately. Thus, for each node at

time step t, the input to the attention mechanism is a vector of its features,

and the output consists of a vector with contextual information. The weights of

query, key and value layers are then updated through back-propagation during

training. Therefore, through the spatial attention process, the context of the

nodes (voxel/ROI) with regarding to the other nodes within the FC network at

time t are extracted to be combined with the output of the GCN block to form

the spatial representations.

The last step of the spatial component is the gate mechanism which is applied

to fuse the spatial features learned from the GCN and the dynamic attention

block. The steps of the gate mechanism include aggregating the features from

GCN and attention block, calculating the sigmoid of this aggregation, and then

using the sigmoid output to create a weighted sum of the output of GCN and

attention block such that:

Y S = αUS + (1− α)UG (4.5)

The output of this operation is a vector of features for each node at each

time step t ∈ tw. Therefore, for Nf number of features, t time steps within the

temporal window tw, N nodes, and a batch size Nb, the output of the spatial
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block is a tensor of size Nb × t × N × Nf . This output is then supplied to the

temporal transformer component of the ST block, as illustrated in figure 4.2. In

the next part, we explain the building blocks of the temporal transformer.

4.2.5 Temporal Transformer

Left-to-right architectures of temporal dependencies such as RNN models are

limited to consider temporal dependencies based on preceding time steps, and

fail to consider contextual dependencies. Therefore, for the temporal transformer

we also adopt a attention mechanism to incorporate the temporal information,

similar to the spatial transformer. The input to the temporal component is the

embedded features, which is obtained by passing the concatenation of the input

features Xs aggregated with the temporal embedding XT (i.e. the output of

the previous spatial block and its input as the residual connection). Similar to

the spatial transformer, this input is passed to a 1 × 1 convolution positional

embedding layer:

XT = Convt(X
T , DT ) (4.6)

Where XT = XS + Y S is calculated from the outputs of the spatial trans-

former block, and DT is the temporal embedding. Therefore, we obtain an

embedding of features as a vector for each node at each time step t within the

temporal window tw. Similar to the spatial transformer we have:

QT = X̃TW T
Q

KT = X̃TW T
K

V T = X̃TW T
V

(4.7)

where W T
Q , W T

K , and W T
V are the learned liner mappings. Here we also adopt the

scaled dot product function to consider bi-directional temporal dependencies.

Attn(Q,K, V ) = softmax(
QTKT

√
d

)V T (4.8)
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Then, to explore the interactions among latent features, a shared three-layer

feed-forward neural network is developed whose output is aggregated with the

output of positional embedding unit as a residual connection to create the vector

of features for each node for time step t within tw, as depicted in Figure 4.2.

Unless the temporal transformer belongs to the final ST block, the aggregation

of its output Y t with its input X t is supplied to the spatial block of the next ST

block. However, if the temporal transformer is a part of the final ST block, its

output is supplied to the prediction layer. This procedure is depicted in figure

4.4 where the dot product is calculated between the feature vector for each query

node at time step ti with the features of the same node at other time steps. Aside

from this difference between the temporal and spatial attention, the rest of the

process for capturing the contextual vector for each node is similar. Thus, the

output vector for voxel v at time point t is obtained from the following equation:

Wt1v
f
t=1 +Wt2v

f
t=2 +Wt3v

f
t=3 + ...+Wtτv

f
t=τ = Yt (4.9)

Where vft=i are the input feature vectors for voxel v at time step i, and Wti

corresponds to the attention weights based on similarity of features between voxel

v1 at time t and its features at time i. Therefore, in the temporal attention block,

the attention weights enhance parts of the time series sequence while diminishing

other parts based on their contextual importance for the prediction task. In the

next section, we discuss the prediction layer as a unit outside of the ST blocks.

4.2.6 Prediction Layer

The prediction layer consists of two fully connected convolution layers with a

ReLU activation function in between, which is similar to the feed-forward network

used in [142], followed by a Softmax activation function for classification. This

architecture for prediction layer has been commonly adopted to introduce non-

linearity that assists the model with learning complex mappings between the

inputs and target variables [156,157].
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Figure 4.3. The attention mechanism within the spatial block. Sim-
ilarity between the features of each voxel (query) and other voxels
(keys) within the FC network are calculated through the dot product
process to and is reweighted during the training process to create the
attention weights for the input sequence.
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Figure 4.4. The attention mechanism within the temporal block.
Similarity between the features of each voxel at time t (query) and
its own values on other time steps (keys) are calculated through the
dot product process to and is reweighted during the training process
to create the attention weights for the input sequence.
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The encoder component of the transformer generates a set of embedded fea-

tures for each node at each time step. Consequently, the input to the prediction

layer is a batch of size Nb of 3-dimensional tensor of Nf spatio-temporal features

yielded from the final ST block for each node N at each time point t ∈ tw.

The output of this layer is a prediction depending on the downstream task. For

classification tasks, the AUC was measured through cross-entropy between the

predicted labels and the true labels. In the next section we provide the experi-

mental results based on the discussed transformer architecture.

4.2.7 Training Setup

In this section we provide the details and parameters of data preparation and

the experimental setup. The implementation for the methodology is available in

Python via https://github.com/ThisIsNima/Spatio-Temporal-Transformer.

All the experiments were performed on an Intel Core i7-3370 CPU, 3.40 GHz

with 32 GB of RAM and and the implementation code was written in Python

programming language. The average training time of the spatio-temporal trans-

former model for the ROI-level analysis on the ABIDE data set was 22 minutes

and 16 seconds, and for the HCP data it was 28 minutes and 32 seconds.

The segmentation process was performed on the pre-processed time series

data with the window length Tτ = 25 and temporal overlap Tφ = 5 for the first

dataset, and Tτ = 50, and overlap length Tφ = 10 for the second dataset. Batch

size was set to Nb = 50 for both dataset. For training, validation, and testing,

the data were selected randomly from this data subset for each ROI, and then

the training group was partitioned into batches of 50 items. The FC networks

were then generated for the time series of each data entry within each window

tw. Therefore, each of the 50 entries within each input batch for a region of

interest included the time series segments for its N voxels as well as their FC

network. A positional embedding of the two data components is then derived

https://github.com/ThisIsNima/Spatio-Temporal-Transformer
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through a 1 × 1 convolution on the spatial and temporal encodings of the time

series data to output a vector of features for each node at time point t within

tw. Therefore, the output of the positional embedding is a 4D tensor of size

Nb × N × tτ × Nf , where Nf is the embedding feature size which was set to

64 for this experiment. The vector of embedded features is then supplied to

the dynamic attention unit, and the pair of time series embedding output and

FC adjacency matrix are supplied to the GCN unit of the spatial transformer.

The spatial and temporal components are placed sequentially to form a spatio-

temporal block. Three spatio-temporal blocks with 2-head dot product attention

mechanisms were adopted for this analysis. Also, the initial leaning rate is set

to 10−4 with a decay at a rate of 0.5.

Two resting state fMRI datasets were used as the case studies in this work.

The first dataset for this study is comprised of 600 subjects from the Autism

Brain Imaging Data Exchange (ABIDE) database, including 300 subjects diag-

nosed with Autism Spectrum Disorder (ASD) and 300 control subjects [108].

This dataset was preprocessed by the Configurable Pipeline for the Analysis of

Connectomes (C-PAC) pipeline and was slice time and motion corrected [158].

Also, the voxel intensities were normalized through global signal regression. The

automated anatomical labeling atlas (AAL) was then adopted for parcellation

of regions of interest [109]. The BOLD time series were then segmented using

the sliding window approach, and Pearson’s correlation between the time series

within each temporal window tw was calculated to generate the weight of the

links between the nodes. The second dataset was constructed from data pro-

vided by the Human Connectome Project (HCP S1200) release comprising 440

subjects (age range: 22–37, mean age: 28.7 years; 220 males), where male and

female subjects were matched for age [159]. The resting state BOLD data com-

prised 1200 functional volumes per subject, and the AAL atlas was also used for

parcellation of regions of interest. The demographic characteristics of the two

datasets are provided in table 3 in appendix C.
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Two classification tasks were set up to evaluate the performance of the model

based on the features generated on the two experimental datasets. The objective

of the classification tasks was to assess the quality of the generated features for

distinguishing between cohorts of subjects based on fMRI data. In other words,

the aim of this analysis was to evaluate how well the generated features charac-

terize the BOLD activation pattern of each region within the context of global

spatio-temporal dynamics of the brain’s regions by taking the spatio-temporal

context of its BOLD activation dynamics as well as the dynamic functional con-

nectivity networks into consideration. After training the transformer model, it

is supplied with test data to distinguish between the ASD and control subjects

for the first dataset (ABIDE), and predict the sex of the subjects for the second

dataset (HCP). For both classification tasks, 70 percent of the dataset was used

for training, 15 percent for cross-validation, and 15 percent for testing.

An analysis of the effects of various architectural configurations on model’s

performance is provided in Figure 1 in appendix C. In this analysis, we investi-

gated the combination of three different values for the number of attention heads,

the embedding feature size, and the number of ST blocks against the model’s

average classification AUC on 10 trials for both datasets. This analysis was the

basis for our configuration setup. Furthermore, the effect of various temporal

window sizes on the model’s performance is explored in the next section.

The experiments were performed on two spatial resolution levels including

voxel-level analysis, and ROI-level. In voxel-level analysis, a model is trained

for each region, and the voxels within the ROI represent the nodes of the graph

whereas in the ROI-level analysis, a model is trained on the entire brain, where

the regions of interest play the roles of graph nodes. For the ROI-level analysis,

the times series of the voxels within each region are averaged to create one time

course per ROI.

In our voxel-level experiments, we trained the model for each region separately

in parallel, and then used an ensemble majority voting criteria for the prediction



91

step. This set up has the benefits of more localized representation learning

by considering the biological properties of the regions independently, as well as

significantly enhancing the computational efficiency. Moreover, quite similar to

the general principle of bagging ensemble training approach, this criteria can

reduce the variance of the model. Therefore, during test, the model trained on

each region predicts the class label of the the test data from the same region,

and a simple majority voting among the regions is used to determine the final

classification of the subject from the test data.

Two comparative experiments are designed to compare the predictive power

of learned representations for each of the two experimental case studies. For

the first set of experiments, we adopted a standalone GCN model which takes

the time series positional embedding as well as the FC network as the input,

a standalone attention block (SA) as the second baseline, and a feed-forward

convolution neural network (FF-CNN) as the third baseline, where the latter two

baselines use the spatio-temporal embedding of the time series data within each

temporal window as the input. The reason for adopting the first two baselines

was to compare how well each of the two blocks of our model perform as popular

standalone architectures. To compare the performances, the area under the

classification ROC curve (AUC) were compared on unseen test data. In the

next section, we first provide example visualizations and preliminary analysis

of the results, and then offer the results of the classification tasks. For the

second comparative analysis, three deep-learning based models that are used for

fMRI classification were used as baselines. These three models include Spatial-

Temporal Graph Convolutional Networks (ST-GCN), Deep-fMRI, and the Multi-

scale RNN (MsRNN) [127,149,160–162].
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4.3 Results

In this section, we discuss the experimental results based on the proposed

architecture on two sets of resting state fMRI datasets discussed in the method-

ology. We first provide a preliminary analysis of the representations including

visualizations of the attention maps of number of brain regions and then provide

the classification results. For region-specific voxel-level analysis, we provide the

visualizations for four regions, namely left and right Amygdalas and Hippocam-

pus in this section, and the results for other regions in table 4 of appendix C. The

importance of the four mentioned regions in understanding memory and anal-

ysis of Autism Spectrum Disorder and other neurological conditions according

to related literature is the factor in choosing these regions for the visualizations

[113, 163–165]. Furthermore, we provide the visualization for the the ROI-level

full-brain analysis in this section.

4.3.1 Analysis Of The Representations

A visualization of the outputs of the ST blocks for the left Amygdala of

one healthy subject from the ABIDE dataset is provided in figure 4.5. This

visualization corresponds to temporal window tw=1, and the nodes of the network

represent the voxels within the left Amygdala. As that figure demonstrates, the

output of the two attention heads for each ST block are sequentially fed into the

next ST block, and the output of the last block is supplied to the prediction block.

The final convolution layer of the prediction block generates the predictions ypred,

which is a matrix of size N×Tτ where N is the number of nodes (voxels/regions),

and Tτ is the temporal window size. This procedure is applied to every entry

within each batch for the model to be trained for each region (In this case, the

model is trained for the left Amygdala). Note that the transformer model can

be trained on different spatial resolution levels. In our voxel-level experiments,

we trained the model for each region separately in parallel, and then used an
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Figure 4.5. A visualization of the attention maps based on each
transformer head and prediction block for the left Amygdala (region
41 per AAL atlas) of one subject for the first temporal window, where
the window size is 25 time steps, and the embedding feature size is
64.

ensemble voting criteria for the prediction step. This set up has the benefits of

more localized representation learning by considering the biological properties of

the regions independently, as well as enhancing the training efficiency.

Predicted ASD

Positive Negative Total

True label Positive 33 12 45

Negative 11 34 45

Total 44 46 90

Predicted sex

Female Male Total

True label Female 24 9 33

Male 7 26 33

Total 31 35 66

Table 1. The confusion matrix for the voxel-level classification based on the

spatio-temporal transfromer model based on the ABIDE (left) and HCP (right)

datasets.
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Figure 4.6. The attention output of the final spatio-temporal (ST)
block for the left Amygdala of 4 subjects at temporal window tw = 2,
with 64 voxels and 64 embedding features.
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Figure 4.7. Figure a: The effect of the length of temporal windows as
well as their temporal overlap on average classification AUC for the
ABIDE dataset. The values of the cells corresponds to the average
classification AUC. Note that the lower triangle does not have any
values as the length of overlap does not exceed the length of the
window. Figure b: The results of the same analysis for the HCP
dataset

Figure 4.8. Figure a: The voxel-level classification AUC of the ST
transformer, graph convolution network (GCN), transformer with
only self attention (SA) block, and feed-forward convolution neural
network (FF-CNN) for the ABIDE dataset. Figure b: the classifica-
tion performance of the same models on the HCP dataset.
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Figure 4.9. The classification AUC of the ST transformer, graph con-
volution network (GCN), transformer with only self attention (SA)
block, and feed-forward convolution neural network (FF-CNN) for
four regions of interest of 600 subjects from the ABIDE dataset.
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Further visualizations are provided in figure 4.6, which shows the attention

results of the left Amygdala for four control subjects from the ABIDE dataset

within the first batch of data for temporal window tw=2. Such representations

can assist interpretable analysis of the underlying contextual information in the

data.

Furthermore, the effect of the length of temporal window and the size of

the overlap between the windows on classification AUC is provided in figure 4.7

for both datasets, where training and testing were performed 10 times on each

window-overlap size, and their average AUCs were measured. We can observe

that the highest AUCs were achieved on temporal window length and overlap

of around 20 and 5, respectively, for the ABIDE dataset, and about 50 and 10

for the HCP dataset. Therefore those window-overlap sizes were adopted for

this study. In order to examine and compare the performance of the models

with temporal window size, we performed this classification with various lengths

of the windows. This analysis is provided in figure 5 in appendix C, which

demonstrates that despite the decline in the AUC, the ST model outperforms

the baselines. The decline in AUCs for small window size can be explained

by statistically weak and inconsistent functional connectivity information as the

length of the time series segments is decreased. On the other hand, the weaker

prediction power for large window sizes can be explained by the decrease in

the number of time series segments generated as input data, which results in

under-training of the model due to small input data size. To further analyze

the consistency of attention weights with variations of the temporal window

size, we can measure the similarity between the attention matrices. The results

of this analysis is provided in figure 4 in appendix C, where the values of the

matrix cells correspond to the similarity between the attention maps measured by

mean percentage error (MPE) of the voxel-wise difference (between the values of

corresponding matrix cells). Note that the dimensions of attention maps depend

on the number of voxels within the regions in voxel-level analysis, therefore, they
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differ from one region to another. We can observe that the attention maps show

a strong similarity along the diagonals, meaning that experiments with close

temporal window sizes provide similar attention maps, with a slow decline in

similarity with the increase in the gap between temporal window sizes across

experiments.

For the ROI-level analysis, A visualization of the output of each attention

head of the last two ST blocks is illustrated for tw=1 in Figure 4.10, and the

attention outputs for four subjects from the ABIDE dataset are provided in Fig-

ure 4.11. As discussed previously, Moreover, in ROI-level analysis the nodes

of the network correspond to the regions of interest whose fMRI signal is aver-

aged. Also, a visualization of averaged attention weights for 300 healthy subjects

based on the ABIDE dataset for the left and right Amygdalas and Hippocampus

is provided in figure 4.12. As can be seen in that figure, for the the mentioned

four regions, we can observe higher overall attention weights for the temporal

lobe, and consistent level of overall attention on the frontal lobe. A similar vi-

sualization is provided in the appendix C for average attention scores for the

second dataset, which demonstrates relatively similar attention patterns. More-

over, visualizations for the attention weight based on four cerebellum regions as

the query node are provided in figures 4 in appendix C. For ease of presentation,

we provide the higher attention weights which exceed the top half score cut off

threshold. In that figure we can observe contextual interaction between the cere-

bellar regions and other cerebellar regions, the Amygdalas, and motor and visual

cortices. These results can demonstrate the contextual functional interactions

between the regions through the framework of attention mechanism. The spatio-

temporal attention weights inject these contextual information into the learned

representation (features) to assist the prediction tasks.
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4.3.2 Classification Results

The classification results on voxel-level resolution for both datasets is pro-

vided in figure 4.8 along with the classification confusion matrix in table 1. As

mentioned in the methodology, for this analysis a model is trained for each region

and during test a majority voting is performed to provide the final classification.

As demonstrated in these results, the spatio-temporal contextual features de-

rived by the ST transformer offer an enhanced pattern extraction compared to

the baseline models. In order to provide a more clear analysis of the difference

between the AUC values, Delong’s test for assessing the difference between the

AUC values was performed where the null hypothesis is that the true perfor-

mance of two models are equal. The results of this test are provided in table

1 of appendix C. As can be seen in that table, the null hypothesis is rejected

between the ST method and the base line methods. This can be explained by the

broader information that the features generated by the ST model retain through

exploiting the spatio-temporal contexts of BOLD activations as well as the func-

tional connectivity network of the regions during the experiment. In order to

evaluate the consistency of classification votes of each region, the percentage

of subjects classified as healthy for the ABIDE dataset and the percentage of

subjects classified as female for the HCP dataset for every region is provided in

figures 6 and 7 of appendix C. Note that these percentages includes false and

true positive/negative classifications.

Predicted ASD

Positive Negative Total

True label Positive 33 12 45

Negative 14 31 45

Total 47 43 90

Predicted sex

Female Male Total

True label Female 22 11 33

Male 8 25 33

Total 30 36 66

Table 2. The confusion matrix for the ROI-level classification based on the

spatio-temporal transfromer model based on the ABIDE (left) and HCP (right)

datasets.
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Figure 4.10. A visualization of the attention map output of each head
of the final spatio-temporal (ST) block and prediction block for the
full brain set up (116 regions per AAL atlas) of one subject for the
first temporal window, where the window size is 25 time steps, the
embedding feature size is 64.



101

Figure 4.11. The attention map output of the final spatio-temporal
(ST) block for the entire brain of 4 subjects at temporal window
tw = 2 with 116 ROIs and 64 embedding features.
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Figure 4.12. The attention weights of various areas of the brain with
regards to the left and right Amygdalas and Hippocampus, averaged
across all healthy subjects in ABIDE dataset.

Figure 4.13. Figure a: The Autism Spectrum Disorder (ASD) clas-
sification AUC of the ST transformer, graph convolution network
(GCN), transformer with only the self attention (SA) block, and feed-
forward convolution neural network (FF-CNN) on ROI-level setup for
600 subjects from the ABIDE dataset. Figure b: The classification
AUC for sex classification on ROI-level setup for the HCP dataset.
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Moreover, the classification power of separate regions of interest can be ex-

amined by training the model on an ROI and calculating the prediction AUC

on data of the same region from test subjects. Since the dataset is balanced,

we also provide the accuracy for all regions in table 4 of appendix C. Figure 4.9

demonstrates the classification performance of the same models on four regions

of interest, including the left and right Amygdalas and Hippocampus from the

ABIDE dataset, where the voxels within each ROI constitute the nodes of the

FC network. The results of this analysis for the second dataset are provided in

Figure 2 in appendix C. We can note a decrease in classification performance for

training the model on only one region compared to all regions, which was carried

out in the previous analysis.

As the last step of our analysis, we set up two ROI-level classification tasks. In

order to prepare the input batches for this analysis, we derived the average time

series of each region of interest and performed the same segmentation approach

as the voxel-level analysis. Therefore, regions of interest were set as the nodes of

the FC networks instead of the voxels within the regions, and one training task

was performed instead of parallel training on separate regions. Through this

process, a dataset size of 15000 segments was generated for the ABIDE dataset,

and 31680 segments for the HCP sample. The dFC networks were also generated

for each temporal window, where the nodes represented regions of interest, and

the weights of the links between them were calculated based on the correlation

between the average ROI time series within each temporal window tw.

The results of classification tasks based on both datasets are provided in figure

4.13 where the same baseline methods as the voxel-level analysis were adopted.

As figure 4.13 demonstrates, the ST approach provides a more informative rep-

resentation of the fMRI data compared to the baseline methods. Delong’s test

results are also provided for the ROI classification setup in table 2 of appendix

C, which shows the null hypothesis is rejected between the ST method and the

base line approaches. However, a drop in the overall classification performances
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is noticeable compared to the voxel-level analysis in figure 4.13. The difference

between the results of the voxel-level and ROI-level set ups can be explained by

the loss of information due to the lower spatial resolution of the input data, which

also affects the topology and weights of the dynamic connectivity networks.

4.3.3 Ablation Analysis

Table 3 shows an ablation study to assess the significance of different ar-

chitectural blocks on the classification performance of the ST model. For this

purpose, we designed two experiments where in the first experiment we excluded

three sub-components of the model including the positional encoding, the atten-

tion block, and the GCN block one at a time, and for the second experiment the

entire spatial and temporal blocks were removed separately to assess the model’s

performance in their absence. A first observation of the results in table 3 in-

dicate a level of degradation in the model’s performance with removal of each

of its components. This deterioration is more prominent in the second experi-

ment where one of the spatial or temporal blocks is entirely removed. Also, as

we can observe from this analysis, removal of the attention block affected the

model’s performance relatively more severely compared to removal of the GCN

block. A conclusion one can derive from these two observations is the empha-

sis on the significance of the process of enhancing the relevant nodes (removal of

attention mechanism in the spatial transformer) and time points (removal of tem-

poral transformer which contains the temporal attention) for the classification

task while diminishing other regions and time points through the self-attention

mechanism. However, including the GCN block in the model provides a superior

performance compared to the model with ablated components.

Table 3. Left: Average ROI-level classification AUC for ablation analysis of

the ST transformer over 10 trails. Right: Average ROI-level classification AUC

for four deep learning based models over 10 trials.
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Model ABIDE HCP

Without Atten-

tion

0.626 0.618

Without GCN 0.650 0.663

Without Spatial 0.5812 0.592

Without Tempo-

ral

0.619 0.634

Full model 0.711 0.704

Approach ABIDE HCP

ST-GCN 0.677 0.651

Deep-fMRI 0.649 0.640

MsRNN 0.668 0.654

ST 0.711 0.704

4.3.4 Comparison With Other Deep Learning Based Models

In order to gain further insight about the performance and characteristics of

the spatio-temporal transformer model, we compare it with a number of state of

the art deep learning approaches which are used in fMRI data modeling. Specif-

ically, convolution, graph convolution, and RNN-based approaches have gained

significant attention during the recent years in the computational neuroscience

community due to their robust performance and flexibility in analysis of images,

time series data, and graph structured data [149,166–169]. The general schema

of many of such approaches includes a convolution network for obtaining corre-

lations between brain regions and another deep network for the prediction task

[27, 149, 170, 171]. For this analysis, three baselines are selected, including the

Spatial-Temporal Graph Convolutional Networks (ST-GCN), Deep-fMRI, and

the Multi-scale RNN (MsRNN) [127,149,160–162].

ST-GCN is a model for learning from graph-structured time series data [149].

In this baseline, the fMRI data is parcellated, normalized and the average ROI

signals are supplied into the model as 1-channel spatio-temporal features. This

data is processed by three layers of spatio-temporal graph convolution which

learn the importance of spatial graph edges for the prediction task, and supply

this information to the prediction layer for classification [149]. Deep-fMRI is

an end-to-end deep learning framework which was developed for classification

of fMRI data. The input to this model is parcellated BOLD signals [127]. A
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convolution network is then used to extract features as a vector for each brain

region. Next, a multi-layer perceptron (MLP) regression layer operates on each

pairs of regions to predict a correlation matrix. Finally, the generated matrix

is used by an MLP classification layer to produce a prediction for the subject

[127]. MsRNN is another deep learning based approach which mainly consists

of two components: a CNN block which is used as an encoder for obtaining

correlations between the brain regions, and an RNN block which is utilized for

sequence classification. In RNNs the output of a layer is used as input for the

layer itself, thus forming a feedback loop. This property allows the RNN to

consider a history of the data sequence that can be used for prediction of the

next sequence elements.

A comparison of the ST transformer approach and the three mentioned base-

lines for the ROI-level classification tasks is provided in table 3. The enhanced

performance of the the ST transformer compared with the baseline approaches,

as can be observed in table 3, can be explained by certain advantages of the

attention-based spatio-temporal features compared with CNN-based features.

An advantage of attention mechanism compared with convolution-based ap-

proaches is the fact that in contrast to the CNN where the receptive field is a

neighborhood window of the filter, the receptive field for spatial attention is the

entire graph, and for temporal attention is the entire time series. This property

provides a longer range contextual information for each node (and time point)

by considering the global information within the data. Another major difference

between the attention mechanism and convolution is the fact that once learned,

the temporal or spatial CNN kernels are static. In contrast, instead of calculat-

ing the dot-product of the input region with a set of fixed kernels, the attention

query and key matrices are used to dynamically calculate a new set of kernels

for each position in the data sequence. The above-mentioned properties can

provide new insight about dynamic co-dependencies not only between regions of

the brain but also between the activation patterns of the same region over time.



107

Moreover, due to their capability in determining the most relevant parts of the

input sequence for a certain output, transformer architectures can offer a new

point of view regarding the importance of certain interactions between regions

of the brain and their temporal behavior in performing various tasks.

In principal, the spatio-temporal transformer builds upon the core concepts

of convolution and sequence modeling by combining a graph convolution net-

work (in the spatial block) and the attention mechanism as described in the

methodology. The flexibility and modularity of this architecture also allows for

explorations in design of other architectures based on concepts of deep learning

to enhance the modeling of neurological conditions or different tasks.

4.4 Discussion

In this paper, we proposed a framework to extract an spatial-temporal rep-

resentation of the fMRI data by embedding the context of dynamic variations in

multi-variate BOLD time series and the characteristics of the dFC networks.

This framework adopts attention mechanism for learning the contextual dy-

namic features and graph convolution network to inject the functional connec-

tivity network-based information in the representation learning task. The spa-

tial and temporal units are then used as the building blocks of a sequential

spatio-temporal transformer model with residual connections which supplies the

encoded features to the prediction unit. In order to prepare the input data, a

sliding window segmentation process is applied to generate batches of time se-

ries segments as well as functional connectivity networks within each window.

Therefore, for each region of interest (or voxel) a set of features is extracted at

each time point after the training process, which is then used as the inputs to

the prediction layer.

By training the model on each region of interest separately on a voxel-level,

we examined the prediction power of the regions individually. For the ABIDE
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dataset, we can notice the importance of the Amygdalas, insula, Hippocam-

pus, inferior frontal gyrus, and cerebellar regions for predicting ASD. Moreover,

for the sex classification task for the HCP dataset, the left Cingulum Posterior

(denoted as Cingulum˙Post˙L in table 4 of appendix C) , right Anterior cingu-

late cortex (Cingulum˙Ant˙R), Left Insula, Middle Temporal gyrus, cerebellum,

and Hippocampus exhibit a stronger feature importance. These findings are in

line with several studies on Autism Spectrum Disorder as well as sex predic-

tion [33, 163, 172–174]. Moreover, the classification results exhibit a superior

performance from the classifier based on the learned features of the proposed

framework compared to the baseline approaches. Several other studies used ma-

chine learning methods for predicting ASD and sex based on similar or different

datasets. The input features used in many of such studies consist of the char-

acteristics of functional connectivity networks or statistical attributes of BOLD

time series. Learning contextual representations by jointly leveraging informa-

tion within the FC network and time series data can offer a set of informative

features that enhance our understanding of interactions within (voxel-level) and

between (ROI-level) the regions and model’s prediction power. The proposed ap-

proach benefits from several analytical advantages that we discuss in this section,

followed by a discussion regarding its limitations, and suggestions for method-

ological improvements and future work.

4.4.1 Joint Learning Framework Provides Enhanced Pattern Separa-

tion

Combining the embedding of the information regarding time series dynamics

and dynamic functional connectivity provides a more powerful set of features

for pattern separation tasks compared to adopting only one of the two input

structures. Therefore, the two major sources of information in analysis of fMRI
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data provide a more precise characterization of the higher order dynamics and

contexts of the data when embedded jointly.

4.4.2 Dynamics Of The Functional Connectivity Are Included In The

Learned Representation

As explained in the methodology, the input batch preparation step includes

generating the functional connectivity graphs of each entry of each batch to be

utilized by the GCN unit of the spatial component. The FC graphs are created

for the time series within each temporal window, similar to the commonly per-

formed dFC network creation based on sliding window segmentation. Therefore,

the variations in the functional connectivity weights of the entire dataset are in-

cluded in the training and feature encoding process (for N subjects and M time

series segments, N ×M connectivity networks are generated). Consequently, the

proposed setup takes advantage of the dynamics in the FC network weights as

an important source of information regarding functional dependencies during the

course of fMRI experiment.

4.4.3 Spatial Precision Analysis

The proposed framework displayed enhanced performance in voxel-level ex-

periment compared to the ROI-level setup. While the ROI-level setup provides

a significantly more efficient training, it is limited due to loss of information re-

garding spatial and functional connectivity context. Therefore, for a transformer

encoding block, in which the breadth of inferred information is a determining

factor in its performance quality, it is favorable to increase the spatial preci-

sion of the analysis. Moreover, large models such as transformer architectures

commonly show an improved performance with datasets with high level of gran-

ularity, even at the presence of noise confounds, which is an advantageous factor

with voxel-level fMRI data analysis.
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4.4.4 Architecture Flexibility And Transfer Learning

The experimental setup for the classification task included using the encoded

features as the input to the convolution-based classifier. The set of features

created after training the transformer model can be utilized by various classi-

fier models for comparison and exploratory analysis. This is viable due to the

flexibility of the transformer framework in being coupled with other models as

decoder and prediction or other analytical block through the transfer learning

paradigm.

4.4.5 Limitations

Despite the advantageous aspects of the transformer framework, it bears a

number of limitations which we discuss in this section.

The data preparation process involves performing a segmentation to create

the batches of data suitable for large models, such as transformers. Therefore,

instead of using the entire time series for each region, a fraction of it is provided

for each entry of the batch, which can result in loss of information regarding

longer term variations and trends. However, as fMRI data becomes available to

the scale of tens of thousand subjects, this problem can be amended and the

entire time series of each region within the region of analysis (an ROI or the

entire brain) can be used for each data entry to train complex models.

Positional embedding is an essential step for attention-based models. Extrac-

tion of complex temporal dependencies can benefit from prior knowledge during

pre-processing to play the role of inductive bias. In this work, we injected the

spatial positional embedding using the functional connectivity matrices, and the

temporal positional embedding by calculating the trigonometry-based values of

the time steps. Exploring other positional embedding approaches can enhance

the training of attention weights, and in turn the prediction performance of the

model.
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Large models such a transformers with attention mechanism are restricted by

large input dataset and memory. Moreover, despite the advantage of transformers

over sequential models such as RNN and LSTM due to their ability in parallel

training, sequential architecture of the ST blocks coupled with the GCN units

within the spatial components decrease the efficiency in the inference step.

As future work, we would like to explore extraction and comparison of the

representations with various brain atlases, as well as analysis of the attention-

based context maps across functional networks and different datasets.
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CHAPTER 5

FUTURE RESEARCH

While this thesis attempted to provide methodological tools to address some

of the important questions regarding analysis and prediction of spatio-temporal

data sets, with applications in brain imaging data, certain improvements are

required to enhance and expand these tools and techniques. Future improve-

ments for the proposed methodological approaches are provided at the end of

each chapter of this dissertation, under the future work section. In addition to

the proposed improvements in prior chapters, in this section, we briefly discuss

other machine learning techniques which can build upon this dissertation work

to benefit and expand the analysis of high dimensional spatio-temporal data.

A major obstacle in modeling complex data is in fact collection of such data.

This issue arises from several factors related to logistics and cost of data col-

lection. Examples of data sets with these issues include fMRI data, and other

longitudinal human subject data where subject collection is slow and drop out

rate is high. Resolution for such issues within other machine learning related

areas, such as image classification, include pre-training and transfer learning,

among other approaches. Pre-training includes training the model on a dataset

and using the model for testing on other datasets. Even though the idea be-

hind this technique seems intuitive, creating a framework for implementing it

is a challenging task due to limitations in the size of fMRI and other complex

data sets, as well as the fact that many such data sets are multi-modal. There-

fore, proposing a framework to facilitate pre-training of such complex datasets is

a significant future research problem to explore. Moreover, the idea of transfer

learning, which is slightly different than the pre-training setup, can be immensely
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beneficial in modeling complex data with limited subject cohort size. In transfer

learning, a model trained on a task or dataset, is re-purposed to be trained on

a new dataset or domain, where the training on the new dataset benefits from

the training on the old dataset. This domain adaptation can be useful in many

examples of complex datasets such as fMRI, where a model trained on a cohort

with certain neurological condition can be used for training on a group with an-

other condition. Moreover, a model trained on certain regions or networks of the

brain can be re-purposed for modeling another region or network of the brain.

Again, proposing such framework is a non-trivial task (due to various differences

among fMRI data sets) which can immensely benefit the predictive modeling and

understanding the brain’s mechanisms.

The regions of the brain have anatomical and functional similarities and dif-

ferences that can be exploited for enhancement of modeling tasks. A machine

learning technique which can potentially facilitate achieving this goal is multi-

task learning. Multi-task learning aims to perform multiple training tasks simul-

taneously while exploiting commonalities between the tasks. A natural setup

which comes to attention is training several models on different regions or net-

works of the brain while using the common characteristics of those regions and

networks. This set up can potentially consider the local anatomical properties of

the regions while taking advantage of the common attributes among them, and

can be applied on different sub-networks of the brain as well.

Pursuing the mentioned research projects can help enhance the methodolog-

ical tools for better understanding brain imaging data as well as other complex

spatio-temporal data. Each of these tasks bear their own complexities, includ-

ing theoretical, methodological, and logistical challenges. Familiarity with the

domain knowledge while understanding the state of the art machine learning

algorithms and architectures, as well as the applications of such approaches on

other fields can pave the way for building such models.
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APPENDIX A: SUPPLEMENTARY RESULTS OF THE

BRAIN MAPPING SEARCH ALGORITHM

Data Preparation Since ics performs a search among neighbors of the clusters,

it is necessary to create the neighborhood matrix of the voxels before starting

the search procedure, and just point the algorithm to the neighbors of the voxel

during the search process. The neighborhood matrix can be created by simply

measuring the euclidean distance of the voxels based on their three dimensional

coordinates. In this matrix, called matrix Mneighbors, each row belongs to a

voxel, and the coluics include the indices of their immediate neighboring voxels.

Note that topological properties of specific regions can be considered during pre-

processing using FMRIB Software Library (FSL), and then the neighborhood

matrix can be created. This would not affect the performance of the search, as

it only requires the indices of the neighboring voxels.

ICS Pseudocode Here we explain the steps of ics in more detail through

the pseudocode provided in Algorithm 1. As can be seen in the pseudo code,

the input to the proposed approach includes an M × P matrix X where M is

the number of subjects and P is the number of search space voxels, a vector Y

containing the labels, and the Mneighbors neighborhood matrix explained in the

above section. Each element Xij contains the averaged time course of voxel j

for subject i over time. Note that the input to this algorithm can include more

than two groups, and similar setup can be designed for multi-class scenario.

As the search starts, the spectral discriminant score of Cluster Ctemp, which

initially only includes the voxel Vstart is measured by exploiting the pre-calculated

local and global affinity matrix multiplications based on equation 5 in the main

text (line 8 of the pseudocode). Then, for each neighboring voxel of Ctemp, the
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spectral discriminant score of the addition of the neighbors Vneighbor and Ctemp

are calculate and compared with the score of Ctemp, and useful voxels are added

to Ctemp to expand it (lines 9 to 20). After one step of neighborhood search

and expansion of Ctemp, redundancy criteria is performed by first looking up the

matrices that will contain the calculations based on the equations 8 and 9 for each

voxel. If the corresponding values for the voxels inside Ctemp do exist in matrix

Interactu, (meaning that the voxel has been previously visited), the values are

directly used to avoid recalculations. Otherwise, the mutual information elements

are calculated and placed in its corresponding location in that matrix for future

use (lines 23 to 27).

The redundancy scores of each voxel inside Ctemp is then compared with a pre-

specified threshold T to remove redundant features (lines 28 to 30). Note that

T can be assigned in various fashions depending on how strict the redundancy

analysis is preferred to be. Also, in this algorithm we avoid removing the recently

added voxels during the redundancy step to avoid the possibility of falling into

infinite loops by repeatedly adding and removing the same voxels (note the loop

condition in line 21 which excludes the newly added voxels). For the same reason,

we avoid adding newly removed voxels (note the condition in line 10). If the

algorithm does not find any more useful neighbors during the search, after saving

the results in the output it moves to the voxel next to Vstart, and pursues the

same steps until it covers the entire search space, providing a complete list of

information clusters and their information value (lines 34 and 35).
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Algorithm 1 Neighborhood search with DP
1: Input: Data X(m×p) (m :number of subjects and p : number of voxels in search space); Labels vector Y(m×1); Matrix

Mneighbors with m rows

2: Output: Matrix Cout with m rows; vector Iout(m×1)

3: Calculate Mw and Ms . Matrix multiplying for local and global affinity

4: (Interactu, Narray, Farray)← ∅; . Interactu:interaction matrix, Narray : helpful neighbors, Farray : redundant

neighbors

5: Vstart← 1; . Starting voxel

6: Ctemp←X(:,V˙start); . Starting cluster

7: while Vstart ≤ p do . Start the search

8: Calculate S(Ctemp) (spectral discriminant score) via Mw and Ms;

9: for ∀v˙neighbor∈M˙neighbors(C˙temp) do . Relevance analysis

10: if vneighbor 6∈ Farray then . Avoid redundant voxels of last step

11: Calculate S(Ctemp
⋃

vneighbor) via Mw and Ms;

12: if S(Ctemp
⋃

vneighbor) > S(Ctemp) then

13: Narray ← Narray
⋃

vneighbor ;

14: Counter + +;

15: end if

16: end if

17: end for

18: Farray ← ∅; . Empty Farray

19: if Counter > 0 then . There are helpful neighbors

20: Ctemp ← Ctemp
⋃

X(:, Narray);

21: for ∀v∈C˙temp-N˙array do . Redundancy analysis;

22: if Featureinf (v) 6= 0 then

23: Look up Interactu to calculate redundancy J for v;

24: end if

25: if Featureinf (v) = 0 then

26: Calculate score J for voxel v and store them in Interactu.;

27: end if

28: if J < T then . T is a pre-specified threshold

29: Farray ← Farray
⋃

v;

30: end if

31: end for

32: Ctemp ← Ctemp − Farray ; . Remove redundancies

33: if Counter = 0 then . No helpful neighbors found

34: Cout(Vstart);← Ctemp; . Output results

35: Iout(Vstart) ←S; . Output results

36: Vstart = Vstart + 1;

37: Ctemp←X(:,V˙start); . Start a new cluster

38: end if

39: Counter ← 0;

40: Narray ← ∅;

41: Cluster ← Cluster
⋃

X(:, Narray);

42:
43: return [Cout, Iout];
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Additional prediction results

Figure 5.1. Prediction results of regions of interest based on AAL atlas.
The experimental setup and procedure are similar to the result section
in the main text.
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APPENDIX B: SUPPLEMENTARY RESULTS AND

ANALYSIS OF THE BACKBONE NETWORK

Additional analysis and results for the backbone network of dynamic functional

connectivity are provided in this appendix.

Figure 5.2. Extracted backbone network of the left hippocampus from
four subjects; two control subjects and two diagnosed with ASD, based
on a 0.80 threshold.
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Figure 5.3. Extracted backbone network of the right hippocampus
from four subjects; two control subjects and two diagnosed with ASD,
based on a 0.80 threshold.
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Figure 5.4. Extracted backbone network of the left Amygdala from
eight subjects; four control subjects and four diagnosed with ASD,
based on a 0.80 threshold.
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Figure 5.5. Extracted backbone network of the right Amygdala from
eight subjects; four control subjects and four diagnosed with ASD,
based on 0.80 threshold.
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Figure 5.6. Average backbone network of the right and left hippocam-
pus from 300 subjects; 150 control subjects and 150 diagnosed with
ASD, based on a 0.80 threshold.
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Figure 5.7. Average backbone network of the right and left Amygdalas
from 300 subjects; 150 control subjects and 150 diagnosed with ASD,
based on a 0.80 threshold.
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Figure 5.8. Average backbone network of the right hippocampus from
300 subjects; 150 control subjects and 150 diagnosed with ASD, based
on the ARR and PR null models.
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Figure 5.9. figures a and b: number of significant ties n for the right
hippocampus network of one control subject across t = 1, ..., 20 time
steps based on two different threshold values. The red bar corresponds
to the number of edges of the temporal network admitted to the back-
bone network. figure c : the number of admitted edges to the final
backbone network based on 50 different threshold values between 0.5
and 1 with fixed resolution.
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Figure 5.10. The averaged backbone networks of right hippocampus
between the control and ASD cohorts where DCR temporal segmen-
tation was applied.
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Figure 5.11. Correlation between node degree calculated as aggregated
weights of all edges connected to each node over time τ and the MLE
estimated latent distribution mean variable a

Figure 5.12. Correlation between node degree calculated as aggregated
weights of all edges connected to each node over time τ and the MLE
estimated latent distribution mean variable a
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Figure 5.13. Correlation between the share of significant ties of each
node over time τ and the MLE estimated latent distribution mean
variable a

Figure 5.14. Correlation between the share of significant ties of each
node over time τ and the MLE estimated latent distribution mean
variable a
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Figure 5.15. Comparison of average backbone connectivity between
left cerebellum crus 1 and other regions between the control and ASD
cohort
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Figure 5.16. Comparison of average backbone connectivity between
right cerebellum crus 1 and other regions between the control and
ASD cohort
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Figure 5.17. Comparison of average backbone connectivity between
left cerebellum crus 2 and other regions between the control and ASD
cohort
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Figure 5.18. Comparison of average backbone connectivity between
right cerebellum crus 2 and other regions between the control and
ASD cohort
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Figure 5.19. Comparison of average backbone connectivity between
left cerebellum area 3 (ROI 95 per AAL) and other regions between
the control and ASD cohort
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Figure 5.20. Comparison of average backbone connectivity between
the vermis 3 area (ROI 110 per AAL) and other regions between the
control and ASD cohort



150

Figure 5.21. The AUC of detection of injected random weights based
on the ST filtering aswell as the proposed approach (WBN) in four
different regions where 50 random edges were injected to Amygdalas
and 200 random edges were injected to hippocampus areas.
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APPENDIX C: ADDITIONAL RESULTS AND

ANALYSIS OF THE SPATIO-TEMPORAL

TRANSFORMER MODEL

Approach ST SA GCN FF-

CNN

ST X 0.01 0.01 <0.01

SA 0.01 X 0.03 <0.01

GCN 0.01 0.03 X 0.01

FF-

CNN

<0.01 <0.01 0.01 X

Approach ST SA GCN FF-

CNN

ST X 0.008 0.011 <0.001

SA 0.008 X 0.041 <0.001

GCN 0.011 0.041 X <0.001

FF-

CNN

<0.001 <0.001 <0.001 X

Table 1. p-values of the DeLong test for comparison of voxel-level classifica-

tion AUC curves between the four approaches. Left: the p-values for the ABIDE

dataset. Right: The results for the HCP dataset.
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Approach ST SA GCN FF-

CNN

ST X 0.02 <0.01 <0.01

SA 0.02 X 0.02 <0.01

GCN <0.01 0.02 X 0.01

FF-

CNN

<0.01 <0.01 0.01 X

Approach ST SA GCN FF-

CNN

ST X 0.01 0.03 <0.001

SA 0.01 X 0.05 <0.001

GCN 0.03 0.05 X <0.001

FF-

CNN

<0.001 <0.001 <0.001 X

Table 2. p-values of the DeLong test for comparison of ROI-level classifica-

tion AUC curves between the four approaches. Left: the p-values for the ABIDE

dataset. Right: The results for the HCP dataset.
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Age (average) Male Female FD (male) FD (female)

ABIDE 16.7 461 139 0.11 0.10

HCP 28.7 220 220 0.166 0.162

Table 3. Demographic information of the ABIDE and HCP datasets. FD:

frame displacement.
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Region
AUC

(ABIDE)

AUC

(HCP)
Region

AUC

(ABIDE)

AUC

(HCP)
Region

AUC

(ABIDE)

AUC

(HCP)
Region

AUC

(ABIDE)

AUC

(HCP)

Precentral L 61.3853 61.6825 Frontal Med Orb R 67.0669 66.4749 Occipital Mid L 45.4925 50.8802 Pallidum R 67.1555 56.3180

Precentral R 62.3702 59.2540 Rectus L 49.9171 52.4850 Occipital Mid R 60.4900 72.6534 Thalamus L 69.3236 64.6870

Frontal Sup L 62.5289 66.4390 Rectus R 60.3156 65.2167 Occipital Inf L 45.0725 65.6983 Thalamus R 61.9416 50.9183

Frontal Sup R 63.5563 61.8391 Insula L 61.2462 70.1088 Occipital Inf R 61.6801 64.3149 Heschl L 46.6705 67.0408

Frontal Sup Orb L 62.3141 57.3719 Insula R 60.3011 50.8079 Fusiform L 61.6720 68.4547 Heschl R 62.6929 63.6705

Frontal Sup Orb R 61.8158 56.8206 Cingulum Ant L 59.6575 65.0483 Fusiform R 47.2120 62.7055 Temporal Sup L 67.0084 67.4978

Frontal Mid L 55.3588 52.0223 Cingulum Ant R 60.2721 70.4412 Postcentral L 56.9073 71.6207 Temporal Sup R 70.5827 58.7943

Frontal Mid R 64.8916 54.6586 Cingulum Mid L 64.2744 66.5162 Postcentral R 68.1661 53.5060 Temporal Pole Sup L 65.6032 62.2287

Frontal Mid Orb L 60.7079 69.0002 Cingulum Mid R 65.8096 64.9429 Parietal Sup L 62.1761 66.4284 Temporal Pole Sup R 50.0171 57.1032

Frontal Mid Orb R 55.9145 62.7402 Cingulum Post L 58.4232 71.5387 Parietal Sup R 57.0921 64.8248 Temporal Mid L 65.3899 56.6493

Frontal Inf Oper L 68.4869 66.1156 Cingulum Post R 64.0909 64.2791 Parietal Inf L 60.6997 62.8342 Temporal Mid R 67.3871 69.1232

Frontal Inf Oper R 54.8497 62.9362 Hippocampus L 71.3240 71.3062 Parietal Inf R 56.7746 56.1155 Temporal Pole Mid L 61.8301 64.6095

Frontal Inf Tri L 49.7012 67.5399 Hippocampus R 68.1844 71.1403 SupraMarginal L 57.0108 56.3376 Temporal Pole Mid R 58.7713 63.4639

Frontal Inf Tri R 67.1845 51.1269 ParaHippocampal L 60.8891 61.8386 SupraMarginal R 68.3556 72.9054 Temporal Inf L 64.9520 64.7669

Frontal Inf Orb L 66.9521 71.2563 ParaHippocampal R 70.6511 59.7008 Angular L 67.9293 66.3002 Temporal Inf R 58.0234 69.2289

Frontal Inf Orb R 62.9971 68.8155 Amygdala L 68.1103 66.5109 Angular R 64.1646 56.7625 Cerebellum Crus1 L 65.9211 64.6525

Rolandic Oper L 52.2169 54.1218 Amygdala R 67.1432 67.1472 Precuneus L 63.4339 62.8657 Cerebellum Crus1 R 68.2723 69.7713

Rolandic Oper R 53.4704 62.5641 Calcarine L 58.1299 73.0792 Precuneus R 62.6661 62.0263 Cerebellum Crus2 L 63.0120 63.7231

Supp Motor Area L 68.9621 63.2955 Calcarine R 62.0085 71.8029 Paracentral Lobule L 63.4989 51.7043 Cerebellum Crus2 R 70.3115 51.9105

Supp Motor Area R 62.6083 65.6001 Cuneus L 62.4675 64.0841 Paracentral Lobule R 52.1933 59.7211 Cerebellum 3 L 62.8065 61.8579

Olfactory L 54.0526 64.1142 Cuneus R 54.4829 57.4190 Caudate L 68.7325 70.1301 Cerebellum 3 R 64.0489 71.2432

Olfactory R 53.8834 64.2294 Lingual L 53.4307 67.7510 Caudate R 66.1694 69.6664 Cerebellum 4 5 L 69.7780 60.0770

Frontal Sup Medial L 51.7562 64.4418 Lingual R 63.5670 72.5274 Putamen L 67.1363 52.9994 Cerebellum 4 5 R 72.4775 55.9199

Frontal Sup Medial R 60.1633 65.4372 Occipital Sup L 51.6133 71.8550 Putamen R 49.1525 60.2994 Cerebellum 6 L 53.0206 63.5372

Frontal Med Orb L 61.9511 58.5390 Occipital Sup R 50.1605 70.7150 Pallidum L 45.1647 69.9517 Cerebellum 6 R 53.8805 59.2227

Cerebellum 7b L 68.9630 58.5754 Cerebellum 8 R 74.1863 64.0556 Cerebellum 10 L 52.2764 55.5045 midline Vermis 3 52.0546 65.9616

Cerebellum 7b R 69.2259 72.3711 Cerebellum 9 L 58.8952 69.7336 Cerebellum 10 R 57.8309 70.5708 midline Vermis 4 5 57.7429 55.2035

Cerebellum 8 L 58.6577 62.6040 Cerebellum 9 R 54.8299 58.7732 midline Vermis 1 2 63.9586 51.9010 midline Vermis 6 71.3874 58.3281

Table 4. Average classification AUC for all of the regions of interest (per

AAL atlas) based on the ST method on the ABIDE and HCP datasets .
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Figure 5.22. The average classification AUC of the model based on
different architectural configurations for both dataset. The top AUC
values correspond to the ABIDE dataset, and the bottom values cor-
respond to the average AUC on the HCP data.
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Figure 5.23. Visualization of average attention weights of various re-
gions of the brain with regards to the left and right Amygdalas and
Hippocampus among all subjects from the HCP sample.
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Figure 5.24. The effect of temporal window length on attention maps.
The values of the matrix are the similarity between the attention maps
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Figure 5.25. The attention weights for four cerebellar regions as the
query nodes. The width of links correspond to higher attention simi-
larity and contextual interaction between the regions.



159

Figure 5.26. The effect of temporal window length on average AUC of
the four models.
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Figure 5.27. Percentage of subjects classified as healthy from each
region for the ABIDE dataset.
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Figure 5.28. Percentage of subjects classified as female from each re-
gion for the HCP dataset.
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