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ABSTRACT

REPRESENTATION OF HUMAN BRAIN BY MESH NETWORKS

Önal Ertuğrul, Itır

Ph.D., Department of Computer Engineering

Supervisor : Prof. Dr. Fatoş T. Yarman Vural

July 2017, 157 pages

In this thesis, we propose novel representations to extract discriminative information

in functional Magnetic Resonance Imaging (fMRI) data for cognitive state and gen-

der classification. First, we model the local relationship among a set of fMRI time

series within a neighborhood by considering temporal information obtained from all

measurements in time series. The estimated local relationships, called Mesh Arc De-

scriptors (MADs), are employed to represent information in fMRI data. Second, we

adapt encoding methods frequently used in Computer Vision, namely Fisher Vectors

(FV), Vector of Locally Aggregated Descriptors (VLAD) and Bag-of-Words (BoW)

to encode local MADs. We show that employing MADs outperform state-of-the-art

fMRI representations and encoding them further with FV gives superior performance

over MADs. Then, we propose a hierarchical framework, called Hierarchical Multi-

resoution Mesh Networks (HMMNs), in which the fMRI signal is decomposed into

multiple subbands and mesh networks are constructed for each subband separately.

We fuse the decisions of classifiers trained with multi-resolution mesh-networks in the

final step of the framework. We show that Hierarchical Multi-resolution Mesh Net-
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works outperform mesh-networks constructed from original fMRI signal. Finally, we

adapt multi-resolution approach for gender classification using fMRI data. We fuse

the decisions of classifiers trained with multi-resolution multi-task mesh networks in

a 2-level hierarchical architecture to discriminate gender. The proposed gender classi-

fication framework performs better compared to single layer architectures fusing only

multi-task or only multi-resolution mesh networks.

Keywords: fMRI, Mesh Networks, Multi-resolution Analysis, Fisher Vector, Cogni-

tive State Classification, Gender Classification
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ÖZ

İNSAN BEYNİNİN ÖRGÜ AĞLARI İLE GÖSTERİMİ

Önal Ertuğrul, Itır

Doktora, Bilgisayar Mühendisliği Bölümü

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

Temmuz 2017, 157 sayfa

Bu tezde, bilişsel durum ve cinsiyet sınıflandırmada kullanılmak üzere fonksiyonel

Manyetik Rezonans Görüntüleme (fMRG) verisindeki ayrımsayıcı bilgiyi çıkarmak

için yeni gösterimler önermekteyiz. İlk olarak, zaman serilerindeki tüm ölçümleri

içeren zamansal bilgiyi göz önünde bulundurarak fMRG zaman serileri kümesindeki

yerel ilişkileri bir komşulukta modellemekteyiz. Örgü Yay Betimleyicileri (ÖYB) adı

verilen yerel ilişkiler, fMRG verisindeki bilginin gösterimi için kestirilmiştir. İkinci

olarak, bilgisayarla görme alanında yaygın olarak kullanılan Fisher Vektörü (FV),

Yerel Kümelenmiş Betimleyiciler Vektörü ve Kelime Çantası kodlama yöntemlerini

yerel ÖYB’leri kodlamak için uyarlamaktayız. ÖYB’lerin kullanımının güncel fMRI

gösterimlerinden daha iyi performans verdiğini ve bunların daha sonra FV ile kod-

lanmalarının ÖYB’ye göre daha üstün performans verdiğini göstermekteyiz. Ardın-

dan, fMRG sinyalinin çoklu alt bantlara ayrıldığı ve her bir altband için ayrı ağlar

oluşturulduğu Hiyerarşik Çok-çözünürlüklü Örgü Ağları (HÇÖA) adı verilen bir yapı

önermekteyiz. Yapının son aşamasında, çok çözünürlüklü örgü ağları ile eğitilmiş sı-

nıflandırıcıların kararlarını birleştirmekteyiz. Hiyerarşik Çok-çözünürlüklü Örgü Ağ-
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larının orjinal fMRG verisi için kurulan örgü ağlarından daha iyi performans verdiğini

göstermekteyiz. Son olarak, fMRG verisi kullanılarak cinsiyet sınıflandırma için çok-

çözünürlü yaklaşımı uyarlamaktayız. Çok çözünürlüklü ve çok görev altında kurulan

örgü ağları ile eğitilen sınıflandırıcıları, cinsiyet sınıflandırma için 2 katmanlı hiyerar-

şik bir mimari ile birleştirmekteyiz. Önerilen cinsiyet sınıflanrdırma yapısı, yalnızca

çok görev altında kurulan ya da yalnızca çok çözünürlüklü örgü ağlarını tek katmanda

birleştiren mimarilere göre daha başarılıdır.

Anahtar Kelimeler: fMRG, Örgü Ağları, Çok Çözünürlüklü Analiz, Fisher Vektörü,

Bilişsel Durum Sınıflandırma, Cinsiyet Sınıflandırma
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CHAPTER 1

INTRODUCTION

I am a brain, Watson. The rest of me is a

mere appendix. Therefore, it is the brain

I must consider.

Arthur Conan Doyle

1.1 Motivation and Problem Definition

How human brain works has been an enigma, a center of interest, a research object for

many centuries. In the the early nineteenth century, the bumps and flattening of skull

was associated to the amount of feelings such as love or honesty. Later on, scientists

have explored physiology of brain and conducted invasive experiments on animal

brains to relate brain regions with brain functions. Yet, since invasive experiments

could not be conducted on humans, a large number of cognitive aspects of human

brain has remained unacknowledged.

With the advent of technology, researchers are now able to take measurements from

human brain via Electroencephalography (EEG), Magnetoencephalography (MEG),

functional Magnetic Resonance Imaging (fMRI), etc. while the participants are at

rest or performing cognitive tasks. The non-invasive nature of these modalities have

led to a boost in the studies trying to understand the functions of human brain. Al-

though thousands of studies have approached how human brain works from different

perspectives, mankind is still very far from fully understanding it. Barack Obama

summarizes the current situation of brain research by: "As humans, we can iden-
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tify galaxies light-years away, we can study particles smaller than an atom. But we

still haven’t unlocked the mystery of the three pounds of matter that sits between our

ears". Currently, majority of the studies benefit from machine learning, statistical data

analysis, signal processing and data mining tools to explore the functions of human

brain.

Studies focusing on how human brain works mainly rely on comparison. In order

to understand active regions under a specific cognitive task, researchers mainly com-

pare brain activation maps while the participants perform a cognitive task with the

ones while the participants are at rest. Moreover, to identify causes of diseases, re-

searchers compare the brain activations from people having diseases versus healthy

people. Even in smaller granularity, within a visual object recognition experiment,

stimuli belonging to different categories such as face or house are presented to the par-

ticipants. To understand the effect of emotion, participants are exposed to emotional

versus neutral stimuli. In addition, studies aim to discover gender, age or ethnicity

differences in brain activation under a number of cognitive tasks. As a result, the cur-

rent findings are based on the differences between man vs. women [40, 75], young

vs. old [30], emotional vs. neutral [91, 97], healthy vs. diseased [5, 28, 73, 128, 147],

and so on. The goals of the current studies are to find better representations, to de-

sign better classifiers, to generate more discriminative frameworks and at the end, to

discriminate these conditions better.

In this thesis, we swim in the shore of the ocean of how human brain works. We em-

ploy fMRI data as our modality and focus on finding better representations and better

frameworks to discriminate cognitive states and gender by benefiting from machine

learning and signal processing. We construct this thesis on two contrasting concepts

namely similarity and diversity.

In a recent study, it is shown that although weak connections far outnumber strong

connections, each neuron receives the majority of its local excitation from a small

number of strong inputs provided by the few neurons with similar responses to vi-

sual features [31]. Following that finding, at coarser scales we employ the similarity

between neighboring voxels or anatomical regions within a locality for representa-

tion. We focus on modeling their relationships in time to obtain more discriminative
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representations than the state-of-the-art.

On the other hand, during the construction of our frameworks, we follow the approach

that diversity brings more information. Wisdom of the crowd principle states that the

collective opinion of a group of individuals are as good as, and often better than,

that of a single expert. By training classifiers with multi-resolution mesh networks,

we obtain diversity and we fuse the diverse information obtained from a group of

classifiers for better discrimination of cognitive tasks and gender.

1.2 Contributions of the thesis

We can list the contributions of this thesis as follows:

1. We propose to model relationship among a set of fMRI time series within a

neighborhood by considering temporal information obtained from all of the

measurements in time series. The estimated relationships, called Mesh Arc De-

scriptors (MADs) outperform state-of-the-art fMRI representations including

pairwise correlations or raw fMRI time series.

2. We adapt encoding approaches, which are mainly employed to encode local

features in computer vision domain, to encode our local MADs. We obtain bet-

ter representation power by encoding MADs with Fisher Vectors compared to

raw MADs and other state-of-the-art feature representations to classify cogni-

tive states.

3. We propose a brain connectivity dictionary by using the codewords, which are

the means of Gaussians in Gaussian Mixture Models fit to MADs. We visualize

the codewords, revealing connectivity patterns encoded in MADs on human

brain template.

4. We identify a relationship between the energy of Fisher Vector columns ob-

tained from the Gaussians in the mixture and classification accuracy. Therefore,

we can analyze and visualize the codewords representing connectivity patterns

in MADs based on their discriminative power (identified by the energy of FV

columns of corresponding Gaussian).
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5. We propose a framework called Hierarchical Multi-resolution Mesh Networks

(HMMNs) in which we fuse the diverse information obtained from multi-resolution

mesh networks under a Fuzzy Stacked Generalization (FSG) architecture. We

show that different subbands represent complementing information and fusion

of mesh arc descriptors (MADs) extracted from multiple subbands boosts the

classification accuracy.

6. We propose a two-level hierarchical FSG architecture to fuse the decisions of

multi-task multi-resolution mesh networks for gender classification. We show

that, fusing the representations computed at multiple resolutions for multiple

tasks provides the best gender classification accuracy compared to employment

of single-resolution single-task mesh networks and fusion of representations

obtained using only multi-task or only multi-resolution data.

1.3 Organization of the thesis

The outline of this thesis is as follows:

In Chapter 2, we present the literature and state-of-the-art knowledge about Multi-

voxel Pattern analysis (MVPA), fMRI representations employed for MVPA, encod-

ing methods applied on local descriptors in various domains, multi-resolution fMRI

analysis, methods for fusion of classifier decisions and gender classification.

In Chapter 3, we introduce the experimental setup and collection of fMRI datasets

employed in this thesis.

In Chapter 4, we propose Mesh Arc Descriptors (MADs) that models relationships

within spatial and functional neighborhood as our fMRI representation. We then

propose a method to encode our local MADs using Fisher Vectors, Vector of Locally

Aggregated Descriptors and Bag-of-Words methods.

In Chapter 5, we propose a novel hierarchical framework to fuse the information

obtained from multi-resolution mesh networks for cognitive state classification. We

further propose a two-level hierarchical framework to fuse the information obtained

from multi-task multi-resolution mesh networks for gender classification.
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In Chapter 6, we perform classification experiments and significance analyses to show

the success of proposed MADs, encoding of MADs and the proposed hierarchical

frameworks to discriminate cognitive state and gender.

In Chapter 7, we summarize our methods and findings and conclude the thesis by

introducing future directions.
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CHAPTER 2

AN OVERVIEW OF REPRESENTATION AND ENCODING OF

FMRI DATA FOR COGNITIVE STATE AND GENDER

CLASSIFICATION

A dwarf on a giant’s shoulders sees

farther of the two.

George Herbert

We begin this chapter by surveying the literature on Multi Voxel Pattern Anaylsis

(MVPA), a supervised classification problem where a classifier attempts to capture

the relationships between spatial pattern of fMRI activity and cognitive experiments.

We review the state-of-the-art representations of fMRI signal used for MVPA. Then,

we overview the applications of popular encoding approaches, namely Fisher Vector,

Vector of Locally Aggregated Descriptors and Bag-of-Words methods, in various do-

mains. We follow this overview with the related work on multi-resolution analysis of

fMRI data. We also present the studies in which multiple classifiers are trained with

fMRI data and their decisions are fused. Finally, we end this chapter with the related

work on gender differences captured from fMRI data and gender classification using

fMRI.

2.1 Multi-Voxel Pattern Analysis

The techniques employed to study the brain activity patterns from the BOLD signals

using machine learning methods, called Multi-Voxel Pattern Analysis (MVPA), be-
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Figure 2.1: An example MVPA pipeline [33]. Classes of the presented images are

used as labels and the measurements recorded from a number of voxels during the

presentation of images are used as inputs to train a classifier. During test time, the

classifier directly assigns a label to a new set of measurements recorded from voxels.

came popular in the last few decades (see Figure 2.1). Haxby et al. [59] suggested

the pioneering method showing how multi-voxel patterns of brain activity in ven-

tral temporal cortex can be used to discriminate between different cognitive tasks.

In their study, subjects viewed objects from different categories which are faces, cats,

non-sense objects and five categories of man-made objects. Following this pioneering

study, machine learning techniques have been used for diagnosing disorders [74, 106],

hypothesis validation [110] and classifying cognitive states which is a method for pre-

dicting cognitive states, called brain decoding.

There is a vast body of literature on MVPA that focus on discriminating various cogni-

tive states. Among them, Kamitani et al. [69] proved the ability of MVPA to decode

the eight orientations the subject was viewing. Moreover, in their following study,

Haynes et al. [60] showed that, multi-voxel patterns of brain activity in visual cor-

tex can be used to discriminate between unconscious representation of orientations.
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Davatzikos et al. [35] used MVPA approach to discriminate patterns of brain activi-

ties measured by fMRI during truth-telling or lying experiment. Mitchell et al. [89]

proved that MVPA methods can be used to decode whether subject is presented a sen-

tence or a picture, whether the subject is presented an ambiguous or non-ambiguous

sentence and which of the twelve categories (fruits, tools, etc.) does the presented

picture belong. Polyn et al. [118] showed that MVPA methods can be used in mem-

ory retrieval tasks. Subjects were presented pictures from three different categories

namely faces, houses and objects in the encoding phase. Then, they were expected to

recall them in the retrieval phase. In this work, MVPA was used to detect how similar

the patterns of brain activity belonging to a category are in the encoding and retrieval

phases. In one of the recent studies, Hu et al. [64] examined whether power spectral

density (PSD) profiles can be decoded from brain activities during naturalistic audi-

tory experience. Moreover, Yoshida et al. [157] trained SVM classifiers to decode

human emotion induced by visual stimuli using fMRI brain signal. Kubilius et al.

[76] showed how MVPA allows to compare various possibilities of part combinations

into wholes, such as taking the mean, weighted mean, or the maximum of responses

to the parts. Additionally, Floren et al. [48] decoded visual information from fMRI

data obtained in a realistic virtual environment. Toiviainen et al. [143] investigated

neural correlates of musical feature processing with a decoding approach. They de-

coded musical features from fMRI data collected using a naturalistic paradigm, in

which brain responses of participants were recorded while they were continuously

listening to pieces of real music.

In several studies, MVPA methods were used as powerful diagnosis tools. Crad-

dock et al. [34] trained Support Vector Machine (SVM) classifiers with resting state

functional connectivity patterns from healthy participants and patients having major

depression. They proved that, activations of patients and healthy participants can be

discriminated using MVPA methods. Moreover, Shen et al. [134] proved that, using

patterns of resting state functional connectivity in machine learning tools can discrim-

inate schizophrenic patients from healthy participants. Furthermore, brain activations

measured by fMRI of patients having Autism Spectrum Disorder (ASD) and that of

healthy people were discriminated using MVPA methods [32].
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2.2 Representation of fMRI Signal

In traditional MVPA approaches, cognitive states are usually represented by concate-

nating the selected voxel intensity values to construct a vector in a feature space. The

time series recorded at each voxel can be represented by various methods, such as

computing maximal or mean values. Also, dimensions of the feature space can be

reduced by Principal Component Analysis (PCA) and Independent Component Anal-

ysis (ICA). Then, a classifier, such as, Support Vector Machine (SVM), k-Nearest

Neighbor (k-NN) or Naive Bayes, is trained om the feature vectors.

State-of-the-art methods use machine learning algorithms to design models for brain

decoding [114]. For example, Graphnet [56] and TV-l1 [7, 54] methods employ a

spatial regularization technique for classification and regression problems of brain

imaging.

In addition to the studies that design models, there exists a number of techniques to

extract meaningful information from fMRI signals. A popular method for extracting

spatial features from fMRI data is to average the BOLD responses measured at each

voxel to represent a stimulus [33, 69, 70]. In their studies, Ng et al. [93, 95] consider

each brain volume as a sample. On the other hand, Mitchell et al. [89] and Ng et

al. [94] concatenate the BOLD responses measured in the same trial to represent

spatio-temporal information.

Various studies [6, 45, 46, 111, 120] compute the pairwise correlations between the

responses of voxels or anatomical regions to extract the temporal information from

the fMRI data. Among these studies, Pantazatos et al. [111] represent temporal re-

lationships by using pairwise correlations between anatomical regions as features for

brain decoding. Moreover, Richiardi et al. [120] construct a functional connectivity

graph using the pairwise correlations between anatomical regions, and they decode

the cognitive states using graph matching algorithms. Vertices or edge weights of the

constructed brain graphs are used as features for cognitive state classification [119].

At a finer level, Firat et al. [45] suggested to employ pairwise correlations of voxels

as features whereas Baldassano et al. [6] extract the functional connectivity struc-

tures by modeling pairwise connectivity among voxels. Also, a minimum spanning
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tree of a brain graph constructed using a functional connectivity matrix between all

pairs of voxels is used to represent the brain states for cognitive state classification

[46]. Notice that, the above mentioned studies propose temporal methods, which

model only the pairwise relationships between voxels or anatomical regions. Al-

though these methods represent the temporal information to a certain degree, none of

them represents the temporal relationships within a neighborhood.

Functional and spatial similarities of voxel BOLD responses are observed in a pre-

defined locality. Bazargani et al. [11] indicate that neighboring voxels belonging to a

homogeneous region-of-interest have Hemodynamic Response Function (HRF) with

the same shape and with slightly varying amplitude. In other words, spatially close

voxels give similar BOLD responses to the same stimuli. Moreover, Kriegeskorte et

al. [96] propose Searchlight analysis, in which maps are produced by measuring the

information in small spherical subsets (searchlight) centered on every voxel. The map

value for each voxel is obtained using the information present in its searchlight, not

from the voxel individually. They report that univariate model of activations, which

do not benefit from the local combination of signals, performs worse than Searchlight

methods to detect informative regions.

Ozay et al. [108] remark that the voxel time series do not differ significantly to dis-

criminate cognitive states, yet slight variations exist among the intensity values of

voxels located in a spatial neighborhood. They propose Local Mesh Model (LMM)

to model the relationship among the spatially neighboring voxels. They show that fea-

tures of LMM perform better than the raw voxel intensity values for the classification

of cognitive states. However, they employ only the brain volume, which is obtained

6 seconds after the stimulus presentation, for the construction of meshes while the

remaining brain volumes are discarded under the canonical HRF assumption.

Finally, Firat et al. [47] propose a Functional Mesh Model (FMM), in which local

meshes are constructed around voxels by selecting the neighbors within a functional

neighborhood. Their experimental results show that FMM features are more discrim-

inative than LMM features. However, they also estimate the mesh weights using only

a single intensity value for each voxel.

In none of the aforementioned models, the time series recorded at all the voxels are
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Figure 2.2: Steps of encoding local features using BoW and VLAD.

fully employed to represent the spatial relationships among the voxels of the fMRI

data.

2.3 Encoding Methods

In this thesis, we use the term encoding to mean "learning a dictionary from the

data and representing samples based on the codewords of the dictionary". Encoding

approaches are widely used in pattern recognition literature to improve the repre-

sentation power of local descriptors. In a popular encoding approach, called Bag-

of-Words (BoW), first local descriptors are clustered using the k-means clustering

method. Then, cluster centroids are defined as codewords to form a dictionary. Code-

words are utilized as textual words in natural language processing, and visual words

in image processing. Each descriptor is assigned to the closest codeword, and a sam-

ple is represented by a histogram of codewords, to which its local descriptors belong

(see Figure 2.2). BoW approach has been used to detect diseases [138] and cognitive

states [139] using fMRI data, and to classify EEG time series data [149, 88].

In another encoding approach, called Vector of Locally Aggregated Descriptors (VLAD),

12



codewords are computed similar to BoW. However, VLAD aims to accumulate the

difference between the codewords and local descriptors assigned to codewords [68].

It has been used in various applications including image [37] and video [1] process-

ing, yet it has not been used to encode local descriptors obtained from fMRI data.

Fisher Vector (FV) encoding methods are employed for statistical data analysis by

making use of the benefits of generative and discriminative models [26, 126]. FV

encoding is considered as an extension of BoW such that, rather than encoding the

relative frequency of the descriptors, it encodes the information on distribution of

the descriptors [116]. In other words, FV represents deviation of a sample from a

generative model, where the deviation is computed as the gradient of the sample log-

likelihood with respect to the model parameters [126].

Fisher kernels have been used to compute FVs utilizing a mechanism that incorporates

generative probability models into discriminative classifiers in a number of applica-

tions. Jaakkola et al. [66, 67] applied Fisher kernel to detect remote protein homolo-

gies that perform well to classify protein domains by by SCOP (Structural Classifica-

tion of Proteins) superfamily and showed that using Fisher kernel boosts the classifi-

cation accuracy. Moreno et al. [92] applied Fisher kernel for large scale Web audio

classification. Moreover, Fine et al. [44] built a hybrid Support Vector Machine clas-

sifier that combines Gaussian mixture model (GMM) and Fisher kernel and applied it

to speaker identification. In one of the recent studies, Oneata et al. [105] proposed an

efficient action recognition system that combines three state-of-the-art low-level de-

scriptors namely, dense motion boundary histogram (MBH), scale-invariant feature

transform (SIFT) and mel-frequency cepstral coefficients (MFCC) with Fisher vector

representation. Sekma et al. [133] suggested a multi-layer Fisher vector encoding

method based on trajectory descriptors for human action recognition. FV encoding

has proven to be among the most effective robust feature pooling techniques for ob-

ject recognition [29]. FVs have also been used for image classification [84, 127, 135]

and 3D object retrieval [130].

Broadersen et al. [18] applied generative embedding methods to neuroimaging data

by using dynamic causal models of local field potential recordings for single-trial

decoding of cognitive states. Moreover, generative embedding methods were used
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to train discriminative classifiers for clinical applications, e.g. for classification of

disease mechanisms in individual patients [19]. Yet, these studies did not form FV

to represent the data. FVs have been applied to model effective connectivity of the

networks using MRI and PET data [158, 159]. However, FVs have not been used to

encode the connectivity patterns of fMRI data, which is very crucial to analyze the

behavior of brain during cognitive tasks.

2.4 Multi-resolution Representation of fMRI Data

It is known that brain processes information in multiple frequency bands, and differ-

ent frequencies of neuronal activity have been linked to the BOLD signal [72, 141].

Features of spoken sentences, visual stimuli or development of social interaction may

unfold over distinct time scales [72]. Kauppi et al. [71] report that distinct regions

exhibit inter-subject correlations at low, medium or high frequencies. These studies

imply that different regions of the brain discriminate the conditions in different sub-

bands. Therefore, multi-resolution analysis of fMRI signal is crucial for analyzing

and decoding the cognitive states.

There has been a growing interest in multi-resolution analysis on fMRI data, espe-

cially resting state fMRI data. Low-frequency oscillations (LFO) have frequency

specific property that contributes differently to functional connectivity [124]. In their

study, Wee et al. [152] employed a frequency-specific approach to better characterize

the subtle BOLD signal variations related to Mild Cognitive Impairment (MCI) and

employed a graph measure to extract topological information of brain functional con-

nectivity networks. Motivated by this study, Li et al. [83] decomposed the frequency

interval into five equally non-overlapping frequency sub-bands to extract complex and

subtle pathology information associated with MCI, enabling a more frequency spe-

cific analysis for the regional mean time series. Recent fMRI studies have extended

the concept that independent frequency bands are generated by distinct oscillators,

and each of them has specific properties and physiological functions [23], by decom-

posing the fMRI signals into multiple bands [9, 61, 160].

Wavelet transforms are widely used to represent the fMRI signals in multiple res-
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olutions with approximately decorrelated coefficients [145]. Bullmore et al. [21]

reported that the brain has fractal property (also called 1/f -like property), where the

statistical properties that describe the structure of a system, in time or space, do not

change over a range of different scales [86]. Wavelet analysis is similar to Fourier

analysis in the sense that it decomposes a signal into its basic constituent components

[156]. However, compared to smooth and infinitely periodic sine wave decomposition

of Fourier transform, wavelet transform is irregular in shape, which is suitable for the

analysis of non-stationary signals [39]. Therefore, adaptivity of wavelets to local or

non-stationary features of an fMRI signal makes them suitable choices for the analy-

sis of the fMRI signal, which is expected to include non-stationary features of interest

at several scales [21]. Furthermore, Discrete Wavelet Transform (DWT) has decorre-

lating capability for a wide class of signals having 1/f -like property. In other words,

even if the data is highly correlated, the correlations computed between wavelet coef-

ficients are generally small. There have been previous fMRI studies of frequency de-

pendency of functional coherence between regions in the Fourier domain [125, 140].

On the other hand, Achard et al. [3] have applied DWT to fMRI time series, acquired

from healthy volunteers in the resting state, to estimate frequency-dependent corre-

lation matrices characterizing functional connectivity between anatomical regions.

They have found a small-world topology of sparse connections most salient in the

low-frequency interval [0.03–0.06 Hz].

In this study, we assume that fMRI signals, which are reconstructed by the decor-

related wavelet coefficients for different time resolutions, carry complementary in-

formation in the corresponding feature spaces. This assumption is supported by the

study of Richiardi et al. [120] which shows that the multi-resolution signals obtained

with an orthogonal DWT are quasi class-conditionally independent. Therefore, we

expect that the classifiers trained using multi-resolution signals are diverse, and fu-

sion of their decisions would yield high performance for decoding the brain signals.

This approach requires a fast and efficient decision fusion method to ensemble the

classifiers trained by the fMRI signals at different resolutions.
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2.5 Fusion of Classifier Decisions

Classifiers that are not very accurate individually but tend to make mistakes on dif-

ferent objects may form a very accurate ensemble [79]. Ensemble learning classifiers

are used in many fMRI studies, including brain decoding. In a pioneering study

by Kuncheva et al. [81], multiple classifiers are trained and their decisions are en-

sembled using bagging [15], Adaboost [49], Random Subspace [62], Random Forest

[16], Rotation Forest [122] and Random Oracle [80, 121] methods. They observed

that random subspace ensembles of SVM classifiers and Rotation forest give the best

accuracy. Recently, Alkan et al. [4] partition the brain into homogeneous regions

with respect to functional similarity of voxel time series and train a different classifier

at each region. Multiple classifiers are also trained by a set of complementing stimuli

[24] or subbands [120]. Then, the results of the classifiers are ensembled by majority

voting techniques. These ensemble learning methods have been shown to outperform

the methods based on a single classifier.

Fuzzy classifiers are used for classification of fMRI patterns. Wang et al. [150] em-

ployed distance-based fuzzy classifier for group separation of pediatric epilepsy pa-

tients into left dominant, right dominant, bilateral and others using fMRI patterns.

Moreover, Liu et al. [85] used fuzzy SVM for multi-class brain state decoding.

Kuncheva [78] state that fuzzy combination methods for ensemble of classifiers fare

better than non-fuzzy ones. Fuzzy combination of classifiers is also used to classify

fMRI data. Parida et al. [112] used Fuzzy Integral method to fuse decision of en-

sambles for cognitive state classification. Ozay et al.[107] proposed a hierarchical

ensemble learning method, called, fuzzy stacked generalization (FSG), which fuses

the decisions of multiple classifiers by a meta classifier. This method is shown to

outperform a number of ensemble learning methods including Adaboost, Random

Subspace, Rotation Forest methods in Multi-Voxel Pattern Analysis (MVPA) [109].

2.6 Gender Classification

The advent of brain-imaging techniques such as positron emission tomography (PET)

and functional Magnetic Resonance Imaging (fMRI) has increased the awareness of
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sex differences by demonstrating sex influences on brain functions for which the sex

of participants was previously assumed to matter little [25]. Early studies have fo-

cused on identifying gender differences based on the activations in anatomical brain

regions. They revealed sex differences under a range of conditions including creative

thinking [2], lying [87], language processing [10], autobiographical memory [117],

emotion processing [63], planning [14].

Gender differences have also been analyzed in functional brain networks. These stud-

ies mainly identify gender differences using resting state functional MRI (R-fMRI)

data. Biswal et al. [13] demonstrated evidence of systematic sex differences in R-

fMRI functional connectivity. Moreover, Tial et al. [142] investigated gender re-

lated differences in the topological organization of human brain functional networks

formed using R-fMRI. Wu et al. [154] analyzed the effect of sex on the developmen-

tal changes of functional brain networks derived from functional connectivity. Wang

et al. [151] employed a support vector machine-based MVPA approach to identify

the complex patterns of sex differences in brain structure and resting-state function.

Satterthwaite et al. [129] showed that sex differences in patterns of brain connectivity

can be identified at late childhood, and these differences are related to sex-specific

profiles of cognitive performance.

Contrary to R-fMRI studies, several studies have examined gender differences in pat-

terns of functional connectivity in task conditions [53]. Among them, Schmithorst

et al. [131] investigated gender differences of functional connectivity during silent

verb generation task. They identified a significant interaction among sex, age and IQ

in the functional connectivity between several brain regions in the left hemisphere.

The same group also observed gender differences in the interaction between intelli-

gence and functional connectivity for narrative comprehension task [132]. Moreover,

Butler et al. [22] showed that only women had anticorrelated functional connectivity

between the ventral anterior cingulate cortex (vACC) and the dorsal ACC (dACC),

during a visuospatial task of mental rotation. They denoted that gender difference

in the vACC-dACC connectivity may represent gender specificity in the interaction

between cognition and emotion. These studies indicate that functional connectivity

differences are observed for different genders under different cognitive tasks.
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Recent studies have approached gender analysis as a classification problem. Duarte-

Carvajalino et al. [40] classifed individuals in terms of their sex using the brain con-

nectivity networks. Vogelstein et al. [148] performed graph classification using signal

subgraphs and classify brain graphs according to sex. Kulkarni et al. [77] showed that

the connectivity structure of the brain admits classification of connectomes into sexes

based on their connectivity characteristics. Ktena et al. [75] proposed a topological

graph kernel for gender classification of functional brain networks. Results of these

studies imply that gender can be identified by the classification of brain networks.

2.7 Chapter Summary

In this chapter, we provided an overview of representations and encoding methods

for cognitive state and gender classification. We first introduced Multi-Voxel Pattern

Analysis (MVPA) and studies employing patterns of fMRI data for brain decoding

or identification of diseases. Next, we briefly explained different representations of

fMRI data, containing or lacking spatial or temporal information, for classification.

We figured out that, representation of fMRI signal affects the success of the classi-

fiers and considering temporal information and relationship within a neighborhood

is crucial when obtaining representations. Then, we presented the studies employing

popular encoding methods namely FV, VLAD and BoW in various domains. The

power of Fisher Vectors in various domains led us to explore the potential of the FV

encoding on local features obtained from fMRI data.

We reviewed studies performing multi-resolution analysis using fMRI data and the

suitability of wavelet transform for multi-resolution analysis of fMRI signal. We

deduced that since the brain processes information in distinct frequencies, multi-

resolution analysis of fMRI data is important. Then, we overviewed the crisp and

fuzzy ensembling methods applied for fMRI classification. We figured out that, fus-

ing the decisions of classifiers leads to better classification accuracy compared to the

decision of a single expert classifier. Finally, we surveyed the studies attacking gender

differences from fMRI data and machine learning studies performing gender classi-

fication using fMRI data. Our findings from literature encouraged us to discover the

potential of gender classification under multi-resolution and multi-task setting.
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CHAPTER 3

EXPERIMENTAL SETUP AND FMRI DATA COLLECTION

Hiding within those mounds of data is

knowledge that could change the life of

a patient, or change the world.

Atul Butte

In this chapter, we introduce the cognitive experiments and the preprocessing steps of

fMRI datasets employed in this thesis. Three sets of fMRI data are tested to evaluate

the proposed approaches. The first two datasets, namely, visual object recognition

and emotional memory retrieval experiments, are designed and recorded by our team,

in Middle East Technical University and Koc University. The third dataset is taken

from Human Connectome Project (HCP). In the following sections, we will explain

fMRI data collection and pre-processing steps in detail.

3.1 Visual Object Recognition Experiment

In this experiment, fMRI measurements were recorded while participants performed

a one-back repetition detection task. The stimuli consist of gray-scale images be-

longing to two categories, namely, birds and flowers. Each trial lasts for 12, 14 or 16

seconds containing stimulus presentation for 4 seconds, and a following rest period

of 8, 10 or 12 seconds. Scanning was performed on a Siemens 3T Magnetom TRIO

MRI system. Functional images were acquired using a gradient EPI sequence (TR =

2000 msec, TE = 30 msec, flip angle = 90◦ , 34 interleaved axial slices, voxel size =

3 mm × 3 mm × 3 mm with 0.3 mm interslice gap). Since our TR = 2 seconds, we
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Figure 3.1: Visual Object Recognition Experiment. Participant is presented with bird

or flower pictures. The participant is expected to indicate by pressing the button when

the current stimulus matches the one from previous step. In this example, second

and fifth pictures pointed with red arrows have the same categories (bird and flower,

respectively) with their predecessors.

obtain 6 measurements (scan volumes) for each trial.

This experiment consisted of 6 runs (sessions), and each run contains 36 trials. There-

fore, we obtained a total of 216 trials (each having 6 measurements corresponding

each time instant) for a single participant. A total of 1512 images were collected for

a single participant. We collected data from 5 participants.

3.2 Emotional Memory Retrieval (EMR) Experiment

In this experiment, the stimuli consist of two neutral (Kitchen utensils and furniture)

and two emotional (Fear and Disgust) categories of images. Each trial started with a

12 seconds fixation period followed by a 6 seconds encoding period. In the encoding

period, participants were presented with 5 images from the same category, each image

lasting 1200ms on the screen. Following the fifth image, a 12 seconds delay period
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was presented in which participants solved three math problems consisting of addition

or subtraction of two randomly selected two-digit numbers. Following the third math

problem, a 2 seconds retrieval period started in which participants were presented

with a test image from the same category, and indicated whether the image was a

member of the current study list or not. For a similar experimental setting, please

refer to [90].

This experiment consisted of 6 19-min runs and each run contains 35 trials. A total

of 210 trials and 3456 images were obtained for a single participant. Scanning was

performed on a Siemens 3T Magnetom TRIO MRI system. Functional images were

acquired using a gradient EPI sequence (TR = 2000 msec, TE = 30 msec, flip angle

= 90◦, 34 interleaved axial slices, voxel size = 3 mm × 3 mm × 3 mm with 0.3 mm

interslice gap). We collected data from 13 participants. We employed 6 measurements

(6 seconds of encoding and 6 seconds of following rest) of each trial for classification.

Notice that, we only employed the data obtained during the encoding phase.

3.3 Human Connectome Project (HCP) task fMRI Data

We use task fMRI data of Human Connectome Project (HCP) collected from 808

participants. During the experiments the participants performed seven tasks namely

Emotion Processing, Gambling, Language, Motor, Relational Processing, Social Cog-

nition, Working Memory (WM) [8].

We summarize the experimental design for each task below:

• Emotion: This task is a modified version of the emotion task employed in

Hariri et al. [58]. The participants are presented with blocks of trials that ask

them to decide either which of two faces presented at the bottom of the screen

match the face at the top of the screen (faces have fearful or angry expressions),

or which of two shapes presented at the bottom of the screen match the shape

at the top of the screen.

• Gambling: In this task, the participants play a card guessing game where they

are asked to guess the number on a mystery card (represented by a “?”) to win
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or lose money. Details of this experiment can be found in the study of Delgado

et al. [36].

• Language Processing: This task consists of two subtasks namely a story task

and math task. After the participants listen a brief story, they answer the ques-

tion by selecting either alternative answers in the story task. In math task,

they are presented a mathematical question and similarly they select the result

among two choices. For more details about the experiment, please refer to

Binder et al. [12].

• Motor: In this task, participants are instructed by a visual cue to move one of

five body parts (left or right finger, left or right toe, or tongue). For details,

please see Buckner et al. [20].

• Relational Processing: This task consists of relational processing and control

matching conditions. In the former one, participants are shown two pairs of

objects. First they decide whether the first pair differs in either the shape or

texture. Then they decide whether the second pair also differs in the same

dimension. In the latter one, participants are presented a pair of objects at top

of the screen, an object at the bottom of screen and a word (shape or texture) in

the middle. They first decide whether the pair differs in the dimension written

in the middle. Then they decide whether the object at the bottom has the same

dimension (shape or texture written in the middle) with either objects residing

at the top. More details can be found in Smith et al. [136].

• Social Processing: The participants are presented with video clips of objects

(squares, circles or triangles) either interacting in some way, or moving ran-

domly. They can choose among the following three alternative options: i) the

objects have a social interaction, ii) not sure and iii) the objects are moving

randomly. The movie clips were originally prepared by Castelli et al. [27] and

Wheatley et al. [153].

• Working Memory: In this task, participants are asked to complete two-back

working memory tasks and zero-back tasks with four different types of image

stimuli namely places, tools, faces or body parts (see Barch et al. [8]).
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Note that the number of scans and their duration vary for each task yet we obtain

equal duration for all participants (see Table 3.1). Although, there are total of 900

subjects in HCP task fMRI data release, 808 of them performed all of the 7 tasks.

Therefore, we use the data obtained from 808 participants, and we discard the data

obtained from the remaining participants.

In this experiment, we define supervoxels such that we average BOLD responses of

voxels residing in the same anatomical region, and denote each supervoxel with that

average time series. We use R = 90 anatomical regions of 116 AAL [144], after

removing anatomical regions of Cerebellum and Vermis. Therefore, in our experi-

ments, we have 90 supervoxels. Since our aim is to classify cognitive experiments

rather than cognitive states within an experiment, we work in coarser granularity.

Moreover, using this dataset, we perform inter-subject classification to see how well

our framework performs for multi-subject classification.

Table 3.1: Number of scans per session and its duration for each task (min:sec) for

HCP data.

Emotion Gambling Language Motor Relational Social WM

Scans 176 253 316 284 232 274 405

Duration 2:16 3:12 3:57 3:34 2:56 3:27 5:01

3.4 Preprocessing and Analysis of Neuroimaging Data

SPM8 toolbox is used for preprocessing and analysis of fMRI datasets1. Prepro-

cessing of images consists of (a) correction of slice acquisition timing across slices,

(b) realigning the images to the first volume in each fMRI run to correct for head

movement, (c) normalization of functional and anatomical images to a standard tem-

plate EPI provided by SPM2, and (d) smoothing images with a 6-mm full-width half-

maximum isotropic Gaussian kernel. Finally, we extract 116 Automated Anatomical

Labeling (AAL) regions [144] using Marsbar [17]. For the visual object recognition

and emotional memory retrieval datasets, General Linear Model is implemented to

find the distribution of active voxels across the anatomic regions. The active voxels in
1 http://www.fil.ion.ucl.ac.uk/spm/
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object recognition dataset are mostly located in occipital lobe, which is selected as the

region of interest (ROI) for this experiment. On the other hand, the active voxels in the

emotional memory retrieval dataset are scattered all over the brain regions. The most

discriminative voxels are, then, selected by t-test among all the voxels of this dataset.

We first split samples into two groups according to their class labels. Then, we com-

pute p-values for each voxel that reflects how the two groups are well-separated by

each voxel. For MAD analysis we select 800 voxels since almost 800 of them have

p < 0.005. For encoding experiments, we select 100 voxels with p < 0.001 to work

on a similar scale with HCP dataset. In both cases, we perform voxel selection repet-

itively for each training split of nested cross validation. Preprocessing details of HCP

dataset are explained in [52]. For HCP dataset, rather than selecting the active voxels,

we employ all of the 90 anatomical regions in the form of supervoxels, each of which

is represented by the average region time series. This is a widely-accepted approach

for the datasets, such as HCP, which consist of task experiments of long duration.
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CHAPTER 4

A NEW REPRESENTATION OF FMRI DATA AND ITS

ENCODING

Weak contacts in the brain have little

impact, despite being in the majority.

Thomas Mrsic-Flogel

In this chapter, we first focus on representing fMRI signals by a set of Mesh Arc

Descriptors (MADs). That procedure is based on constructing local meshes around

voxels or anatomical regions within a neighborhood and estimating the MADs rep-

resenting their relationship. Following MAD representation, we will explain how

we further encode MADs using state-of-the-art encoding methods including Fisher

Vectors (FV), Vector of Locally Aggregated Descriptors (VLAD and Bag of Words

(BoW).

4.1 Mesh Representation of fMRI Signal with Respect to Functional and Spa-

tial Neighborhoods

In this section, we propose a new approach to represent fMRI signals as a set of Mesh

Arc Descriptors [101]. The major motivation of this mesh representation follows

the observation that the strength of synaptic connections fundamentally determines

how neurons influence each other’s firing [31]. Although a neuron makes weak con-

nections with a large number of other neurons, it obtains its local excitation from

strong inputs provided by few neurons that give similar responses to the same stim-
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Figure 4.1: The flowchart of the proposed approach for obtaining local meshes and

classification of cognitive states.

uli. Therefore, there exist spatial and temporal relationships among neurons residing

within a locality, and the strength of these relationships determines the strength of

neural response. It is observed that, at a coarser level, voxel BOLD responses are

functionally and spatially correlated in pre-defined local structures, i.e. functional

and spatial neighborhoods. Therefore, we propose representations which reflect the

relationships in a locality.

The basic steps of the proposed method are summarized in Figure 4.1. In the first

step, we preprocess the fMRI measurements and obtain voxel intensity values. In

the second step, we select voxels or anatomic regions to reduce the redundancies and

noise in our dataset. Then, we define spatial and functional neighborhood systems,

and construct meshes, accordingly. Finally, we estimate arc weights of meshes, and

input them to train and test a classifier to label the cognitive states.

The local mesh representation of fMRI signal, proposed in this study, is constructed
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using a collection of nodes located within a neighborhood of each node, where nodes

can be voxels or anatomical regions. For this purpose, first we make a formal defini-

tion of node time series. Next, we define locality by defining spatial and functional

neighborhood systems. Then, we define local meshes and based on the neighborhood

we obtain two types of meshes namely, spatially and functionally local meshes. In the

following sub-sections, we provide the definitions of node time series, neighborhood

systems, local meshes and mesh network.

4.1.1 Node Time Series

In this study, we form meshes around nodes, where a node i can be either a voxel or

an anatomical region at different granularity levels.

Definition 1: Node Time Series: Let the time series, called BOLD signal, obtained

at each voxel v be represented by a function of time t with Xv(t). When we work at

voxel granularity level, nodes correspond to voxels and node time series is denoted

with Xi(t) = Xv(t). On the other hand, we obtain a representative region time series

Xr(t) for each anatomical region r by spatially averaging the time series of voxels

residing in that region using

Xr(t) =
1

Vr

∑
v∈r

Xv(t), (4.1)

where Vr denotes the number of voxels residing in region r. When we work in

anatomical region granularity, then nodes are regions and node time series Xi(t) =

Xr(t).

4.1.2 Neighborhood Systems

One of the most important contributions of this study is to construct a linear relation-

ship among the BOLD responses of voxels by employing "locality" properties of the

voxels. In order to achieve this goal, we define two types of neighborhood systems,

namely, spatial and functional neighborhoods. In the case of spatial neighborhood,

we compare 3-dimensional coordinates of voxels and in the functional case, we define

similarity measures to compare voxel time series.
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Definition 2: Spatial Neighborhood: For each node i, we define the spatial neigh-

borhood centered at i with a radius π by η(i, π) = {j ∈ N|d(i, j) < π} where N
denotes the set of nodes and d(i, j) denotes the Euclidean distance between the spatial

coordinates of nodes i and j in 3-dimensional space. If the number of nodes falling

in the radius is p, then we use ηspatp [i] to denote p spatial neighborhood of node i.

Definition 3: Functional Neighborhood: Recall that, Xi(t) denote the time series

of BOLD responses obtained from node i, which is recorded as the response of a

series of stimulus during the entire sequence of a cognitive experiment. In order

to find the functionally nearest neighbor of a node i, we compute similarity (sim)

between node time series Xi(t) and Xj(t) for all the node pairs i, j ∈ N . Then, we

select p-functionally nearest neighbors of a node as the nodes having p of the highest

similarity with i.

A functionally nearest neighbor of a node i is defined as:

ηfunc1 [i] = {j : sim(Xi(t), Xj(t)) ≥ sim(Xi(t), Xo(t)),∀o ∈ N}. (4.2)

Finally, p-functionally nearest neighbors of the node i is recursively defined as fol-

lows;

ηfuncp [i] = {j ∪ ηfuncp−1 [i] :

sim(Xi(t), Xj(t)) ≥ sim(Xi(t), Xo(t)),∀o ∈ ηfuncp−1 [i]′}, (4.3)

where ηfuncp−1 [i]′ is the set complement of ηfuncp−1 [i]. In our experiments, we employ

Pearson correlation, partial correlation and Granger causality as functional similarity

measures, since these measures are frequently used to compute pairwise similarities

between nodes in the literature.

Figure 4.2 shows examples of meshes formed within spatial and functional neighbor-

hood. Note that functionally p-nearest neighbors of a node may or may not be the

same as the spatially p-nearest neighbors. Practical evidence indicates that most of

the spatially close nodes are also functionally similar. However, some of the node

pairs are spatially far apart, yet they are functionally close to each other (see Figure

4.2b).
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(a) A spatially local mesh formed around a node.

(b) A functionally local mesh formed around a node.

Figure 4.2: A local mesh formed by (a) spatial neighbors and (b) functional neighbors

of a seed node. In both figures, the node denoted with yellow color at the center is the

seed node. In (a), red nodes denote the spatial neighbors of the yellow node within a

radius of 1 unit and blue nodes have
√

2 unit distance to yellow node. In (b), a mesh

is formed with functional neighbors around the seed node denoted with yellow color.

4.1.3 Construction of Local Meshes

Based upon the neighborhood systems introduced in the previous section, the con-

cept of locality is represented by a set of meshes defined over a sequence of brain

volumes. For this purpose, two types of meshes, namely, spatially and functionally

local meshes, are established.
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Figure 4.3: Design of a spatially local mesh for modeling the relationship among the

BOLD responses of nodes. (a) For simplicity, a seed node is depicted in an axial

slice at the center of a mesh (red) with its four spatially nearest neighbors (yellow).

Neighboring nodes are selected within a 3D brain volume. (b) fMRI time series are

recorded at each node, for each stimulus for bird and flower classes. (c) A local

mesh is computed using the responses obtained from a seed node xw,i and its four

nearest neighbors for window w. We also visualize node intensity values of a sample

response xw,j obtained from node j.

Both types of meshes are constructed around each node of the brain volume using a

predefined neighborhood system. Once we select the neighborhood system, we form

a local mesh around each node by connecting it to its neighboring nodes in a star

topology. The node located at the center of a mesh is called the seed node. Since

we form the meshes around all of the nodes in the brain volume, the meshes defined

over a neighborhood system may overlap. A seed node in a mesh may become a

neighboring node of a seed voxel in a different mesh.

The formal definition of local meshes are given below:

Definition 4: Local Meshes: For each node i in the brain volume, a local mesh is

defined as Mi = (Ni, Ei) where Ni = {i ∪ ηp[i]} represents a set of the nodes of

the mesh, and Ei = {eij : ∀j ∈ ηp[i]} is a set of arcs, called Mesh Arc Descriptors

(MADs) formed between the seed node i of the mesh and its p-nearest neighbors.
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Figure 4.4: Design of a functionally local mesh using the voxel time series. (a) A sam-

ple functional connectivity matrix formed using Pearson correlation. p-functionally

nearest neighbors of a voxel are denoted as the ones with the dark-to-light red colors.

(b) fMRI measurements are recorded for each stimulus for bird and flower classes.

(c) We depict a functional mesh formed around a seed voxel, in star topology. The

edge weights are computed by using the response obtained from a seed node xw,i and

the responses of its four functionally nearest neighbors, xw,j , xw,u, xw,y, xw,z, for

window w.

Notice that ηp corresponds to ηspatp if meshes are formed considering spatial neigh-

borhood, and corresponds to ηfuncp if the meshes are formed considering functional

neighborhood.

When the spatial neighbors are used to form meshes, we call them Spatially Local

Meshes (SLM) [104] (see Figure 4.3). On the other hand, when the nearest neigh-

bors are selected based on the similarity of voxel time series, we call the meshes

Functionally Local Meshes (FLM) [102] (see Figure 4.4).

For FLM, the same star topology is defined for all meshes with a fixed mesh size p.

On the other hand, for SLM, different nodes may have different number of neighbors

due to the definition of spatial neighborhood and topology of 3-dimensional locations

of nodes. In both cases, the nodes and the arcs formed between them in a mesh do

not change in a predefined time interval. However, the intensity values measured for

each entry of the time-series representing the BOLD response, change in time. Since
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we estimate a set of arc weights for each cognitive stimulus, they remain the same for

the duration of a stimulus and only change across the stimuli.

Once we define a mesh around each node, we address the problem of estimating the

arc weights. The proposed arc estimation method is explained next.

4.1.4 Estimation of Mesh Arc Descriptors (MADs)

Suppose that we record the BOLD response at a node i given to a stimulus within

a window w in order to measure the brain activation for a predefined cognitive state

with label c. We denote the intensity values of the BOLD response measured at a

node i within window w by the vector xw,i = [xw,i(t)]
Dw
t=1. For each window, we

record Dw measurements.

We form meshes around nodes for each window. For a window, we denote the esti-

mated weight of an arc between seed node of a mesh i and a neighboring voxel j by

aw,i,j . We estimate the arc weights, called Mesh Arc Descriptors (MADs) for both

spatially and functionally local meshes in the same way. When we concatenate the

BOLD responses of all stimuli, we obtain a vector Xi(t) = [xw,i]∀w of BOLD re-

sponses measured from a node i for all windows of training samples. Recall that, we

employ Xi(t) to select functional neighbors using similarity measures.

We represent a mesh formed among the BOLD response of a seed node i of the mesh,

and the BOLD responses of its p-nearest neighbors for a window w as:

x̂w,i =
∑
j∈ηp[i]

aw,i,j xw,j , (4.4)

where x̂w,i denotes the estimated BOLD response vector of node i for window w.

We estimate the arc weights of a mesh formed around a node i for a window w by

minimizing the regularized linear model error as follows:

min
aw,i,j

(
||x̂w,i − xw,i||2 + λ ||aw,i,j||2

)
, (4.5)

where λ ∈ R denotes regularization parameter.

When we perform within-subject classification with event related datasets, number

of measurements recorded for each stimulus presentation is very small. Therefore,
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selecting functional neighbors separately for each sample by computing correlations

with small windows would not yield meaningful results. In such cases, we select the

functional neighbors for each node using the measurements recorded from the par-

ticipant during the entire course of the experiment. Since the neighboring nodes are

the same for all windows, we compute a MAD vector aw,i = [aw,i,1, aw,i,2, . . . , aw,i,p]

using ridge regression as

aw,i = (QT
w,iQw,i + λI)−1QT

w,ixw,i, (4.6)

whereQw,i is aDw×pmatrix consisting of BOLD responses obtained from p-nearest

neighbors of a seed node i for window w such that

Qw,i = [xw,j ], ∀j ∈ ηp[i]. (4.7)

When the number of measurements per each stimulus or task are long enough to

compute correlation, we select the functional neighbors separately for each task or

stimulus. In such cases, for each aw,i, we allocate a MAD vector of size 1 × N ,

where N is the number of nodes, and fill the corresponding entries with the mesh arc

descriptors aw,i,j . In other words, aw,i(j) = aw,i,j if j ∈ ηp[i] and aw,i(j) = 0 if

j /∈ ηp[i].

4.1.5 Classification of Cognitive States using Mesh Networks

Definition 5: Mesh Network: The mesh defined in (4.4) is solved for each node

i with its neighbors, separately. In other words, we obtain an independent local

mesh around each node, i. After we estimate all of the mesh arc descriptors, Ew =

{aw,i,j}Ni,j=1, we represent the connectivity graph, Gw = {V, Ew}, as an ensemble of

all local meshes. Thus, we call Gw = {V, Ew} a mesh network. Note that, mesh

network is directed, since the relationship between two nodes i and j differs based

on the seed node. In other words, aw,i,j 6= aw,j,i since i is the seed node used in the

former representation, and j is the seed node used in the latter one.

The representation power of the proposed mesh network is analyzed in the fMRI

recordings during a number of brain decoding tasks. The major question is then how

well a cognitive state can be represented by MADs. The answer to this question can
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be partly observed from the performance of the classifier trained with MADs of mesh

network.

Recall that for each cognitive stimulus or task, we record a sequence of brain volumes

obtained for a time window. We estimate MADs for each window w, where w covers

the BOLD responses obtained for each stimulus for visual recognition and emotional

memory retrieval experiments. For HCP dataset, window w covers the number of

scans of a cognitive task, where number of scans per session can be found in Table

3.1. Each stimulus or task is associated with a label c. Finally, each sample in the

dataset is represented by a vector with the entries of the estimated MADs in the input

space of a classifier.

Formally speaking, for each window w with label c, the arc descriptors aw,i are used

to construct a feature vector Fw = [aw,1,aw,2, . . . ,aw,N ] by concatenating all MAD

vectors, where N denotes the total number of nodes in a brain volume. We employ

Fw features to train and test classifiers.

4.2 Generation of Brain Connectivity Dictionary and Encoding of Mesh Arc

Descriptors

Encoding methods aim to summarize a number of local feature descriptors in vecto-

rial statistics. They are based on generating a dictionary containing codewords, each

of which represent the frequently observed descriptors in the dataset. These methods

allow us to obtain a representation in terms of the distances of the local descrip-

tors to the codewords or the number of occurrences of local descriptors assigned to

these codewords. Following the success of summarization of local information using

encoding methods in various domains, we propose to encode our local mesh arc de-

scriptors using a number of encoding methods namely, Fisher Vectors (FV), Vector

of Locally Aggregated Descriptors (VLAD) and Bag-of-Words (BoW).

In this section, we introduce our framework to encode MADs [41]. After we esti-

mate MADs to represent the local connectivity patterns of cognitive tasks, we change

the MAD space using Principal Component Analysis (PCA) and Independent Com-

ponent Analysis (ICA). Then, we fit GMMs to the set of MADs and cluster MADs

34



...
...

...
...

...

GMM or k-means FV, VLAD or BoW
encoding

Mesh Arc Descriptors (MADs)
estimated for all regions

Meshes formed around 
all anatomical regions

PCA

            (a) (b)      (c)             (d)         (e)

ICA

Figure 4.5: An overview of our proposed framework which is employed to encode

MADs. (a) For each cognitive task, we first form local meshes around all anatomical

regions using their functionally nearest neighbors (In the figure, we represent only five

representative meshes). (b) Next, we estimate the mesh arc descriptors (MADs) for

all tasks of all subjects. (c) We apply PCA or ICA on mesh arc descriptors obtained

from training dataset to decorrelate them. (d) Then, we employ GMMs and k-means

clustering methods on the descriptors using training dataset and find codewords of

our dictionary. (e) Finally, we obtain FV, VLAD and BoW encoding for each task of

training and test datasets.

using k-means clustering method. Centers of Gaussians in the mixture model or clus-

ter centroids correspond to the codewords of our brain connectivity dictionary. Fi-

nally, we encode MADs using Fisher Vectors (FV) by employing their distance to the

centers of GMMs, and using Vector of Locally Aggregated Descriptors (VLAD) and

Bag of Words (BoW) by employing their distance to cluster centroids. The encoded

MADs are used to train an SVM classifier for cognitive task classification. Figure 4.5

represents the steps of our encoding framework.

For simplicity, while encoding MADs, we remove window w subscript of aw,i in

(4.6) and represent MAD vector as ai = [ai,1, ai,2, . . . , ai,N ] of size 1 × N , for each

cognitive task.

35



4.2.1 Fisher Vector (FV) Encoding

Given a set of vectors, FV method encodes deviation of distribution of the vectors

from a dictionary, which is typically described by a diagonal Gaussian mixture model

(GMM) [26]. In the proposed framework, our vectors are MADs obtained from fMRI

data. We obtain a brain connectivity dictionary of MADs by modeling the features us-

ing a GMM. In order to satisfy the assumption of diagonal covariance matrix of GMM

and obtain linearly uncorrelated features, we apply PCA to MADs. For simplicity, we

use the same notation for MADs at the output of PCA, such that ai represents the pro-

jection of a MADs in a D-dimensional space.

Formally speaking, let A = {ai ∈ RD}Ni=1 denote a set of D-dimensional MADs

which are obtained from a single task of a single subject, and are sampled from the

set of all MADs, A. Also, let uk be the kth component of GMM, which models the

generative process for elements belonging to A (∀a ∈ A). We denote the parameter

set of all uk’s by β = {ωk,µk,Σk}Kk=1, where ωk, µk and Σk are the mixture weight,

mean vector and covariance matrix of the kth Gaussian, respectively. We compute

the mixture uβ by uβ(a) =
K∑
k=1

ωkuk(a), where uk(a) denotes the kth Gaussian in the

mixture, and represented by

uk(a) =
1

(2π)D/2|Σk|1/2
exp

(
− 1

2
(a− µk)TΣ−1k (a− µk)

)
. (4.8)

We estimate the parameters of GMM on a training set of MADs using Expectation

Maximization (EM) algorithm [50]. We assume that diagonal covariance matrices

are identified by σ2
k which denotes a vector of the diagonal entries of Σ2

k. Then, we

compute the derivatives of log-likelihood of GMM with respect to the parameters

usingGA
β = N−1

N∑
i=1

∇β log uβ(ai).

The derivatives are only taken with respect to Gaussian means and variances, since

the gradients computed with respect to the weight parameters, ωi, provide less infor-

mation [116]. Therefore, we obtain a representation that captures the average first

and second order differences between MADs and each of the GMM centers. D-

dimensional gradients obtained in [115] are as follows:

GA
µk

=
1

N
√
ωk

N∑
i=1

γi(k)

(
ai − µk
σk

)
(4.9)
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and

GA
σk

=
1

N
√

2ωk

N∑
i=1

γi(k)

[
(ai − µk)2

σ2
k

− 1

]
, (4.10)

where γi(k) represents the soft assignment of the MAD vector ai to the kth Gaussian,

and is defined by

γi(k) =
ωkuk(ai)
K∑
ι=1

ωιuι(ai)

. (4.11)

A Fisher vector GA
β is obtained by concatenating the gradients under a vector of

size 2KDGA
β =

[
GA
µ1
,GA

σ1
,GA

µ2
,GA

σ2
, . . . ,GA

µK
,GA

σK

]
. We obtain Fisher Vectors for

both training and test data. In order to obtain better accuracy, we further apply l2

normalization and square-root transformation on FVs as suggested in [126].

4.2.2 Vector of Locally Aggregated Descriptors (VLAD)

VLAD encodes a set of descriptors into a dictionary, which is computed by k-means

clustering method. In the proposed framework, we first perform k-means clustering

of MADs on the training data. Hence, the cluster centroids {µk}Kk=1 correspond to our

codewords of brain connectivity dictionary. Then, we associate each MAD ai to its

nearest codewordNN(ai) in the dictionary, such thatNN(ai) = argmin
µk

‖ai−µk‖2,

where ‖ · ‖2 is the Euclidean norm.

Recall from the previous subsection that, A = {ai}Ni=1 represents the set of D-

dimensional MADs belonging to a single task of a single subject, each of which is

sampled from A that contains all MADs belonging to all tasks of all subjects. For each

codeword µk, we compute the sum of the differences, (ai − µk), of the descriptors

ai, which are assigned to the kth cluster by

vAk =
∑

ai:NN(ai)=µk

(ai − µk). (4.12)

We concatenate the D-dimensional vectors vAk for all clusters, and obtain a KD di-

mensional VLAD encoding VA = [vA1 ,v
A
2 , . . . ,v

A
K ]. Note that, we obtain VLAD

encoding for each A, computed using training and test data.
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4.2.3 Bag-of-Words (BoW)

We also encode MADs using the BoW approach, where the words correspond to a

set of selected MADs. We first cluster MADs obtained from training data using a

k-means clustering method. Then, for each A, we compute the number of MADs, bAk ,

belonging to the kth cluster. Finally, we represent each sample by a K-dimensional

vector such thatBA = [bA1 , b
A
2 , . . . , b

A
K ].

4.3 Chapter Summary

In this chapter, we first formally defined node time series, spatial and functional

neighborhood of a node and local meshes. In this study, nodes can be either voxels

or anatomical regions. Spatial neighbors of a node are selected based on Euclidean

distance while functional neighbors of a node are selected based on correlation. After

we identified spatial and functional neighbors of a seed node, we formed spatially

and functionally local meshes around it. We represented the seed node as a weighted

combination of its neighboring nodes and estimate the arc weights of the mesh, called

Mesh Arc Descriptors, using ridge regression. Finally, we concatenated MADs ob-

tained for all nodes to represent a cognitive state and use these representations to train

and test classifiers.

After obtaining MADs, we further encoded them using Fisher Vectors, Vector of

Locally Aggregated Descriptors and Bag-of-Words methods. First, we decorrelated

columns of MADs using PCA or ICA. After that, we fitted GMM to MADs and

cluster MADs using k-means clustering method. We encoded MADs using FV by

computing their distances to centers of GMMs. Moreover, we encoded MADs using

VLAD and BoW by computing their distances to the cluster centroids.
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CHAPTER 5

HIERARCHICAL MULTI-RESOLUTION MESH NETWORKS

(HMMNS)

The many (hoi polloi), of whom none is

individually an excellent (spoudaios)

man, nevertheless can, when joined

together, be better than those [the

excellent few].

Aristotle, Politics

The major goal of the suggested HMMNs model is to represent a cognitive state of

human brain by a set of coarse-to-fine brain networks, each of which is expected to

signify complementing information about the underlying brain activities [103]. This

model enables us to study the activities and interactions of brain regions in multiple

resolutions. HMMNs also enable us to boost the brain decoding performance due to

the fusion of diverse connectivity structures represented in mesh networks.

In the following sections, first we explain the multi-resolution representation of fMRI

data. Next, we represent each cognitive task by a set of multi-resolution brain net-

works. Then, we analyze the network topology of multi-resolution brain networks

using connectivity measures including node degree, node strength, node betweenness

centrality and global efficiency. After that, we explain a hierarchical learning archi-

tecture, called fuzzy stacked generalization (FSG), which fuses the brain networks,

obtained in different resolution for brain decoding. Finally, we form a 2-level archi-

tecture, in which we employ FSG to fuse information obtained from multi-resolution

and multi-task networks at each level for gender classification.
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5.1 Multi-resolution Representation of fMRI Signals

The first step for construction of the proposed HMMNs is to decompose the fMRI

recordings into a set of signals in different time resolutions. The multi-resolution

representation of fMRI data enables us to estimate and analyze the time scale(s) in

which the anatomical regions process a particular information [120, 141, 72, 71].

Discrete Wavelet Transform (DWT) is preferred for multi-resolution analysis of fMRI

data due to its decorrelating property [43] and adaptivity to non-stationary features of

fMRI signals [21].

In this chapter, node defined in Section 4.1 correspond to anatomical region. The

average signal Xi(t) obtained for each anatomical region in (4.1), represents the in-

formation processed in node i. As the next step, we decompose all the representative

signals, Xi(t), for i = 1, 2, . . . , N , into a set of signals using subband coding along

the temporal dimension to analyze the regional brain activities at different resolu-

tions. In multi-resolution analysis step of HMMNs, shown in Figure 5.1, we define

the mother wavelet by,

Ψl,q(t) =
1√
2l

Ψ

(
t− 2lq

2l

)
,∀t = 1, 2, . . . , T, (5.1)

where
∫
ψ(t)dt = 0, ∀l = 1, 2, . . . L and ∀q = 1, 2, . . . ,Q. Similarly, we define the

father wavelet that satisfies
∫
φ(t)dt = 1 by

Φl,k(t) =
1√
2l

Φ

(
t− 2lq

2l

)
,∀t, l, q. (5.2)

There are a total of L decomposition levels, where l = 1, 2, . . . , L. Also, q represents

the location to which the wavelet is translated in time, where q = 1, 2, . . . ,Q. The

value of Q changes for each l such that Q = T/2l, and T denotes the duration of the

signal, recorded during a cognitive task. Note that each high or low frequency sub-

band is spanned by translated versions of a single mother wavelet or father wavelet,

respectively.

We apply discrete wavelet transform (DWT) to the average fMRI signal Xi(t) ob-

tained from node i to decompose the signal into two sets of orthogonal components,

namely, a set of approximation coefficients A = {αr,l,q}, and a set of detail coef-

ficients D = {δr,l,q}. While the detail coefficients represent the information about
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Figure 5.1: Overview of the proposed hierarchical framework (HMMNs). A random

seed region and its three functionally nearest neighbors (with smaller sizes) are de-

noted on the template brain. In the multi-resolution analysis step, the average fMRI

signal of each region is decomposed into a set of coarse-to-fine signals. Then, meshes

are formed around each seed region for all subbands, and mesh arc descriptors are es-

timated. Finally, the estimated arc descriptors of the meshes are ensembled under a

network structure and fed as an input to the hierarchical ensemble learning architec-

ture, called, FSG, where the final decision is computed by a meta-layer classifier.

variation in the data at a given scale, the approximation coefficients contain the resid-

ual of the signal after the information in the provided scale and all finer scales are

removed [21]. Then, we can recover the original signal Xi(t) obtained from region r

by

Xi(t) =
∑
q

αr,l,qΦl,q(t) +
∑
l′≤l

∑
q

δr,l′,qΨl′,q(t). (5.3)

As it can be seen from (5.3), we can recover the original signal by first multiplying the

father wavelet with the approximation coefficient at a particular decomposition level

l, and then adding them to the multiplication of mother wavelet and detail coefficients

of all levels greater than or equal to this particular level, ∀l′ ≤ l.
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We can also reconstruct only the approximation or detail parts of the signal at a de-

composition level. For example, if we decompose the signal in the first level, then

we can reconstruct the approximation, A1, and detail, D1, parts using inverse dis-

crete wavelet transform. If we continue decomposing the approximation part A1 one

more level, then, we obtain the second level approximation A2 and detail D2 parts.

Therefore, for a given signal, we can obtain various signal components, each of which

contains the information about components of the signal in different time resolutions.

Formally speaking, let s ∈ S = {0, 1, . . . , 2L} be the index of the entries of the

ordered set of subbands {A0, A1, . . . , AL, D1, . . . , DL}. Then, we can reconstruct

a particular approximation or detail part of a signal using approximation and detail

coefficients, respectively, as follows:

xs,i(t) =


Xi(t), if s = 0∑

q αi,s,qΦs,q(t), if 1 ≤ s ≤ L∑
q δi,s−L+1,qΨs−L+1,q(t), if s > L

(5.4)

Notice from (5.4) that s = 0 already corresponds to the original signal. Subbands that

correspond to s ∈ [1, L] are approximation parts of the signal, and we reconstruct

them using only the approximation coefficients. Finally, subbands that correspond

to s ∈ [L + 1, 2L] are detail parts of signals, which are reconstructed using detail

coefficients.

In the fMRI data acquisition experiments, we decompose the signals obtained during

each task separately for each participant. Since the minimum number of measure-

ments is recorded during Emotion experiment and equals to 176, decomposition of

signals into more than 6 levels is not possible. Therefore, we use L = 6 in this study.

For each level, we decompose a representative signal into l+1 dyadic frequency sub-

bands, and reconstruct l + 1 signals that contain a single approximation part Al and

detail parts of that level and finer levels {D1, . . . , Dl}. We use cubic Battle-Lemarie

wavelets shown in Figure 5.2, which are frequently used in wavelet analysis of fMRI

signals [119, 120].
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Figure 5.2: Cubic Battle-Lemarie filters (Father wavelet (Φ) on the left and mother

wavelet (Ψ) on the right)

5.2 Estimation of Multi-resolution Mesh Arc Descriptors

In this section, since anatomical regions are not in a regular grid, we do not form

meshes in spatial neighborhood. Instead, we form meshes only in a functional neigh-

borhood of each anatomic region. Each region is connected to its p-nearest neigh-

boring nodes to form a star mesh in its functional neighborhood as shown in Figure

5.3. The neighboring regions of each anatomic region are the ones having p-largest

Pearson correlation with that region. We represent the BOLD response of a seed re-

gion xs,w,i of the mesh, as weighted linear combination of the BOLD responses of

its p-nearest neighbors for the wth window at the sth subband as:

x̂s,w,i =
∑
j∈ηp[i]

as,w,i,j xs,w,j , (5.5)

where x̂s,w,i is the estimated response for node i, for the sth subband and for the

wth window. For each mesh formed around a node i, we estimate the arc descriptors

minimizing the following cost function for each local mesh formed around node i

with respect to {as,w,i,j}∀s, w, i, j;

min
as,w,i,j

(
||x̂s,w,i − xs,w,i||2 + λ ||as,w,i,j||2

)
, (5.6)

where λ is the regularization parameter. In (5.5), xs,w,i is a vector that represents the

time series of node i for the sth subband and for the wth window.
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Figure 5.3: A sample mesh formed around an anatomical region iwith its three neigh-

boring regions j, y and z for subband s and window w. We represent xs,w,i as a

weighted linear combination of xs,w,j , xs,w,y and xs,w,z. We estimate mesh arc

descriptors as,w,i,j , as,w,i,y and as,w,i,z using ridge regression and represent the corre-

sponding mesh in terms of these descriptors. We form meshes around all anatomical

regions and the set of meshes form a mesh network for subband s and window w.

We form meshes around each node i with its neighbors separately. Following the esti-

mation of all of the mesh arc descriptors, Es,w = {as,w,i,j}Ni,j=1, we represent the mesh

network, formed for each windoww and each subband s (Gs,w = {V, Es,w : ∀s ∈ S}),
as an ensemble of all local meshes. Note that, mesh network is directed, since the re-

lationship between two nodes i and j differ based on the seed node. In other words,

as,w,i,j 6= as,w,j,i since i is the seed node used in the former representation, and j is

the seed node used in the latter one.

Mesh networks are estimated for both original fMRI signal, and its approximation

and detail parts of different resolutions. In other words, we form 2L+1 distinct mesh

networks for the frequency subbands {A0, A1, A2, . . . , AL, D1, D2, . . . , DL}. Recall

that, in our dataset, we use L = 6, and l = 0 corresponds to the raw fMRI signal.
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5.3 Network Topology and Connectivity Analysis of HMMNs

In this sub-section, we analyze the network properties of the proposed HMMNs, in

different resolutions. Recall that the mesh networks defined by an ensemble of local

meshes are weighted and directed. We compute graph connectivity measures, namely,

node degree, node strength and node betweenness centrality and global efficiency

using Brain Connectivity Toolbox [123]. Note that, for simplicity, we do not include

subband s and window w subscripts in the definitions given in this section.

5.3.1 Connectivity Analysis by Degree of Nodes of Mesh Network

Degree of a node of a mesh network represents the number of links connected to a

node. While in-degree is the number of inward links, out-degree is the number of

outward links. In this study, we select the number of nearest neighbors as p = 40, i.e.

in-degree equals to 40 for each node. Yet, we wish to explore the nodes (anatomic

regions) in a mesh network, which are connected to many nodes through the outgoing

mesh arc descriptors. In order to analyze this property, we compute the out-degree

distribution of nodes.

In order to formally define degree of a node, first we define the function adj(i, j) as

follows:

adj(i, j) =

0, if j /∈ ηp[i]

1, otherwise
(5.7)

After that, we define in-degrees (degin) and out-degrees (degout) of node i in mesh

network G by

degin(i) =
∑
∀j

adj(i, j) (5.8)

and,

degout(i) =
∑
∀j

adj(j, i). (5.9)

Note that, while computing in-degrees of node i in mesh network G, we sum the

number of edges connected to node i where node i is the seed node of the mesh.

On the other hand, while computing out-degrees of node i in mesh network G, we
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sum the number of edges connected to node i where node i is a neighboring node of

meshes.

5.3.2 Connectivity Analysis by Strength of Nodes of Mesh Network

Strength of a node in mesh network represents the sum of the arc descriptors con-

nected to a node where node out-strength is the sum of arc descriptors of outward

links. In this subsection, we compute the node out-strengths for each node and for

each subband. Then, we overlay them on a brain template.

We formally define out-strength (strout) of a node i in mesh network G as follows:

strout(i, j) =
∑
∀j

aj,i, (5.10)

where, aj,i represents the arc descriptor between seed node j and its neighboring node

i. Recall that, if nodes i and j are not neighbors, then aj,i = 0.

5.3.3 Connectivity Analysis by Betweenness Centrality of Nodes of Mesh Net-

work

Betweenness centrality of a node of mesh network represents how central a node is

by considering the fraction of all shortest paths containing that node. In other words,

nodes with large betweenness centrality take part in large number of shortest paths.

Nodes with large betweenness centrality are candidates to be hubs, and expected to

be vital for the flow of information through network [141].

Formally speaking, let SPyz = (v1, v2, . . . , vn) denote the shortest path defined be-

tween node y and node z such that vi and vi+1 are adjacent. We can find SPyz =

(v1, v2, . . . , vn), where v1 = y and vn = z by minimizing
∑n−1

i=1 avi,vi+1
. Recall that,

avi,vi+1
represents MAD formed between node vi and node vi+1.

We can formally define betweenness centrality of a node i as follows:

bc(i) =
∑
y 6=i 6=z

N sh
yz (i)

N sh
yz

, (5.11)
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where N sh
yz represents the number of shortest paths formed between nodes y and z

(SPyz) and N sh
yz (i) represents the number of shortest paths formed between nodes y

and z that pass through node i.

5.3.4 Connectivity Analysis by Global Efficiency

Global efficiency measures how efficiently a network exchanges information [82]. It

is a measure that quantifies small-world property of a network, and it is calculated as

the average inverse shortest path length in a network. We define the global efficiency

(globef ) of our mesh network as follows:

globef =
1

N

∑
∀i∈N

∑
j∈N ,j 6=i d

sh
ij

n− 1
, (5.12)

where dshij represents the length of the shortest path between nodes i and j (SPij).

If nodes are disconnected, then the shortest path between them has an infinite length,

leading to zero efficiency [123]. In this study, we analyze how global efficiency differs

for each task and for each subband.

5.4 Multi-resolution Mesh Networks for Cognitive State Classification

In this section, first, we obtain graph embedding of multi-resolution mesh networks

by concatenating the entries of adjacency matrix of MADs under a vector. Then,

we employ the embeddings obtained for a number of subbands to train and test dif-

ferent classifiers. We fuse the decisions of classifiers, trained with MAD vectors of

multi-resolution mesh networks for cognitive state classification. We also analyze the

significance of meta-layer features (class membership values obtained at the output of

base-layer classifiers) and base-layer features (MADs of multi-resolution mesh net-

works) obtained from two layers of FSG architecture. Finally, we explore whether

the classifiers trained with multi-resolution mesh networks are diverse by applying a

number of classifier diversity measures.
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5.4.1 Graph Embedding of Multi-resolution Mesh Networks

To this end, we form a mesh network for each task experiment, as ensemble of local

meshes and estimate mesh arc descriptors at each subband. Then, we concatenate the

estimated MADs under a structured feature matrix to form the adjacency matrix of

the mesh network at each subband.

We cannot perform multi-resolution analysis on visual object recognition and emo-

tional memory retrieval datasets since their experiments are event-related and only

a few measurements are collected during each stimulus presentation. In that case,

window length is very short and we cannot decompose the fMRI signals into multi-

ple subbands. Instead, we construct multi-resolution mesh networks for HCP dataset.

Therefore, each window covers a task experiment, whose number of measurements

are given in Table 3.1.

For each window, we form a set of multi-resolution mesh networks whose arc descrip-

tors remain the same during the experiment. Recall that, arc descriptors represent the

relationship between seed region and its functionally nearest neighbors. Given a win-

dow w corresponding to a cognitive task, if two nodes i and j of the mesh network G

are not neighbors, then as,w,i,j = 0,∀s, for that window.

We form an adjacency matrix of size N × N for mesh network G using the esti-

mated arc descriptors (∀i,jas,w,i,j), where N denotes the total number of nodes in

mesh network G. By concatenating the arc descriptors under a vector of size 1×N2,

we embed the mesh network for a window w at subband s, by the feature vector

Fs,w = [as,w,i,j]
N
i,j=1.

Note that, we compute a graph embedding vector Fs,w for each task experiment

recorded in time window w obtained from a subject in the dataset. When we con-

catenate all feature vectors, we obtain a feature matrix Fs = [Fs,w]∀w, for the sth

subband. We assign a class label c ∈ [1, 7] to each mesh network G extracted from

the window w covering the task experiment. Therefore, each mesh network is associ-

ated with a class label.
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5.4.2 Fusion of Multi-resolution Brain Networks under a Hierarchical Ensem-

ble Learning Architecture

One of the major problems of representing the cognitive tasks by multi-resolution

mesh networks is the increased complexity of the analysis and decoding of the under-

lying task. Furthermore, the estimated arc descriptors in different resolutions should

complement each other in some way, so that fusion process boosts the performance

of the decoding task. In this study, we propose to use a fast and efficient ensemble

learning method for fusion of the mesh networks obtained in multiple resolution by

adapting a state-of-the-art ensemble learning method, called fuzzy stacked general-

ization (FSG), which was shown to perform better than various classifiers for MVPA

[109]. We propose a two-phase approach to employ the basic structure of FSG in our

proposed framework as follows (see Figure 5.1):

First, we train an individual classifier, such as logistic regression using the mesh arc

descriptors obtained for each subband s at the base-layer of an FSG. The dataset is

partitioned into κ-folds, where κ − 1 of them is used for training and the κth fold is

used to test the classifiers. Then, we validate classification (decision) hypothesis of

each classifier using the samples belonging to the κth chunk of the data. Each classi-

fier outputs an estimate of the posterior probabilities of a mesh network belonging to

a particular cognitive task. We put the posterior probabilities in a membership vector

of size 1×C for all tasks, where C is the number of classes. Thereby, each base layer

classifier maps N2 dimensional MAD feature vectors obtained from each subband to

a C dimensional decision space. Recall from Table 3.1 that, the number of cognitive

tasks in HCP dataset is 7 (C = 7). This mapping trains the base layer classifiers to

become experts for capturing diverse connectivity properties of fMRI data signified

in different subbands. Note that, we perform κ-fold cross validation on the training

dataset to obtain class membership vectors for all chunks of training dataset.

Next, we compute class membership vectors of test samples using decisions of the

trained classifiers for test data. At the meta-layer, we obtain a membership vector of

size 1 × CE for each sample, by concatenating membership vectors obtained from

all base-layer classifiers, where E is the number of classifiers (i.e., number of the

subbands used to train base-layer classifiers).
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Then, we train and test meta-layer classifier using the concatenated membership vec-

tors of the training and test data, respectively. In the experiments, we provide classi-

fication results using Support Vector Machines (SVM) classifiers with linear kernels

at the meta-layer. E is varied by selecting various combinations of subbands to see

the effect of approximation and detail parts on the classification performance.

Note that, fusion of the collaboratively trained expert classifiers are shown to provide

higher performance than the majority voting methods in [109]. In the experimental

analyses (Section 6.3), we will examine this observation using the proposed frame-

work, and compare the results with state-of-the-art majority voting methods for fMRI

data analysis.

5.4.3 Significance of Meta-layer Features Representing Class Membership Val-

ues Obtained from Classifiers Trained with Multi-resolution Mesh Net-

works

Which meta-layer features can discriminate specific cognitive tasks from others? In

order to answer this question, we investigate the the discriminative properties of meta-

layer features (class membership values) in different subbands.

Recall that, each base-layer classifier of FSG assigns a class membership vector to a

mesh network extracted from a different subband of fMRI signal, recorded under a

cognitive stimulus. Therefore, our meta-layer features are class membership values

for each mesh network, representing a cognitive task at a specific resolution. We

estimate the significance of class membership values using absolute value two-sample

t-test with pooled variance estimate [137]. First, we concatenate the class membership

vectors obtained at the output of base-layer classifiers under a feature matrix. Then,

we divide the feature matrix into two groups, where the first group contains the tasks

belonging to a specific task category c and the second group contains the remaining

tasks. Then, we compute t-test and obtain z value for each class membership entry as

explained in Algorithm 1. Notice that, class membership with larger value of z is the

one that rejects the null hypothesis that two groups come from the same distribution

with more confidence.
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Algorithm 1 Finding significance of class membership values using absolute value

two-sample t-test with pooled variance estimate
Require: Feature matrix of class membership valuesM for all tasks (∀q)
Require: Class label vector C of all tasks (∀q)
Ensure: Cell array T containing zc values, for all classes (∀c) such that T {c} = zc

1: for c = 1→ 7 do

2: groupinds← (C == c)

3: nongroupinds← (C ∼= c)

4: n1 ← number of tasks with class label c

5: n0 ← number of tasks with class label other than c

6: m1 ←Mgroupinds

7: m0 ←Mnongroupinds

8: zc ← µ(m1)−µ(m0)√
σ(m1)
n1
−σ(m0)

n0

where µ(.) denotes mean σ(.) denotes standard deviation.

9: T {c} ← zc

10: end for

5.4.4 Significance of Base-layer Features Representing Connectivity Among

Anatomical Regions

The proposed multi-resolution mesh network models the multiple connectivity among

the anatomic regions at each subband. The mesh arc descriptors estimated during a

cognitive task indicate the degree of connectivity among the anatomic regions. In or-

der to observe the strongly connected anatomic regions for a particular cognitive task,

we measure the significance of connectivity with respect to tasks. For this purpose,

we identify the mesh arc descriptors that discriminate a specific task from others and

analyze the relationship among the anatomical regions connected by these mesh arcs.

We measure the significance of mesh arc descriptors using absolute value two-sample

t-test with pooled variance estimate. We divide the feature matrix formed by mesh

arc descriptors into two groups, where the first group contains the tasks belonging to

a specific task category c and the second group contains the remaining tasks. Then,

we compute t-test and obtain a z-value for each mesh arc descriptor. We take the best

20 mesh arc descriptors with maximum z-values and we identify the ones that are
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significant to discriminate only a specific class from others in this set. Note that, we

identify these mesh arc descriptors separately for each task and each subband. We

select the number as 20 to make sure that for all of the 7 tasks we obtain MADs,

which are significant to discriminate only a specific class from others.

5.4.5 Diversity of Base-layer Classifiers

The major assumption of this study is that each subband encodes different informa-

tion which completes each other. If this assumption is valid, we expect a boost in the

brain decoding performances when all the subbands are fused in an ensemble learn-

ing architecture. The validity of this assumption is demonstrated in the next section.

Then, the next question is that what is the degree of information diversity embedded

at each subband? In order to analyze diversity, we measure the degree of collabora-

tion and cooperation among the base-layer classifiers trained with the mesh networks

of different subbands. We compute popular diversity measures, suggested in Diver-

sity Toolbox [79]. We analyze the relationship between the state-of-the-art diversity

measures and classification accuracy of the proposed HMMN framework.

Recall that, each base-layer classifier outputs a membership value for a mesh network

to belong to one of the c task categories. While measuring the diversity of classifiers,

we use the oracle outputs which assign correct/incorrect decision of classifiers. If

the membership value is greater than 0.5, then we assume that the input mesh net-

work is generated by this class and assign 1 to the output. Otherwise, the value of

the output is 0. The collaboration among the base-layer classifiers are quantified by

both pairwise and non-pairwise diversity measures. Pairwise measures include the

double-fault measure (DF), the correlation coefficient (Mean ρ); and non-pairwise

measures include coincident failure diversity (CFD), generalized diversity (GD) and

the measure of difficulty (θ) [79], which will be defined next.

Let Ci and Cj denote a pair of classifiers. Then, letN00,N01,N10 andN11 denote the

number of samples misclassified by both Ci and Cj; misclassified by Ci and correctly

classified by Cj; correctly classified by Ci and misclassified by Cj and correctly clas-

sified by both Ci and Cj , respectively. We average the values of pairwise measures

across all pairs of base-layer classifiers.
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• Double-fault measure (DF): This measure arose from the intuition that two

classifiers should perform differently to be diverse. Giacinto and Roli [51]

claimed that the more different two classifiers are, the fewer the coincident

errors between them. Double-fault measure is used to form a pairwise diversity

matrix for a classifier pool and to select classifiers that are least related [51]. It

is computed as the proportion of the samples misclassified by both classifiers

over all samples as follows:

DFi,j =
N00

N00 +N01 +N10 +N11
. (5.13)

If classifiers, trained with multi-resolution mesh networks make less coincident

errors, then their diversity increases. Therefore, we obtain more diversity with

higher DF values.

• Correlation coefficient ρ: Correlation coefficient is a number that quantifies a

type of correlation and dependence, meaning statistical relationships between

two or more values in fundamental statistics. The correlation coefficient ρ is

computed between a pair of classifiers Ci and Cj as follows:

ρi,j =
N11N00 −N01N10√

(N11 +N01)(N00 +N01)(N11 +N10)(N00 +N10)
. (5.14)

If classifiers, trained with multi-resolution mesh networks assign same class

labels to the same samples, then correlation between them increases, leading to

a decrease in the diversity. Therefore, we obtain more diversity with lower ρ

values.

• Generalized Diversity (GD) [113]: Let pi denote the probability that i classi-

fiers among all of the classifiers fail on a randomly chosen sample. Also let p(i)

denote the probability that i randomly chosen classifiers will fail on a randomly

chosen sample. We compute p(1) and p(2) by,

p(1) =
E∑
i=1

i

E
pi (5.15)

and

p(2) =
E∑
i=1

i(i− 1)

E(E − 1)
pi, (5.16)
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where E indicates the number of classifiers at the base layer which corresponds

to total number of subbands. Then, the generalized diversity is computed as

follows:

GD = 1− p(2)

p(1)
. (5.17)

Assume that we randomly select two subbands and corresponding classifiers

with the mesh networks formed at these two subbands. When failure of one of

these classifiers is always accompanied by correct labeling by the other clas-

sifier, then maximum diversity occurs and the probability of failing of both

classifiers is p(2) = 0. On the other hand, when failure of one of these clas-

sifiers is always accompanied by failure of the other, then minimum diversity

occurs. In that case the probability of both classifiers failing is the same as the

probability of one randomly picked classifier p(1) = p(2).

Generalized diversity measures the collaboration among classifiers trained with

multi-resolution mesh networks. The cognitive tasks represented in different

subbands complete each other for higher values of GD, whereas lower values

of GD is an indicator of similar behavior of classifiers.

• Coincident Failure Diversity (CFD) [113]: The minimum value of CFD=0

is achieved when all classifiers are always correct or when all classifiers are si-

multaneously correct or simultaneously wrong. The maximum value of CFD=1

is achieved when at most one classifier fails on any randomly chosen task. CFD

is computed as follows:

CFD =


0 p0 = 1

1

1− p0

E∑
i=1

E − i
E − 1

pi p0 < 1
(5.18)

Recall that in the above equation p(i) denote the probability that i randomly

chosen classifiers fail on a randomly chosen sample and E is the total number

of classifiers (i.e., subbands). In our case, if at most one classifier trained with

mesh network of a specific subband fails, we obtain the maximum CFD, which

results in maximum diversity.

• Measure of difficulty θ [57]: Let X be a discrete random variable taking val-

ues in {0, 1
E

, 2
E

, . . . , 1} and denoting the proportion of classifiers that correctly
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classify a randomly chosen sample. Then, difficulty θ is defined as the variance

of X . If the same samples are difficult for all classifiers, and the others are

easy for all classifiers, variance of the distribution will be large, leading to large

value of θ. Hence, small values of θ indicate large diversity.

In our case, if there exists some cognitive tasks, which cannot be identified by

any of the classifiers trained for all subbands and there exists some cognitive

tasks which are easily identified by all of these classifiers, the difficulty measure

will be high, leading to a low diversity.

5.5 Multi-resolution Mesh Networks for Gender Classification

One of the most crucial questions in brain sciences is the similarities and distinctions

between males and females while they are performing a series of cognitive tasks. This

has been studied through experimental psychology for a while using some surveys and

specifically designed experiments. In recent years, researchers investigate the fMRI

data for understanding gender differences under different cognitive tasks. Yet, only a

few studies approach the exploration of gender differences as a gender classification

problem from machine learning perspective.

In this study, we propose a hierarchical framework that classifies individuals based

on their gender using the brain networks formed at different resolutions, while per-

forming a variety of cognitive tasks. This approach enables us to study the gender

discrimination while they perform different tasks at different resolution.

We first decompose the fMRI signal into multiple subbands using DWT. Then, we

represent the fMRI signal as a set of local meshes for multiple tasks and resolutions,

separately. For each resolution and each task, we form Functionally Local Meshes

(FLM) around anatomical regions and represent each region as a regularized linear

combination of their functionally neighboring regions. We estimate the MADs, which

denote the relationship among the seed node of the mesh and its neighbors, by solv-

ing ridge regression. Then, using MADs of all meshes formed around all nodes, we

train a logistic regression classifier at each resolution for different tasks. Finally, we

fuse the complementing information obtained from mesh networks formed for differ-
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ent tasks and different resolutions under a 2-level fuzzy stacked generalization (FSG)

architecture. In this architecture, one layer is responsible for the fusion of comple-

mentary information obtained from different cognitive tasks for gender classification,

while the other layer fuses diverse information coming form distinct resolutions.

We test our approach on Human Connectome Project (HCP) task-fMRI dataset, in

which subjects perform 7 cognitive tasks. The results of our gender classification

experiments are provided in Section 6.4. Details of the proposed 2-level FSG archi-

tecture are explained next.

5.5.1 Fusion of Multi-resolution Multi-task Mesh Networks under Fuzzy Stacked

Generalization (FSG)

Gender differences have been generally explored while participants are performing a

specific cognitive task or they are at rest. Since different anatomical regions and their

relationships discriminate gender under different cognitive tasks, we hypothesize that

fusion of classifiers trained with multi-task mesh networks would better discriminate

gender of participants. Additionally, each network in a set of coarse-to-fine mesh net-

works is expected to signify complementing information about the underlying brain

activities [103]. Following the observation that FSG was shown to perform better

than various classifiers for multi-voxel pattern analysis (MVPA) [109], in this study,

we adapt fuzzy stacked generalization (FSG) for fusion of the mesh networks ob-

tained for multiple tasks and multiple resolutions.

We have multiple mesh networks obtained for different tasks or different subbands.

In order to ensemble them using FSG, first, we train an individual logistic regression

classifier for each dataset in the ensemble at the base-layer of FSG. We partition each

dataset into κ-folds, where κ− 1 of them is used for training and the κth fold is used

to test the classifiers. Then, we validate classification (decision) hypothesis of each

classifier using the samples belonging to the κth chunk of the data. Each classifier

outputs the estimate of the posterior probabilities of mesh networks in the κth chunk

belonging to particular genders. For each mesh network, we put the posterior proba-

bilities of being female or male in a 2-dimensional membership vector. Thereby, each

base layer classifier maps N2 dimensional MAD feature vectors obtained from each
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Figure 5.4: 1-level fusion of decisions of 7 base layer task-classifiers in a subband

mesh network to a 2-dimensional decision space. This mapping trains the base layer

classifiers to become experts for capturing diverse connectivity properties of fMRI

data signified in different subbands or different tasks. Note that, we perform κ − 1-

fold cross validation on the training dataset to obtain class membership vectors for all

chunks of training dataset.

Next, we compute class membership vectors of test samples using decisions of the

trained classifiers for test data. At the meta-layer, we obtain a membership vector of

size 1 × 2E for each mesh network, by concatenating membership vectors obtained

from all base-layer classifiers, where E is the number of classifiers. Then, we train

and test meta-layer classifier using the concatenated membership vectors of the train-

ing and test data, respectively. In the experiments, E is varied by selecting various

combinations of subbands or tasks.

From now on, we represent a classifier trained with mesh networks formed for a task

and a subband as task-classifier and subband-classifier, respectively. In this study,

we adapt FSG to fuse the complementing information of different tasks and subbands

in four different ways explained in the following subsections. In the following sub-

sections, we will explain 1-level and 2-level architectures to fuse decisions of task-

classifiers and subband-classifiers.
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5.5.1.1 Fusion of Decisions of All Base-Layer Task-Classifiers

In this subsection, we aim to explore whether fusion of only task-classifiers is enough

to discriminate gender. By comparing the results of the architecture given in this sub-

section with the proposed 2-level architectures in Section 5.5.1.3 and Section 5.5.1.4,

we can explore if the multi-resolution analysis brings extra information for gender

classification. For that purpose, in this subsection we use only original fMRI signals

and do not decompose them into multiple subbands.

In this architecture, we only fuse the information coming from task-classifiers trained

for a single subband as presented in Figure 5.4. Since subjects perform 7 distinct cog-

nitive tasks, we train 7 classifiers with mesh networks formed at each cognitive task in

the base layer. Then, gender posterior probabilities obtained from all base-layer clas-

sifiers are concatenated to form a 14-dimensional feature vector since we have two

probability entries per gender for each of the 7 tasks. Using these representations, we

train and test a single meta-layer classifier that assigns a gender label to individuals.

The performances provided in Section 6.4.1.3 will reveal that fusion of decisions of

task-classifiers trained with mesh networks formed for multiple cognitive tasks is

crucial for gender classification.

5.5.1.2 Fusion of Decisions of All Base-Layer Subband-Classifiers in a Task

In this subsection, our purpose is to understand if fusion of only subband-classifiers

trained with mesh networks formed while individuals perform a single cognitive task

is enough to discriminate gender. By comparing the results of the proposed archi-

tecture with the 2-level architectures in Section 5.5.1.3 and Section 5.5.1.4, we can

understand if mesh-networks formed while individuals perform multiple-tasks con-

tain complementing information for gender classification.

In this architecture, we fuse the information obtained from only subband-classifiers

trained for a single task as shown in Figure 5.5. Number of classifiers trained in

the base-layer varies with the decomposition level. We train 2L classifiers using

approximation and detail parts of signals for each layer. After that, we concatenate
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Figure 5.5: 1-level fusion of decisions of base layer subband-classifiers in a task

2-dimensional gender posterior probabilities obtained from all base-layer classifiers

and form a 4L-dimensional feature vector. Using these representations, we train and

test a single meta-layer classifier that assigns a gender label to individuals.

As it will be shown in Section 6.4.1.4, fusing the decisions of subband-classifiers

trained with multi-resolution mesh networks boosts gender classification accuracy.

5.5.1.3 Fusion of Base-Layer Task-Classifiers in a Subband Followed by Fusion

of Meta-Layer Subband-Classifiers

In this subsection, we propose a two-level fusion architecture, which aims to com-

bine information obtained from multi-resolution and multi-task mesh networks in a

hierarchical manner. By comparing the results of the proposed architecture shown

in Figure 5.6 with the 1-level architectures shown in Figure 5.4 and Figure 5.5, we

can identify the importance of multi-resolution or multi-task analysis. Moreover, by

comparing the results of the proposed architecture with the one in Figure 5.7, we can

explore whether the order of fusion of multi-resolution or multi-task mesh networks

affect the gender classification accuracy.

In the first level of this architecture, we fuse the information obtained from base layer

task-classifiers, each of which is trained for a single subband. In the second level,

we fuse the decisions of meta-layer subband-classifiers as shown in Figure 5.6. In

the base layer, we train 7 × 2L = 14L classifiers. In the first meta layer, we train
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Figure 5.6: 2-level fusion of all classifiers. In the first level, decisions of all base layer

task-classifiers are fused within each subband. In the second level, decisions of meta

layer subband-classifiers are fused to give the final decision.

2L subband-classifiers, each of which fuses the information obtained from all tasks

of the corresponding subband. Note that, inputs of each meta-layer classifier are 14-

dimensional vectors whose entries are gender posterior probabilities obtained from

7 base layer task-classifiers. Finally, second meta layer classifier fuses the decisions

of 2L first meta layer classifiers. Therefore, inputs of second meta layer classifier

are 4L-dimensional vectors. Final gender decision is made by the second meta layer

classifier.

The classification performances given in Section 6.4.1.5 will indicate that fusion of

decisions of classifiers trained with multi-resolution, multi-task mesh networks out-

perform 1-level fusion architectures.
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Figure 5.7: 2-level fusion of all classifiers. In the first level, decisions of all base layer

subband-classifiers are fused within each task. In the second level, decisions of meta

layer task-classifiers are fused to give the final decision.

5.5.1.4 Fusion of Base-Layer Subband-Classifiers in a Task Followed by Fusion

of Meta-Layer Task-Classifiers

Similar to previous subsection, we propose a two-level fusion architecture that com-

bines the information obtained from multi-task and multi-resolution mesh networks

in a hierarchical manner. The only difference is that, in this architecture (see Figure

5.7) we change the order of fusion compared to the architecture given in Figure 5.6.

In this architecture, we first fuse the information obtained from base layer subband-

classifiers, each of which is trained for a single task. Then, we fuse the decisions of

meta-layer task-classifiers in the second level as presented in Figure 5.7. We train

14L base layer classifiers where we train 2L classifiers for each task. In the first meta

layer, we train 7 task-classifiers, each of which fuses the information obtained from all

subbands. Note that, inputs of each first meta layer classifier are 4L-dimensional vec-

tors of gender posterior probabilities obtained from 2L base layer subband-classifiers.
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The outputs of first meta layer classifiers are concatenated under 14-dimensional vec-

tors and these vectors are used to train and test a second meta layer classifier. By

fusing the decisions of first meta layer classifiers, second meta layer classifier gives

the final decision.

The performances given in Section 6.4.1.6 will validate that fusion of decisions of

classifiers trained with multi-resolution, multi-task mesh networks outperform 1-level

fusion architectures or mesh networks formed using original fMRI signals.

5.5.2 Gender Discriminative Power of MADs

In this subsection we explore the relationships among the anatomical regions by in-

vestigating the MADs that carry gender discriminative information. We analyze the

MADs that discriminate gender under only specific tasks. We also investigate the

ones that carry gender discriminative power under all of the tasks.

We estimate the gender discriminative power of MADs using absolute value two-

sample t-test with pooled variance estimate. Note that, for each of the 7 tasks, we have

2L feature matrices to train base-layer classifiers obtained from distinct subbands.

Therefore, for each cognitive task, we identify the most gender discriminative MADs

using all of the 2L feature matrices. We first divide our feature matrix into two groups,

such that each group contains feature vectors of a specific gender. Then, we compute

z-values for each MAD separately as follows:

z ← µ(g1)− µ(g0)√
σ(g1)
n1
− σ(g0)

n0

, (5.19)

where g0 and g1 denote samples in zeroth and first group, respectively. n0 and n1

represent the number of samples belonging to zeroth and first group. Mesh arc de-

scriptors with larger z-values are the ones rejecting the null hypothesis that two groups

come from the same distribution with more confidence. In other words, MADs with

high z-values discriminate gender compared to the ones having low z-values. For

each task we sort the mesh arc descriptors obtained for all subbands, based on their

z-values and keep the top-50 mesh weights with maximum z-values.
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5.6 Chapter Summary

In the first part of this chapter, we introduced a new representation, called hierarchical

multi-resolution mesh networks. First, we decomposed the fMRI signal into multiple

subbands using discrete wavelet transform (DWT). Next, by forming local meshes

around all nodes, we constructed a mesh network for each subband. We, then, fused

the decisions of classifiers trained with multi-resolution mesh networks for cognitive

state classification. We proposed to analyze the significance of base-layer and meta-

layer features for discriminating cognitive states using t-test. We also computed a

number of measures to explore the diversity of classifiers.

In the second part, we fused the decisions of classifiers trained with multi-resolution,

multi-task mesh networks under a 2-level FSG architecture for gender classifica-

tion. For comparison, we proposed 1-level fusion architectures that fuses only multi-

resolution or only multi-task mesh networks. We also proposed to analyze the sub-

bands and corresponding anatomical regions of the most gender discriminative of

MADs.

63



64



CHAPTER 6

EXPERIMENTS AND RESULTS

We have to remain humble about our

understanding of the brain, because even

our most powerful tools remain pretty

blunt instruments for decoding the

brain. In fact, we still do not know how

to decipher the basic language of how

the brain works.

Thomas Insel

In this chapter, we first analyze the cognitive state classification performance of

MADs formed within functional (FLM) and spatial (SLM) neighborhoods. We com-

pare the results of MADs with state-of-the-art fMRI representations. We, also, statis-

tically analyze local meshes about how well the seed nodes are represented in terms

of their nearest neighbors. Next, we provide encoding results of MADs using Fisher

Vectors (FV), Vector of Locally Aggregated Descriptors (VLAD) and Bag-of-Words

(BoW) methods. We compare the discriminative power of MAD encodings by MADs

and state-of-the-art fMRI representations. We also use the codewords obtained by

GMM and k-means clustering to create a brain connectivity dictionary. Finally, we

put forth a relationship between the energy of FV columns and classification accuracy.

After the analysis of MADs extracted from original fMRI signals, we perform multi-

resolution analysis. We first share the cognitive state classification results obtained

by the fusion of multi-resolution mesh-networks. We compare the results of multi-

resolution experiments with single-resolution experiment. In order to investigate
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the power of MADs compared to state-of-the-art representations, we train and test

classifiers with pairwise correlations (PC) and representative time series (RTS) to

classify cognitive states. We further compare the fusion of classifiers by FSG with

majority voting approaches. After sharing the classification performance compar-

isons, we explain how mesh networks of multiple resolutions change by analyzing

degree, strength, betweenness centrality of nodes of mesh networks and global effi-

ciency of mesh networks. Additionally, we test the significance of meta-layer and

base-layer features to discriminate tasks. In order to validate our assumption that

multi-resolution signals contain complementing information about cognitive tasks,

we measure the diversity of classifiers trained with multi-resolution mesh networks.

The suggested HMMN is also tested in another problem namely, gender classifica-

tion. We provide gender classification results obtained by fusing multi-resolution

multi-task mesh networks under a two-layer FSG architecture. We compare our re-

sults with single-resolution experiments, 1-level fusion of only multi-resolution or

only multi-task experiments. Similar to cognitive state classification experiments, we

compare MADs with PC and RTS and we compare fusion of classifiers by FSG with

majority voting. We also analyze the significance of MADs that carry the most gender

discriminative information. We identify significant anatomical region pairs such that

MADs formed between them carry gender discriminative power under specific tasks

or under all tasks.

6.1 Experiments and Results of Employing Mesh Arc Descriptors

In order to observe the validity of the proposed mesh representation, we perform

two groups of experiments. In the first group, we train and test a Support Vector

Machine (SVM) classifier implemented in Liblinear [42] by using the labeled fMRI

data recorded using the experimental setups explained in Section 4.1. In this group of

experiments, we examine the power of the mesh arc descriptors for representing the

brain states. In the second group of experiments, we analyze the validity of the local

meshes by exploring the similarities among the node time series in each mesh, and

the distribution of the error of the proposed regularized linear regression model, used

for estimating the mesh arc descriptors.
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6.1.1 Comparison of Mesh Arc Descriptors with State-of-the-art fMRI Fea-

tures

We compare the mesh arc descriptors of the proposed spatial and functional local

meshes with the state-of-the-art features, by measuring the performance of the clas-

sifiers trained by these features. We train an SVM classifier with linear kernel, and

classify an unknown stimulus. We perform seven sets of classification experiments

on three different groups of fMRI datasets:

• In the first and second set of experiments, we represent a cognitive stimulus us-

ing the arc descriptors of meshes. The classification performances are measured

when the arc descriptors obtained from the spatially (SLM) and functionally lo-

cal meshes (FLM) are fed as the input of an SVM classifier.

• In the third and fourth set of experiments, we tested the classification per-

formances of SVM by employing features obtained using Local Mesh Model

(LMM) and Functional Mesh Model (FMM). Recall that both LMM and FMM

employ only a single measurement from the BOLD response for each voxel

omitting the rest of the signals measured during a stimulus.

• In the fifth group of experiments, we test the performance of SVM classifiers

which employ features that are computed using pairwise Pearson correlation

(PC). First, we compute the pairwise correlations between the BOLD responses

given by seed nodes and each of their p-nearest neighbors for each stimulus. In

other words, first meshes are constructed around seed nodes, and then pair-

wise correlations are computed between node pairs within meshes instead of

estimating the arc descriptors within a neighborhood. Then, we form our fea-

ture vector by concatenating the correlation values in all meshes. Note that,

we obtain feature vectors whose sizes are equal to that of SLM and FLM by

concatenating only the distances within meshes to make a fair comparison.

• In the sixth set of experiments, we analyze the performance of SVM classifiers

where representative time series (RTS) containing raw node intensity values

are used as features to train and test classifiers. For RTS-mid, we only used

the third instance xw,i(3) in the middle of a BOLD response xw,i following
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our assumption that if a voxel becomes active, then its HRF reaches to its peak

value after 5-6 seconds (around t = 3). On the other hand, RTS-mean de-

picts the case where we employed the average of Dw measurements (number

of measurements in window w) of xw,i. We also concatenate each of the Dw

measurements of BOLD response xw,i(t)Dwt=1 to obtain results for RTS-all. The

dimension of a feature vector constructed for RTS-mid and RTS-mean equals

to 1254 for visual object recognition experiment, 800 for emotional memory

retrieval (EMR) experiment and 90 for HCP task fMRI data. Moreover, since

we concatenate all measurements for RTS-all, the size of the feature vectors

used for RTS-all equals to Dw times the size of features vectors for RTS-mean

and RTS-mid. Since each task of HCP data has different durations and we do

not perform event-related task classification, we cannot employ RTS-mid and

RTS-all experiments on HCP data.

• In the seventh set of experiments, we compare mesh arc descriptors to two pop-

ular fMRI data representation methods namely, Principal Component Analysis

(PCA) and spatial Independent Component Analysis (ICA). We map the fMRI

data onto the first 100 components that retain 99% of the variance. Following

PCA, we applied spatial ICA to our raw data using FastIca [65].

6.1.2 Classification Results for Brain Decoding

Since visual object recognition and emotional memory retrieval experiments are event-

related and classes are discriminated at finer granularity, we use voxels as nodes in

this subsection for these two datasets. On the other hand, for HCP dataset, we aim

to classify cognitive tasks, which can be discriminated at coarser granularity. There-

fore, we use anatomical regions as nodes. Also, in this subsection we perform intra-

subject classification using SVM classifiers with visual object recognition and emo-

tional memory retrieval experiments since the number of subjects is small in these

datasets. On the other hand, we perform inter-subject classification using HCP task

fMRI dataset since the number of subjects is large.

In visual object recognition and emotional memory retrieval experiments, we per-

form nested cross validation across runs [146]. The outer loop runs for 6 folds,
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and within each fold of the outer loop, an inner loop runs for 5 folds for param-

eter tuning. For each fold of the outer loop, we employ measurements obtained

from 5 runs for decoding, and 1 run for test. For each fold of the inner loop, we

divide the decoding part into 4 runs of training set and 1 run of validation set. We

use the validation set to optimize the cost parameter, C of SVM and the regulariza-

tion parameter λ. Similarly, we also optimize the number of neighbors p used for

computation of functional neighborhoods and radius of neighborhoods π used for

computation of spatial neighborhoods. Note that, since optimization of p using in-

formation criteria does not yield a significant change in the accuracy [98, 99, 100],

we optimize it using cross validation. After we estimate the parameters in the inner

loop, we train classifiers using decoding part with the estimated optimal parame-

ters, and measure the test performance using the unseen test set. We searched for

the optimal values of λ in {0, 0.125, 0.25, 0.5, 1, 2, 4, 8}, SVM cost parameter C in

{0.001, 0.01, 0.1, 1, 10, 100, 1000} and π in {1,
√

2,
√

3}. We optimize the number of

neighbors p in P1 = {2, 3, . . . , 30} for visual object recognition experiment, and p in

P2 = {5, 6, . . . , 15} for emotional memory retrieval experiment.

For HCP task fMRI experiments, we split our data into 8 chunks, where each chunk

contains fMRI data collected from 101 participants. We perform nested cross val-

idation in which the outer loop runs for 8 folds, and within each fold of the outer

loop, an inner loop runs for 7 folds for parameter tuning. We search for the optimal

values of λ in {0, 32, 64, 128, 256, 512}, C in {0.001, 0.01, 0.1, 1, 10, 100, 1000} and

p in P3 = {5, 10, 15, 20, 25, 30} on the validation set. Since the data scale in these

datasets is at region level, we searched for the optimal λ and p values in a different

range during these experiments. Note that, unlike voxels, supervoxels are not located

on a full grid. Therefore, we select the number of spatial neighbors from the set

P3 = {5, 10, 15, 20, 25, 30} for HCP dataset.

We analyze the effect of similarity measures on defining the neighborhood system of

local meshes in subsection 6.1.3. As will be explained in this subsection, when we

use functional similarity between the nodes, Pearson correlation provides a relatively

better decoding performance compared to partial correlation and Granger causality

[55]. For this reason, we conduct the experiments on FLM by just measuring Pearson

correlation to select nearest neighbors.
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Table 6.1: Classification performance (%) of SVM classifier computed in visual ob-

ject recognition experiment.

Participant FLM SLM FMM FMM LMM LMM

mean mid mean mid

1 91.42 93.14 73.14 80.00 70.29 74.28

2 83.81 81.43 67.14 68.09 68.57 73.33

3 92.86 83.33 67.62 75.71 68.57 78.09

4 89.05 76.67 71.90 75.23 73.33 74.76

5 78.09 81.43 68.57 75.71 63.33 71.43

Avg. 87.04 83.20 69.67 74.95 68.82 74.38

Participant PC RTS RTS RTS PCA ICA

mean mid all

1 72.00 74.85 78.29 75.43 73.71 86.29

2 71.90 71.90 74.76 76.19 73.33 79.52

3 53.33 70.00 75.71 76.67 70.48 79.52

4 62.38 74.29 78.57 70.48 72.86 87.62

5 57.14 68.09 70.48 67.62 68.57 75.71

Avg. 63.35 75.56 74.68 73.27 71.79 81.73

Visual Object Recognition Experiment: We give the average classification per-

formances of 6-fold obtained for visual object recognition experiment in Table 6.1.

Results reflect that FLM and SLM features discriminate brain states much better

than other features. FLM gives slightly better accuracy (87.04%) compared to SLM

(83.20%) and these two representations outperform variants of FMM and LMM rep-

resentations significantly (12% - 19% increase). These results suggest that, employ-

ing all of the temporal measurements during the estimation of relationship among

nodes brings significant information. While employing ICA performs similar to SLM,

variants of RTS and PCA perform much worse. Moreover, the worst results (63.35%)

are obtained when pairwise correlations (PC) are employed as features since the num-

ber of measurements in predefined windows is not enough to capture pairwise rela-
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tionships.

Emotional Memory Retrieval Experiment: We provide performances for 2-class

and 4-class classification experiments. In 2-class experiments the classes correspond

to neutral and emotional tasks (Table 6.2). In 4-class experiments, we classify kitchen

utensil, furniture, fear and disgust, where kitchen utensil and furniture belong to the

neutral category, and fear and disgust belong to the emotional category (Table 6.3).

The results of 2-class and 4-class classification experiments show that we obtain sub-

stantially better performances using features extracted for FLM (90.70% for 2-class

and 66.56% for 4-class) and SLM (89.71% for 2-class and 62.86% for 4-class) com-

pared to the performances of other features given in Table 6.2 and 6.3. We validate

the importance of employing all of the temporal measurements during the estimation

of relationship among nodes on this dataset by showing in both Table 6.2 and 6.3

that FLM and SLM outperform variants of FMM and LMM. ICA perform similar to

SLM in 2-class classification whereas, the feature spaces of RTS-mid, RTS-mean,

RTS-all and PCA give poor performance.

The emotional memory retrieval experiment data has a drawback for 4-class brain

decoding. The number of samples at each run is nearly the same in emotional and

neutral categories, which provides a balanced dataset. However, runs are mostly un-

balanced in four subcategories. As a consequence, we observe nearly chance results

with raw data when we perform 4-class classification. In 4-class classification, ICA

also do not perform well.

Human Connectome Project (HCP) task fMRI Data: Results in Table 6.4 reflect

that extracting FLM and SLM features from HCP data represents the cognitive tasks

in inter-subject experiments much better compared to the methods given in Table

6.4. FMM-mean, LMM-mean and RTS-mean give nearly chance results. On the

other hand, employing PC features lead to a good classification accuracy since num-

ber of measurements in a window is large enough to represent relationships between

anatomical regions. This result indicates that a functional connectivity feature, such

as Pearson correlation, can capture the information content of the data. Considering

the long time series of responses in HCP dataset, this result is expected.
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Table 6.2: Classification performance (%) of SVM classifier computed in emotional

memory retrieval experiment (2-class).

Participant FLM SLM FMM FMM LMM LMM
mean mid mean mid

1 97.62 97.14 80.48 83.33 78.10 80.48

2 92.86 90.95 79.52 80.48 77.62 79.52

3 73.33 69.52 67.14 55.71 60.48 50.48

4 87.62 87.62 73.33 65.71 77.62 67.14

5 92.38 91.90 77.62 61.43 72.86 56.19

6 98.10 97.62 71.43 74.76 81.90 81.90

7 92.86 92.86 65.24 67.62 64.29 65.24

8 90.00 89.05 66.19 63.33 68.10 56.67

9 90.00 90.00 79.52 72.86 80.48 69.52

10 93.81 89.52 71.43 65.24 72.38 54.76

11 95.24 95.24 69.05 70.00 67.62 67.62

12 78.57 77.62 71.90 61.90 76.67 62.38

13 96.67 97.14 53.33 59.05 67.62 65.71

Avg. 90.70 89.71 71.25 67.80 72.75 65.97

Participant PC RTS RTS RTS PCA ICA
mean mid all

1 84.29 81.43 76.19 92.86 74.76 94.29

2 76.19 83.81 75.24 90.48 73.81 82.85

3 61.90 57.14 50.48 67.62 58.57 64.76

4 76.67 62.38 56.67 73.33 65.24 78.57

5 84.29 66.19 54.76 71.43 64.76 83.81

6 89.05 66.19 68.57 79.05 72.86 88.57

7 80.00 63.81 56.67 81.90 72.86 85.24

8 79.05 67.14 60.00 79.05 63.33 78.57

9 78.57 79.05 72.38 94.76 71.90 90.48

10 74.76 61.43 59.52 74.29 63.33 79.52

11 89.05 75.71 78.10 87.14 79.05 93.81

12 78.10 63.81 66.67 75.71 80.95 98.10
13 88.10 58.57 55.24 69.52 58.57 90.00

Avg. 80.00 68.21 63.88 79.78 69.23 85.27
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Table 6.3: Classification performance (%) of SVM classifier computed in emotional

memory retrieval experiment (4-class).

Participant FLM SLM FMM FMM LMM LMM
mean mid mean mid

1 81.43 76.67 60.48 57.62 41.43 53.81

2 75.24 68.57 51.91 41.43 48.09 38.57

3 40.95 41.43 34.76 32.38 32.86 32.38

4 61.90 57.62 43.33 32.86 40.48 31.43

5 73.33 67.62 47.62 31.43 35.24 32.86

6 85.71 77.14 49.05 49.52 47.62 47.62

7 59.05 57.62 40.95 34.29 32.86 36.67

8 64.29 64.76 46.19 28.10 43.33 30.00

9 51.43 50.95 35.24 34.29 29.05 24.29

10 65.71 54.29 37.62 27.62 36.19 32.86

11 69.05 70.95 45.71 44.29 42.38 38.57

12 54.76 51.43 40.00 38.10 42.86 45.71

13 82.38 78.10 43.33 37.14 50.95 33.33

Avg. 66.56 62.86 44.32 37.62 40.26 36.78

Participant PC RTS RTS RTS PCA ICA
mean mid all

1 33.81 22.38 22.38 22.38 21.43 20.95

2 48.57 20.95 19.52 31.91 21.90 58.57

3 26.19 22.86 22.86 22.86 22.86 22.86

4 32.86 21.90 21.90 38.10 21.90 22.38

5 22.86 21.90 21.90 21.90 22.38 21.43

6 30.95 21.90 23.33 31.43 21.90 22.38

7 31.43 30.95 30.00 30.00 30.48 21.90

8 27.14 22.38 21.90 22.38 21.90 22.38

9 39.05 23.81 24.29 30.95 21.90 22.38

10 47.14 26.19 24.76 35.71 22.38 49.52

11 61.90 22.38 22.38 24.76 22.38 22.38

12 47.14 32.38 37.14 36.67 21.90 20.95

13 63.33 21.90 21.43 21.90 20.95 21.43

Avg. 39.41 23.99 24.14 28.54 22.64 26.89
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Table 6.4: Classification performance (%) of SVM classifier for HCP task fMRI data.

FLM SLM FMM LMM PC RTS

mean mean mean

96.32 96.83 27.28 14.63 90.09 14.28

In HCP dataset, each window covers a large duration of the entire duration of cogni-

tive task instead of short BOLD response given to a stimulus. Therefore, for this data

set, we cannot perform experiments using the middle values of signals (FMM-mid,

LMM-mid, RTS-mid). Moreover, since the number of measurements collected for

each cognitive task is different, we cannot concatenate them under a feature vector as

in RTS-all.
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Figure 6.1: Mean and standard deviation of classification performances of SVM com-

puted in visual object recognition experiment.

We provide the mean and standard deviations of classification performances obtained

by different meshes that are constructed with p ∈ P1 = {2, 3, . . . , 30} for visual

object recognition experiment in Figure 6.1, and with p ∈ P2 = {5, 6, . . . , 15} for

emotional memory retrieval experiment in Figure 6.2 and Figure 6.3. In Figure 6.1,

bars represent the mean classification performance averaged over all p ∈ P1, whereas

in Figure 6.2 and Figure 6.3, bars represent the mean classification performance av-

eraged over all p ∈ P2. In these figures, each error bar represents standard deviation

of the corresponding performance value. For each participant, the first bar depicts

the performance of MADs obtained by functional neighborhood in FLM, which are
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Figure 6.2: Mean and standard deviation of classification performances of SVM com-

puted in emotional memory retrieval experiment (2-class).
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Figure 6.3: Mean and standard deviation of classification performances of SVM com-

puted in emotional memory retrieval experiment (4-class).

extracted using the entire temporal measurements of the BOLD responses, while the

last two bars depict performances obtained using the mean or middle values of BOLD

responses. We observe that standard deviation of performance values obtained using

various mesh sizes decreases, when temporal measurements are considered. In other

words, the methods employing temporal measurements are more robust to changes of

mesh size p than the ones which do not employ temporal measurements.

Notice that, the entries of BOLD response vector, xw,i = [xw,i(t)]
Dw
t=1, at each neigh-

boring node, contribute to the estimation of mesh arc descriptors in the regularized

linear model of (4.4). If a node has a noisy entry in the BOLD response vector,
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the effect of this entry on the estimation of mesh arc descriptors will be relatively

small considering the entire time sequence of BOLD response. However, when we

take a single value, such as the mean or middle measurement, not only we lose im-

portant information about the BOLD response, but also the mesh representation be-

comes vulnerable to artifacts. Averaging the BOLD response may avoid the effect of

noise with the price of excessive smoothing, which results in losing the discriminat-

ing information of fMRI data among the cognitive states. This fact can be roughly

observed when we compare the subject dependent performances of FLM and SLM

to that of FLM-mean, FLM-mid, SLM-mean and FLM-mid methods. For exam-

ple, FLM performance of first participant in Figure 6.2 varies between 96% - 99%

whereas FMM-mean and FMM-mid performances vary between 75% - 91% and

79% - 87%, respectively. The high variance in performances of the mesh represen-

tations estimated by single BOLD response value may be attributed to the effect of

artifacts hidden in fMRI data.

6.1.3 Analysis of Similarity Measures for Neighborhood Selection to Form Lo-

cal Meshes

Recall that, we form a local mesh around each node to form a mesh network. The

concept of locality is based on a neighborhood system, which is defined by the sim-

ilarity between node time series. In this subsection we analyze the effect of various

similarity measures on the classification performance. We compare the performance

of FLM formed using Pearson correlation, partial correlation and Granger causality

as the similarity measure to select functionally nearest neighbors in the visual recog-

nition experiment.

Our results on visual object recognition experiment reflects that selecting functional

neighbors based on Pearson correlation leads to better accuracy compared to par-

tial correlation or Granger causality to select the neighbors of seed voxels. We also

observe that meshes formed by Granger causality has the lowest classification perfor-

mance on this dataset (see Table 6.5). Therefore, for the rest of the experiments, we

suffice to employ Pearson correlation to select functionally nearest neighbors while

forming a local mesh.
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Table 6.5: Classification performance (%) of SVM classifier computed in visual ob-

ject recognition experiment.

P FLM FLM FLM

Corr Parcorr Granger

1 91.42 88.33 86.67

2 83.81 87.50 78.24

3 92.86 87.03 87.96

4 89.05 79.63 77.78

5 78.09 81.95 74.07

Avg. 87.04 84.89 80.94

6.1.4 Analysis of Local Meshes

The major assumption of the proposed mesh representation is that the node BOLD

responses are similar to each other at a predefined locality, so that a BOLD response

of a node can be represented by a linear combination of the BOLD responses of its

nearest neighbors. In other words, we assume that the error of a regularized linear

regression model is small enough such that a cognitive stimulus can be represented

by a set of local meshes, where the arc descriptors of the meshes can be estimated by

minimizing the expected square error. Let us now, empirically observe the behavior

of voxel time series in a certain locality in the following subsections.

6.1.4.1 Statistical Analysis of Correlations of Voxels

In order to understand how the nodes of a local mesh, especially voxels within a pre-

defined neighborhood behave, and how their behavior differs from the behavior of

random voxel sets, we plot the time series a seed voxel with i) a set of randomly

selected voxels (Figure 6.4a), ii) its ten spatially (Figure 6.4b) and iii) ten function-

ally (Figure 6.4c) nearest neighbors. We observe that, sample voxels located within

spatial and functional neighborhoods perform similar under presentation of the same

stimuli.
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(a) Randomly selected voxels.

(b) A random seed voxel with its spatial neighbors.

(c) A random seed voxel with its functional neigh-

bors.

Figure 6.4: BOLD responses of a voxel set consisting of 10 voxels, each of which is

plotted with a different color.
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Although we select spatially or functionally closest voxels as neighbors, we need

to further analyze the distribution of correlation values between the seed voxels and

their neighbors to understand if the closest voxels are also highly correlated. There-

fore, we compute pairwise relationship (i.e. correlation) between the seed voxels and

the surrounding voxels using Pearson correlation. In our analysis, surrounding voxels

are selected as (a) spatially nearest neighbors of seed voxels, and functionally nearest

neighbors of seed voxels selected using (b) Granger causality (c) partial correlation

(d) Pearson correlation. First, we compute correlations between ten surrounding vox-

els and the seed voxel. Then, we depict the histograms of all correlations computed

for all voxels with their surrounding voxels in meshes.

(a) Spatial closeness (b) Granger causality

(c) Partial correlation (d) Pearson correlation

Figure 6.5: Histograms of correlations between seed voxels and surrounding voxels

selected using (a) Spatial closeness, (b) Granger causality, (c) Partial correlation and

(d) Pearson correlation.

The normalized Granger causality histogram in Figure 6.5b reflects that neighboring

voxels with maximum Granger causality value may have negative correlations with

the seed voxel. On the other hand, the results show that correlation values of the
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voxels observed with the highest frequency are close to 0.9 when the histograms

are computed for meshes formed using spatially (see Figure 6.5a) and functionally

close voxels selected using partial correlation (Figure 6.5c) and Pearson correlation

(Figure 6.5d). These observations indicate that the voxels modeled in the same mesh

have statistical relationship with each other. Therefore, one may expect that the linear

relationship among the BOLD responses at a locality, defined by a neighborhood

system, provides a reasonable fit to the data.

6.1.4.2 Statistical Analysis of Models

Recall that, we represent the intensity values of each node as a regularized linear

combination of those values of its p-nearest neighbors in our models. Yet, we obtain

a regression error for each mesh for the estimation of seed nodes considering its

neighbors. In the next set of experiments, we analyze how well the seed nodes are

represented in terms of their nearest neighbors by exploring the model estimation

error of the proposed representation.

For this purpose, we employ a goodness of fit measure, called R2, defined as one

minus the residual variation divided by total variation, where residual variation is the

summation of square errors obtained from regression model, and total variation is the

variance of the distribution of the actual data.

More precisely, let error εw,i be the ridge regression error vector for window w and

node i computed as:

εw,i = x̂w,i − xw,i, (6.1)

where εw,i = [εw,i(t)]
Dw
t=1 and Dw represents the number of measurements recorded

within window w. Then, we compute the residual variation as,

SSrw,i =
Dw∑
t=1

εw,i(t)
2, (6.2)

On the other hand, total variance is computed as,

SStw,i =
Dw∑
t=1

xw,i(t)
2. (6.3)
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Then, the R2 is computed as

R2
w,i = 1−

(
SSrw,i
SStw,i

)
. (6.4)

(a) Spatial neighbors. (b) Functional neighbors.

Figure 6.6: Histograms of R2 values computed when the meshes are formed using (a)

Spatial neighbors and (b) Functional neighbors.

Notice that the R2 measure takes values between 0 and 1, such that the values closer

to one represent better fit of models. In the analysis, we computed R2 values for all

meshes of a participant formed for all samples and around all voxels. In Figure 6.6,

we plot the histograms for R2 values computed when the meshes are formed using

(a) spatially nearest voxels, and (b) functionally nearest voxels.

In the experiments, if the seed voxels of meshes formed using spatial or functional

neighbors are represented in terms of their neighbors, then we observe that the mean

values of histograms for R2 are 0.90 and 0.93, respectively (Figure 6.6a and 6.6b).

Therefore, employing spatial or functional neighbors during the construction of meshes

results in good model fit, where the latter leads to slightly better fit compared to the

former.

6.2 Experiments and Results of Encoding the Mesh Arc Descriptors

Recall that, we encode mesh arc descriptors using Fisher Vector (FV), Vector of Lo-

cally Aggregated Descriptors (VLAD) and Bag-of-Words (BoW) methods. In this

subsection, we share the results of encoding the MADs.
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Table 6.6: Classification performance (%) obtained using MADs

p HCP EMR

10 88.14 71.17

20 91.14 71.10

30 93.00 70.15

40 93.86 71.10

We perform two sets of experiments. First, we classify the cognitive tasks of HCP

fMRI dataset and emotional memory retrieval (EMR) dataset using the raw and en-

coded MADs to see the effect of encoding on MADs and compare the performance

of various encoding methods. In order to examine the power of MADs compared to

popular fMRI representation methods, we also classify the cognitive tasks using state-

of-the-art fMRI data representations. Finally, we visualize and analyze the codewords

of the proposed brain connectivity dictionary. Note that, we need a large amount of

samples to learn the codewords of the dictionary. Therefore, in this subsection, we

perform inter-subject experiments using HCP and EMR datasets.

6.2.1 Classification Results

In order to perform classification, we first compute FV (GA
β ), VLAD (VA) and BoW

(BA) encoding of local MADs for all tasks and all participants. Then, we use raw and

encoded MAD vectors to train and test linear SVM classifiers. We measure the clas-

sification performance of HCP dataset using a 10-fold cross validation (CV) scheme

by randomly splitting the data into 10 subsets according to a uniform distribution,

training each model on 9 splits, and testing the learned model on the remaining split.

Note that, training and test splits contain data associated to different participants for

each fold. For EMR dataset, we perform 13-fold cross-validation, where each split

contains data collected from a participant. We train each model on 12 splits and test

the learned model on the 13th split. In our experiments, we used a subset of randomly

selected 100 subjects of HCP dataset. We provide classification accuracies of raw

MADs in Table 6.6.
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Table 6.7: Classification performance (%) computed for different encoding methods

obtained using HCP and EMR datasets.

HCP EMR

Encoding p PCA ICA None PCA ICA None

FV

10 91.71 87.29 86.00 75.97 73.88 73.81

20 94.71 85.29 89.29 76.08 73.41 72.27

30 95.29 87.71 91.71 75.05 71.61 71.76

40 95.71 87.86 92.14 75.53 71.87 71.79

VLAD

10 89.86 84.29 86.71 74.91 71.10 72.09

20 91.43 88.29 89.00 74.47 71.14 71.76

30 92.57 89.86 90.43 74.62 71.90 72.09

40 93.43 90.00 91.14 73.70 71.25 72.34

BoW

10 62.86 41.57 54.57 64.76 59.67 60.62

20 68.57 42.14 57.86 64.91 57.00 58.63

30 67.29 46.14 60.43 63.88 58.42 61.61

40 68.71 45.00 60.29 63.55 57.25 61.72

In the proposed framework, we use only training data for implementation of all meth-

ods that are employed in learning phase, such as computation of PCA and ICA us-

ing MADs, estimation of Gaussian mixture models, k-means clustering and training

SVM classifiers. We examine the proposed methods for various number of neigh-

bors p ∈ P4 = {10, 20, 30, 40}, in each mesh to observe the effect of degree of

locality of the meshes. Considering the fact that MADs are N -dimensional vec-

tors, employment of smaller p values provides increased locality and sparser MAD

vectors. Before employment of FV encoding, we apply PCA or ICA to MADs for

decorrelation purpose and did not change their dimension (D = N ). Moreover, we

select the number of Gaussians in GMM and the number of clusters in k-means using

k ∈ {20, 40, 60, 80, 100, 120}. We compute average performance of cross validation

for all κ. Accuracy values denoted in Table 6.7 show maximum of these performances

with respect to the values of k.
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Results given in Table 6.7 show that, FV encoding of MADs computed after em-

ployment of PCA gives the best performance to classify cognitive tasks compared to

VLAD and BoW encoding. Unlike PCA, applying ICA on MADs before encoding

with FV, VLAD and BoW decreases the performance of MADs. We observe that

VLAD encoding of MADs does not increase the discrimination power of MADs. Al-

though accuracy values of VLAD-MAD are comparable with that of MAD, BoW

representations of MADs yield substantial decrease in accuracy.

We also share the running times of each step of our framework for p = 40 on HCP

dataset in Table 6.8. It is observed that computation of ICA both takes a large amount

of time and decreases the encoding performance. On the other hand, computation of

PCA takes much shorter time, while contributing a lot to the classification accuracy.

Computation of FV, VLAD and BoW takes much shorter compared to computation

of GMM and k-means.

Table 6.8: Running times of each step of the framework measured in seconds.

MAD PCA / ICA GMM / k-means FV / VLAD / BoW

105.6 8.4 / 373.6 211.3 / 62.8 14.3 / 7.7 / 11.9

In order to investigate the representation power of our encoding method, we compare

the performance of the encoded MADs to that of state-of-the-art fMRI representa-

tions. These representations include average region BOLD responses, Pearson and

partial correlations, mutual information and Granger causality between BOLD re-

sponses. We further apply PCA and ICA on average BOLD responses to change our

feature space. When the average region BOLD responses are employed for classi-

fication, we obtain almost chance accuracy with 7-class HCP dataset (14.29%) and

2-class EMR dataset (51.24%). Since average BOLD signals do not carry significant

information, we also get poor results when we apply PCA and ICA on them. On the

other hand, when pairwise correlations between all pairs of region BOLD responses

are used as features for HCP dataset, we obtain a classification accuracy of 77.42%

with Pearson correlation and 67.86% with partial correlation. Since EMR dataset is

event-related, partial correlation cannot be computed for this dataset yet using Pear-

son correlation gives 66.19% accuracy. Employing Granger causality computed be-
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tween all pairs of node time series as a feature vector gives chance results for both

datasets while employing mutual information gives 27.85% on HCP data and 64.32%

on EMR dataset. In Table 6.9, we observe a substantial increase (10− 15%) obtained

MADs. Finally, by encoding MADs with FV, we obtain a (2− 5%) increase.

Table 6.9: Classification accuracy (%) measured with state-of-the-art fMRI represen-

tations.

Dataset

Methods HCP EMR

BOLD Response 14.29 51.24

BOLD + ICA 14.29 52.27

BOLD + PCA 14.14 51.32

Pearson Corr. 77.42 66.19

Partial Corr. 67.86 -

Granger Causality 19.61 50.29

Mutual Information 27.85 64.32

MAD 93.86 71.17

FV+MAD+PCA 95.71 76.08

In order to study the significance of the proposed FV encoding of MADs compared to

just using MADs, we further employ McNemar’s test with Yates’ correction, which

is a first order check on the statistical significance of an observed difference in recog-

nition performance [38]. It uses the times of success/failure trials of the compared

algorithms. Let Nss, Nsf , Nfs, Nff denote the times of both algorithms succeed, the

first algorithm succeeds but the second fails, the second algorithm succeeds but the

first fails and both algorithms fail. Then, we compute χ2 as follows:

χ2 =
(|Nsf −Nfs| − 1)2√

Nsf +Nfs

(6.5)

After χ2 value is computed, corresponding p-value is found from χ2 distribution ta-

ble. If the p-value is below the significance level 0.05, the performance difference

between two compared methods is considered to be statistically significant. Results

in Table 6.10 reflect that encoding MADs with Fisher vector significantly improves
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the accuracy of MADs for all neighborhood sizes (p) of both datasets.

Table 6.10: Results of McNemar’s test with Yates’ correction to compare significance

of using Fisher vector encoding of MADs over using MADs

Dataset p Nss Nff Nsf Nfs χ2 p-value

HCP

10 586 27 56 31 6.621 0.01008

20 626 25 37 12 11.76 0.00061

30 638 20 29 13 5.36 0.02064

40 647 20 23 10 4.36 0.03671

EMR

10 1724 437 350 219 29.70 000001

20 1740 452 337 201 33.88 0.00001

30 1712 478 337 203 32.76 0.00001

40 1733 461 328 208 26.42 0.00001

Next, we examine the success of encoding for each cognitive task. We observe in Fig-

ure 6.7 that the accuracy value obtained for Gambling task is lower compared to the

other tasks performed using FV-MAD and VLAD-MAD. However, accuracy values

obtained from BoW-MAD for all classes are low, meaning that BoW is not successful

to encode MADs. When we compare the results shown in Figure 6.7a, Figure 6.7b

and Figure 6.7c, we observe that we can boost the accuracy for Emotion, Relational

processing and WM tasks compared to concatenated MADs by encoding MADs with

FV and VLAD. Yet, the accuracy is decreased for Gambling task, especially for the

lower values of p.

6.2.2 Analysis of Codewords

Recall that, estimation of a Gaussian Mixture Model (GMM) for mesh arc descrip-

tors provides a set of codewords corresponding to the center values of the individual

Gaussians in the mixture. In this subsection, we explore the contribution of a par-

ticular codeword (component of GMM) to classify the cognitive tasks by measuring

the energy (Euclidean norm) of the corresponding columns of FVs. Recall that, the

columns of the kth Gaussian in a FV encoding is [GA
µK
,GA

σK
] for a set A of MADs. If
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(a) MAD (b) FV-MAD

(c) VLAD-MAD (d) BoW-MAD

Figure 6.7: Classification accuracy (%) measured for each task of HCP dataset.

we denote the corresponding columns of the kth Gaussian in the FV encoding using

all training data by Gk = [GµK ,GσK ], then the energy is measured by the Euclidean

norm ‖Gk‖2. We denote a Gaussian whose FV columns have the lowest energy by

GLE, and the one whose FV columns have the highest energy by GHE.

Next, we visualize N -dimensional codewords obtained from MADs without using

PCA or ICA. Each codeword corresponds to a mesh pattern formed around a seed

node, particularly a seed region. Large values of codeword elements represent that,

the MAD formed between the region corresponding to the codeword element and its

seed region has large value. Similarly, small values of codeword elements indicate

small values of MADs between seed region and the corresponding region. As an ex-

ample, we plot codewords for p = 40 (we form local meshes around seed nodes with

their 40 nearest neighbors) and k = 20 (the number of Gaussians in the mixture equals
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Codeword1 Codeword2 Codeword3 Codeword4 Codeword5

Codeword6 Codeword7 Codeword8 Codeword9 Codeword10

Codeword11 Codeword12 Codeword13 Codeword14 Codeword15

Codeword16 Codeword17 Codeword18 Codeword19 Codeword20

Figure 6.8: Codewords of brain connectivity dictionary obtained by FVs for encoding

of MADs with p = 40. Codewords are visualized using BrainNet Viewer [155], and

depicted in an order such that Codeword1 and Codeword20 represent the codeword

of GHE, and GLE, respectively.
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Figure 6.9: Effect of removing Gaussian mixture components from representation

on classification accuracy. Results of removal of Gaussians, whose FV entries have

high energy (GHE) are plotted with solid lines while results of removal of Gaussians,

whose FV entries have low energy (GLE) are plotted with dashed lines. The numbers

next to GHE and GLE correspond to the number of neighboring nodes in mesh (p).

For example, GHE10 represents removal of Gaussians, whose FV entries have high

energy such that GMMs are estimated for MADs formed with p = 10. It can be ob-

served that removal of GHE decreases the accuracy much more compared to removal

of GLE.

to 20), in Figure 6.8. Notice from Figure 6.8 that, codewords represent different mesh

patterns. For example, Codeword1 represents a mesh pattern in which MADs formed

between a seed region and regions residing in the occipital lobe have large values

while MADs formed between a seed region and the other regions have smaller val-

ues. Recall that, each GMM component obtained without using PCA corresponds to

2N columns of FVs. In Figure 6.8, we provide visualization of the Gaussians in an

order from GHE to GLE by plotting the codewords of the corresponding Gaussians.

The results show that codeword of GHE has large values mainly in the occipital lobe.

On the other hand, codeword of GLE has large values in central structures including

Caudate, Putamen and Thalamus.
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Simonyan et al. [135] showed that GHEs represent the facial features whereas the

GLEs cover the background areas. In other words, they stated that GHEs are signif-

icant for comparing human face images. Following our results, we conjecture that

GHEs convey task discriminative information. In order to validate this assumption,

and investigate the relationship between the energy of FV columns of Gaussians and

the classification accuracy, we employ an energy based feature selection scheme for

FV encoding. For this purpose, we select and remove columns from FVs, and per-

form classification. When we remove FV columns with minimum and maximum

energy, we observe that the accuracy decreases slightly and significantly, respectively

(see Figure 6.9). We conclude that, GHEs provide more task discrimination power to

classifiers compared to GLEs.

6.3 Experiments on Performances of Multi-resolution Mesh Networks for Cog-

nitive State Classification

Recall that, in Section 5.1 we propose a framework called, hierarchical multi-resolution

mesh networks (HMMNS), in which we fuse the decisions of classifiers trained with

multi-resolution mesh networks under a hierarchical ensembling architecture.

In this section, first, we test the representation power of HMMNs for cognitive state

classification, in different subbands. Then, we test the boosting effect of fusion of

all subbands. After that, we investigate the significance of meta-layer and base-layer

features. Finally, we explore the diversity of base-layer classifiers. Since visual ob-

ject recognition and emotional memory retrieval datasets do not contain enough mea-

surements collected during stimulus presentation for multi-resolution analysis, in this

subsection we provide classification results of only HCP dataset.

6.3.1 Performances of Cognitive State Classification

In order to decode the cognitive tasks of HCP dataset, first, we decompose the original

fMRI signals into L = 6 levels, and obtain 2L + 1 subbands to compute multi-

resolution representations of fMRI data. Next, for each subband, we estimate the

mesh arc descriptors, at each resolution to obtain a total of 2L+1=13 coarse-to-fine
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brain networks for each task.

In order to optimize the mesh size p and the regularization parameter λ, we per-

form cross validation on the mesh arc descriptors obtained from the original sig-

nal. We searched for the optimal parameters for p ∈ {10, 20, 30, 40} and λ ∈
{32, 64, 128, 256, 512}. We optimize the parameters λ and p for each band sepa-

rately using cross validation. After we estimate these parameters, we use classifiers

trained with the corresponding mesh arc descriptors in the ensembles. We perform

between-subject classification such that, we train classifiers using optimal parameters

with data collected from 707 subjects and test classifiers with data collected from 101

subjects at each of the 8 folds.

For comparison, we also compute the connectivity graphs where arc descriptors corre-

spond to Pearson correlation coefficients computed between pairs of nodes (anatom-

ical regions). Finally, as a baseline, we train and test the classifiers using vectors of

representative time series, which are computed for each node (anatomic region) and

for each subband. In summary, we train logistic regression classifiers by three feature

sets, namely, mesh arc descriptors (MAD), pairwise correlations (PC) and vector of

representative time series of regions (RTS).

Recall that in Section 5.4.2, we fuse the posterior probabilities obtained at the output

of the classifiers to form the decision space by concatenating them under the same

vector space. The vectors in the decision space are then used as the input to the

meta-layer of FSG, where logistic regression classifiers are trained and tested. For

comparison, we also fuse decisions of classifiers using majority voting (MV) and

weighted majority voting (WMV) approaches. In majority voting method, all of the

classifiers have equal confidence, whereas in weighted majority voting, the classifica-

tion performances of each classifier obtained in training step are used as descriptors.

Table 6.11 shows classification accuracy obtained for features extracted from HCP

dataset using approximation and detail parts of various levels of decomposition. Note

that A0 corresponds to the original fMRI signal. It is observed that feature vectors

formed by mesh arc descriptors, suggested in this thesis perform substantially bet-

ter compared to Pearson’s pairwise correlation and the representative time series of

regions for each subband. We also observe that, when mesh arc descriptors and pair-
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Table 6.11: Classification performances (%) of approximation and detail parts of

decomposition levels l ∈ [0, 6] at the output of base-layer classifiers of FSG, trained

and tested by three sets of feature vectors, namely, mesh arc descriptors (MAD),

pairwise correlation (PC) and representative time series (RTS). The performances are

obtained on HCP dataset.

MAD PC RTS

Level Al Dl Al Dl Al Dl

0 97.15 - 89.97 - 16.11 -

1 97.35 47.38 90.06 19.78 17.93 14.25

2 97.49 63.60 90.19 37.62 27.67 16.80

3 97.49 87.69 89.29 74.08 37.16 16.39

4 96.98 93.79 86.90 82.25 40.45 29.03

5 94.98 95.24 78.06 87.94 43.28 48.20

6 81.45 93.41 49.88 86.81 44.38 51.11

wise correlations are used, the best classification performances of approximation part

is obtained at levels 2 and 3, whereas the best performance of the detailed part is

observed at level 5. On the other hand, representative time series, although performs

substantially low compared to mesh arc descriptors, give the best classification per-

formances at level 6. It is interesting to note that for all of the features in l ∈ [5, 6],

the information content obtained in the detail part (high resolution part) is more dis-

criminative compared to approximation part.

Table 6.12 shows the performance of fusion of the ensemble of classifiers using mesh

arc descriptors, pairwise correlation and region time series as the input of logistic

regression classifiers, at the base layer. The classifier ensemble is formed by fusing

the subbands from 2 to 2L base-layer classifiers. In addition to FSG, two popular

ensemble learning algorithms, namely, majority voting (MV) and weighted majority

voting (WMV) are used for comparison purpose. Among the feature sets, mesh arc

descriptors give substantially higher brain decoding performances at the output of all

of the ensemble learning methods. We observe that the performances increase as the

number of subbands increases when mesh arc descriptors (HMMNs), pairwise cor-
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Table 6.12: Classification performances (%) of fuzzy stacked generalization (FSG),

majority voting (MV) and weighted majority voting (WMV) methods, obtained using

mesh arc descriptors, pairwise correlation (PC) and representative time series (RTS).

Numbers with + or - sign show the standard deviation of the performances obtained

during the cross validation.

Level
Mesh-FSG

(HMMNs)
Mesh-MV Mesh-WMV

2 97.9 ± 0.8 90.7 ± 0.8 97.5 ± 0.8

3 98.2 ± 0.6 96.9 ± 0.8 97.7 ± 0.7

4 98.7 ± 0.6 97.9 ± 0.8 98.0 ± 0.8

5 98.9 ± 0.7 98.4 ± 0.7 98.3 ± 0.7

6 99.0 ± 0.6 98.3 ± 0.7 98.3 ± 0.7

Level PC-FSG PC-MV PC-WMV

2 90.6 ± 2.5 85.3 ± 2.4 90.4 ± 2.1

3 92.3 ± 2.0 90.7 ± 2.1 92.5 ± 1.9

4 93.5 ± 1.5 91.5 ± 1.9 91.1 ± 1.9

5 94.9 ± 1.3 92.0 ± 1.9 91.7 ± 2.1

6 95.8 ± 0.8 92.6 ± 1.8 92.4 ± 1.9

Level RTS-FSG RTS-MV RTS-WMV

2 42.3 ± 0.9 18.2 ± 0.7 20.9 ± 1.1

3 47.7 ± 1.2 18.6 ± 1.0 27.0 ± 1.2

4 61.9 ± 0.9 20.5 ± 1.0 32.5 ± 2.1

5 82.8 ± 0.9 26.7 ± 1.6 40.34 ± 1.7

6 92.1 ± 1.3 35.2 ± 1.6 49.8 ± 1.6

relation (PC-FSG) or representative time series of regions (RTS-FSG) are fed at the

input of the base layer classifiers of FSG. The proposed HMMN method gives the best

performance as 99%. This results show the power of the suggested HMMN model

for representing and decoding the cognitive tasks from the fMRI data recorded during

these tasks. Specifically, mesh network, which models the multiple local connectivi-

ties among the anatomic regions, have much better representation power compared to
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pairwise correlation or representative time series. Also, fusing the network informa-

tion extracted from each subband boosts the performance of the individual subbands

which may indicate that the subbands, indeed, carry complementary information. Fi-

nally, the suggested FSG architecture fuses the diverse information coming from the

subbands with a better performance compared to majority voting and weighted ma-

jority voting.

6.3.2 Analysis and Interpretation of Topology of Mesh Network

In order to analyze the topology of mesh network at various subbands, suggested in

Section 5.3 we compute the out-degree of nodes of mesh network, strength of nodes of

mesh network, betweenness centrality of nodes of mesh network and global efficiency

of mesh network for different approximation and detail subbands separately.

Figure 6.10 shows the average node out-degrees on a human brain template for all

subbands. In these plots, average node out-degrees are quite low and similar to each

other at high decomposition levels of approximation parts. Note that, for subbands

A1−A4, regions mainly in frontal lobe, especially in supplementary motor area, pre-

central regions, bilateral superior frontal regions and bilateral medial frontal regions

(see Figure 6.11) have large out-degrees. We, also, observe large out-degrees in pre-

cuneus. On the contrary, olfactory gyrus, and bilateral pallidum and rectus regions

have relatively smaller out-degrees. In lower subbands, we observe approximately

same number of node out-degrees for all regions.

Similarly, we observe large out-degrees mainly in frontal lobe for the detail parts at

subbands D1 − D4. Also, superior frontal gyri, medial frontal gyri precentral and

precuneus regions have large out-degrees (see Figure 6.12). Nodes with small out-

degrees for these subbands correspond to bilateral olfactory, pallidum, rectus regions

together with amygdala and bilateral medial temporal poles. Comparison of Figure

6.11 and Figure 6.12 reveals that the behavior of node degree distribution, specifically,

the location of peaks are quite similar for the approximation and detail parts. This fact

indicates that the node degrees of brain regions are represented in both approximation

and detail parts, consistently.
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Figure 6.10: Overlay of the average out-degrees of nodes of mesh networks formed

for HCP dataset on human brain templates for approximation ([A1 − A6]) and detail

([D1 − D6]) subbands. Darker blue colors denote smaller out-degrees while darker

red colors denote larger out-degrees.
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Figure 6.11: Average out-degrees of nodes (anatomical regions) of mesh networks

formed at subbands [A1, A6]. Maximum values show the massively connected

anatomic regions whereas the minimum values show the rarely connected regions.
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Figure 6.12: Average out-degrees of nodes (anatomical regions) of mesh networks

formed at subbands [D1, D6]. Maximum values show the massively connected

anatomic regions whereas the minimum values show the rarely connected regions.

97



A1 A2 A3

A4 A5 A6
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Figure 6.13: Overlay of the average out-strengths of nodes of mesh networks formed

for HCP dataset on human brain templates for approximation ([A1 − A6]) and detail

([D1 −D6]) subbands. Darker blue colors denote smaller out-strengths while darker

red colors denote larger out-strengths.
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Figure 6.14: Average strength of nodes (anatomical regions) of mesh networks

formed at subbands [A1, A6]. Note that the strength and variations among the anatom-

ical regions decrease as the level increases.
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Figure 6.15: Average strength of nodes (anatomical regions) of mesh networks

formed at subbands [D1, D6].
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Figure 6.13 represents node out-strengths for each subband. It can be observed that

as the decomposition level increases, the values of node out-strength decreases and

approaches to each other within the subband. This behavior is observed in both ap-

proximation and detail parts of fMRI signal.

In order to further analyze the strength values of anatomical regions, we plot them

for approximation (Figure 6.14) and detail (Figure 6.15) parts separately. Regions

with maximum node strength in subbands [A1, A5] are right medial frontal, inferior

and medial occipital (left) and bilateral middle frontal orbital gyri while regions with

minimum node-strength are bilateral superior frontal gyri, precuneus (left), middle

frontal (left). Although there is a great resemblance at the location of the peaks,

relative node out-strength values of regions change within the subbands. For example,

the highest node out-strength value in A1 is observed at right medial frontal, inferior

region; whereas the highest peak in A4 is in left parietal inferior region. Note that

for subbands [A6, A11], all regions have similar out-strength values, yielding almost

a flat distribution. This observation may be attributed to the negligible amount of

information conveyed in subbands with higher levels than l = 7.

Figure 6.15 shows node out-strength behavior for detailed parts of mesh networks. In

this case, regions with maximum node strength values in subbands [D1, D6] are bilat-

eral middle frontal orbital, bilateral superior frontal orbital and bilateral angular gyri.

On the other hand, regions with minimum node strength are superior frontal medial

(left), superior frontal (right), precentral (left), precuneus (left) and postcentral (left)

regions. For subbands [D6, D11], all regions have similar and low strength values.

Note that, the detail parts distribute the node out-strength across the bands more than

the approximation parts, where most of the node out-strength is observed in subbands

D1 −D11.

We also analyze the total out-strength of mesh networks by summing out-strengths

over all nodes. The results obtained for total strength in Figure 6.16 show that as the

decomposition level increases, total strength of approximation part decreases mono-

tonically. On the other hand, total strength of detail parts shows a slight increase up

to level 4, and then decreases with increasing level of decomposition.

We computed betweenness centrality of each node and for each subband, separately
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Figure 6.16: Average total strength of all mesh networks formed for each task cate-

gory, over the subbands, for approximation and detail parts.

(see Figure 6.17). Results reflect that, as the decomposition level increases, between-

ness centrality of nodes decreases, and approaches to zero for majority of the nodes.

In other words, we have more hub candidates at lower decomposition levels. No-

tice that, although betweenness centrality values are large for subbands A1 − A4, we

can still observe that different regions have different centrality values within a sub-

band. In these subbands, angular gyrus and inferior occipital gyrus are the main hub

candidates.

In order to analyze hub candidates for each subband, we plot node betweenness cen-

trality values for approximation (Figure 6.18) and detail (Figure 6.19) parts. For sub-

bands [A1, A5] hub candidates are bilateral middle temporal pole, inferior occipital

(right), angular (right), Heschl gyri and hippocampus (see Figure 6.18). For subbands

[A6, A8], we have similar hubs including amygdala (left), bilateral middle frontal or-

bital, bilateral rectus. For [A9, A11] all nodes have similar centrality values.

On the other hand, hub candidates for subbands [D1, D2] are bilateral parahippocam-

pal gyri, bilateral frontal medial orbital, while for subbands with larger classification

accuracy ([D3, D5]), hub candidates are middle temporal pole (left), bilateral frontal

medial orbital, bilateral angular. For larger levels of decomposition, all regions have

similar centrality values.

We analyze the global efficiency of all graphs formed for each task in a subband. Note

that, we used only the positive arc descriptors in our graphs to find global efficiency.
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A1 A2 A3

A4 A5 A6

D1 D2 D3

D4 D5 D6

Figure 6.17: Overlay of the average betweenness centrality of nodes of mesh

networks formed for HCP dataset on human brain templates for approximation

([A1 − A6]) and detail ([D1 − D6]) subbands. Darker blue colors denote smaller

betweenness centrality while darker red colors denote larger betweenness centrality.
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Figure 6.18: Average betweenness centrality of nodes (anatomical regions) of mesh

networks formed at subbands [A1, A6].
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Figure 6.19: Average betweenness centrality of nodes (anatomical regions) of mesh

networks formed at subbands [D1, D6].
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Figure 6.20: Average global efficiency of all mesh networks formed for each task

category, over the subbands, for approximation and detail parts.

Our results in Figure 6.20 show that, as the decomposition level increases, global

efficiency monotonically decreases in the approximation parts of data. We observe

a similar behavior for the detail parts. However, global efficiency slightly increases

in subbands [D1, D3] then start to decrease monotonically. Recall that, efficiency is

related to the small-world property of the networks. Based on our results, we can

say that our graphs formed at lower decomposition levels are more likely to exhibit

small-world property than the ones obtained at higher levels.

6.3.3 Significance Analysis of Meta-layer Features

Recall that, in Section 5.4.3 we estimate the significance of class membership val-

ues using absolute value two-sample t-test with pooled variance estimate and assign

z-values to MADs. In this subsection, we investigate the significance of subbands

with respect to the cognitive tasks by analyzing the significance of class membership

values. Figure 6.21 denotes the significance of meta-layer features (class member-

ship values) to classify the cognitive tasks in terms of maximum z-values among all

the task categories obtained at each subband. High z-values indicate that the cor-

responding class memberships have high discriminative power for related tasks in a

given subband, whereas the low z-values correspond to less significant class member-

ships. The general trend of approximation parts in Figure 6.21 shows relatively high
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Figure 6.21: Significance of each task at each subband. Maximum z values of class

memberships obtained using absolute value two-sample t-test with pooled variance

estimate for subbands [A1, A6] and [D1, D6]. z values are computed under one versus

all condition. The bars show the maximum of z-values obtained from the membership

values during one-versus-all task classification for each task category.

z-values in subbands [A1 − A4], which means that class memberships obtained for

these subbands are powerful to discriminate all the categories.

Z-values for task category Language, Motor and Social are relatively high (above

200) compared to those of the Emotion, Gambling, Relational and Working Memory

categories, in subbands [A1 − A4] .

Behavior of detail parts in Figure 6.21 are rather different compared to approxima-

tion parts. z-values for task categories Emotion, Motor, Relational and Social task

categories reach to maximum z-values at D5 and then decrease at D6. Task cate-

gories Language and Social have the highest z-values for detail parts at D4 and D5,

respectively. Subbands D1 and D2 have very low z-values compared to the rest of the

subbands, which may be an indication of the noise embedded in the original signal.

In summary, variations of z-values with respect to the subbands, show the discrimi-

native power of each subband for a specific task. This observation indicates that the

tasks are best represented in different subband combinations.

6.3.4 Significance Analysis of Base-layer Features

Recall that, features of HMMN to train the base-layer classifiers are mesh arc descrip-

tors (MADs) obtained for each task at each subbands. Figure 6.22 and Figure 6.23
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(a) A1 subband. (b) A2 subband.

(c) A3 subband. (d) A4 subband.

(e) A5 subband. (f) A6 subband.

Figure 6.22: The most significant mesh arc descriptors that discriminate a specific

task from others for different approximation subbands. Color of the mesh arc indi-

cates the task that is discriminated from the others by the corresponding mesh arc

descriptor.

represent the most significant mesh arc descriptors which discriminate a specific task

from others for subbands [A1−A6] and [D1−D6], respectively. We observe that, the

significant mesh arc descriptors are formed between distinct anatomical region pairs

for different tasks within a subband.

Mesh arcs between the seed region rolandic operculum and its neighbors, namely,

postcentral gyrus and superior temporal gyrus are significant to discriminate Emo-

tion task, for subbands [A1 − A5, D6] and [A5, A6], respectively. Moreover, the mesh

arc formed between precuneus and superior parietal gyrus is discriminative for sub-
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(a) D1 subband. (b) D2 subband.

(c) D3 subband. (d) D4 subband.

(e) D5 subband. (f) D6 subband.

Figure 6.23: The most significant mesh arc descriptors that discriminate a specific

task from others for different detail subbands. Color of the mesh arc indicates the

task that is discriminated from the others by the corresponding mesh arc descriptor.

bands [A1−A4, A6, D1, D2] while the one formed between pars triangularis and pars

opercularis is significant for D1 and D2.

Relationships that discriminate Gambling task from others are formed around mid-

dle frontal gyrus with its neighbors, namely, dorsal middle cingulum and anterior

middle cingulum. The former is significant for subbands [A1 − A4] while the lat-

ter is significant for subbands [A1 − A3]. In addition, interhemispheric relation be-

tween bilateral superior parietal gyri carry discriminative information for subbands

[A1 − A3, A5, D4 −D6]. The mesh arc between superior parietal gyrus and superior

occipital gyrus is also significant for subbands A2, A3, D5 and D6.
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We observe that the significant mesh arcs for Language Processing task are mainly

formed around right heschl gyrus with its neighbors, namely, right postcentral gyrus,

bilateral superior temporal gyri and right insula regions, for subbands [A1 − A3] and

D4−D5. Moreover, interhemispheric relations between left and right heschl gyri and

left and right superior temporal gyri are observed for A1, A2 and [D2 −D4].

We also identified significant mesh arcs formed around the seed region inferior pari-

etal lobule between medial temporal gyrus and medial occipital gyrus, for subbands

[A3−A5] and [A1−A3, D5], respectively. ForD1, there is no significant mesh arc de-

scriptor for Language processing task. We can conclude that, relationships of regions

heschl gyrus, superior temporal gyrus and inferior parietal lobule with their neighbors

are significant for Language processing.

Mesh arcs, formed between seed region paracentral lobule and its neighbors, namely,

postcentral gyrus and supplementary motor area carry significant information for Mo-

tor tasks. While the former is significant for subbands [A1 − A6] and [D3 −D6], the

latter is significant for [A1 − A5] and [D4 − D6] . Moreover, mesh arc descriptor

formed between suppramarginal gyrus and supplementary motor area carry discrimi-

native information in subbands [A3 − A5] and D6. Relationship between postcentral

and frontal medial orbital is discriminative for subbands A1, A2 and A6. For subband

D1, the significant mesh arc descriptors are formed around seed region paracentral

lobule with inferior occipital gyrus and inferior temporal gyrus. For subband D2, we

obtain a significant mesh descriptor formed between frontal medial orbital and post-

central gyrus. We can infer that, meshes formed around paracentral lobule, postcen-

tral gyrus, supplementary motor ares and frontal medial orbital with their neighbors

represent information to discriminate Motor task from others.

The most significant mesh arc descriptors to discriminate Relational Processing task

from other tasks are formed between calcarine region and its neighbors, middle oc-

cipital gyrus for subbands [A1 − A5, D5, D6], fusiform gyrus for subbands [A1 −
A3, A5, D5, D6] and superior parietal gyrus for subbands [A1 −A3]. Moreover, mesh

arcs formed between the region pairs (middle occipital gyrus - inferior occipital

gyrus), (supramarginal gyrus - inferior parietal gyrus), (superior parietal gyrus - post-

central gyrus) and (middle temporal gyrus - middle occipital gyrus) are significant for
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subbands [A1, A2], [A1 − A6], [A1 − A3] and [A5, A6, D2, D3] respectively.

Mesh arcs between superior parietal gyrus and its neighboring regions, namely mid-

dle occipital gyrus, middle frontal gyrus represent information to discriminate Social

Processing task, for subbands [A1 − A4, D1], [A1, A2, D4], respectively. Moreover,

for subbands D3 and D4, arc descriptors of mesh formed around superior parietal

gyrus with its neighbors, namely, cuneus and calcarine are significant. Additionally,

the mesh arc descriptor formed between middle temporal gyrus and angular gyrus is

significant for subbands A3 and D1. It can be observed that, relationships between

superior parietal gyrus and its neighbors represent information to discriminate Social

Processing task from others.

Mesh arcs, that discriminate Working Memory task from others are mainly around

fusiform gyrus. Mesh arcs between seed region fusiform gyrus and neighboring re-

gions,namely, middle occipital gyrus, superior occipital gyrus and cuneus are signif-

icant for subbands [A1 − A6, D5, D6], [A1 − A3, D6] and [A1 − A3, D3 − D5]. On

the other hand, the most significant mesh arc descriptor for subband D1 is the one

between superior frontal orbital and superior inferior frontal regions.

Notice that, the mesh arcs denoted in Figure 6.22 and Figure 6.23 are the ones that

carry information to discriminate only a specific task from others. Although major-

ity of the significant arc descriptors carry discriminative power for only one task,

here exists a few of them which are important for multiple tasks. Among them, the

mesh arc between (left inferior parietal - left angular gyrus), (precentral - postcen-

tral), (left middle occipital - right middle occipital), (left inferior occipital - right

inferior occipital) and (middle temporal gyrus - middle occipital gyrus) pairs are sig-

nificant for multiple tasks for subbands [A1−A3, A6, D2−D4], [A1−A5, D2, D4, D5],

[A1 − A5, D5, D6] and [A1 − A5, D4, D6], [A1 − A4, D2], respectively. Our results

reflect that, there does not exist a mesh arc descriptor, which is significant for all tasks

and all subbands.

We can conclude that within the same subband, generally the significant mesh arc de-

scriptors differ for each task. Moreover, the same task is represented best by different

mesh arc descriptors for different subbands. Therefore, we can say that base-layer

classifiers trained with mesh arc descriptors obtained at different subbands model di-
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(a) Approximation subbands. (b) Detail subbands.

Figure 6.24: Average z-values of top-20 mesh arc descriptors that discriminate a

specific task from others for different subbands.

verse information.

Recall from Section 5.4.4 that, we take the most discriminative 20 mesh arc descrip-

tors with maximum z-values and we identify the ones that are significant to discrimi-

nate only a specific class from others in this set. The reason why we choose the best

20 MADs is to make sure that we obtain MADs (significant for only one task) for

all of the 7 tasks. In order to understand the power of top-20 mesh arc descriptors

to discriminate a specific task from others, we plot average z-values of top-20 mesh

arc descriptors for each subband in Figure 6.24. Dark red color represents the high-

est discriminative power whereas dark blue color represents the lowest discriminative

power.

We observe from Figure 6.24a that, top-20 mesh arc descriptors that discriminate

Language, Motor and Social Processing tasks from others are more powerful in sub-

bands [A1−A4]. Moreover, significant mesh arc descriptors to discriminate Emotion

and WM tasks are observed in subbands [A3−A5] and A5 respectively. Top-20 mesh

arc descriptors that discriminate Relational and Gambling tasks form others are much

less powerful compared to the other tasks. Average z-values obtained at subband A6

are lower compared to other approximation subbands. The representative power of

mesh arc descriptors is relatively low for Gambling task. This fact is observed from

the last rows of matrices of the approximation and detail subbands, which show the

average significance of MADs to discriminate Gambling from others in Figure 6.24.
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Figure 6.24b shows that average z-values increase as the level increases. Note that,

while at subbands D1 and D2 the top-20 mesh arc descriptors carry the least discrim-

inative power, they carry the most discriminative power at D6.

6.3.5 Analysis of Diversity of Base-layer Classifiers

Remember that, in Section 5.4.5 we employ a number of classifier diversity measures

to understand whether classifiers trained with multi-resolution mesh networks repre-

sent complementing information. In this subsection, we provide the diversity values

obtained with pairwise and non-pairwise measures.

Table 6.13 shows the diversity measures for the classifier groups starting from com-

bining subbands in the first two levels, A1, D1, A2 and D2 and then, adding pairs of

approximation and detail parts at each level. Higher values of coincident failure di-

versity (CFD), generalized diversity (GD) and lower values of double fault measure

(DF), mean correlation coefficient (Mean ρ), measure of difficulty (θ) correspond to

more diversity of classifiers.

In Table 6.13, the arrows (↑) or (↓) denote that the diversity is greater if the measure

is higher or lower, respectively. Note that the diversity measures consistently show a

slight decay in diversity, then it gets better as we add more levels reaching to the best

diversity, when we include the classifiers trained in all subbands. This observation

shows that all of the subbands carry complementary information about the cognitive

tasks.

Comparison of Table 6.12 and 6.13 shows the relationship between the diversity mea-

sures and classification accuracy. Note that, performances and diversities increase

proportionally, as we add classifiers to the ensemble. These results show that the in-

formation about the task categories released in each subband complements each other.

Therefore, fusing the base-layer classifiers results in boosted performances.
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Table 6.13: Diversity measures obtained for ensemble of classifiers trained with mesh

arc descriptors. The arrow specifies whether diversity is larger if the measure is

smaller (↓) or larger (↑).

Pairwise Non-pairwise

Level DF(↓) Mean ρ(↓) CFD(↑) GD(↑) θ(↓)
2 0.06 0.25 0.83 0.74 0.05

3 0.04 0.27 0.86 0.76 0.03

4 0.03 0.27 0.88 0.78 0.03

5 0.03 0.26 0.89 0.79 0.02

6 0.03 0.24 0.89 0.79 0.02

6.4 Experiments and Results of Multi-resolution Mesh Networks for Gender

Classification

In order to test the power of the suggested HMMN model, we conduct another set of

experiments, in addition to cognitive task classification. In this set of experiments,

we add another level that aims to fuse the information obtained from multiple tasks

into our architecture and we try to identify the genders from fMRI recordings.

In this subsection, we first share the performances of gender classification experi-

ments obtained by fusing multi-resolution multi-task mesh networks under a 2-level

hierarchical architecture. Then, we analyze the significance of MADs obtained for

different tasks and subbands to discriminate gender.

6.4.1 Gender Classification Experiments and Results

In this subsection, we provide gender classification performances of base layer clas-

sifiers trained with mesh networks formed for different tasks and different subbands.

We investigate the results obtained by fusing decisions of task-classifiers, subband-

classifiers and both. We compare the results of using mesh arc descriptors (MAD),

pairwise correlations (PC) between anatomical regions and representative time series

(RTS) as features to train and test base layer classifiers.
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Table 6.14: Classification performances (%) obtained with classifiers trained with

mesh networks formed for different cognitive tasks. We compare the classification

performances obtained using mesh arc descriptors (MAD), pairwise correlations (PC)

and representative time series (RTS)
.

Emotion Gambling Language Motor Relational Social WM

MAD 80.07 82.05 80.82 80.69 80.20 82.80 79.33

PC 74.50 74.88 77.60 73.27 74.13 75.87 71.66

RTS 84.41 82.92 84.53 83.04 84.16 83.42 83.29

6.4.1.1 Performances Obtained for Each Cognitive Task

We first perform gender classification experiments for each cognitive task separately

by collecting the MADs of mesh networks under feature matrices and using genders

of individuals under label vectors. At this stage, we do not decompose the original

signal A0 into multiple subbands. Moreover, we do not ensemble the decisions of

classifiers trained for different tasks. The results obtained for each task is presented

in Table 6.14. We observe that, RTS discriminates gender better than MADs or PC

between regions for all tasks. The results may be explained in such a way that, unlike

classification of cognitive states, the long sequence of fMRI measurements collected

under cognitive tasks carry gender discriminative information and modeling relation-

ship among nodes lead to a slight decrease in the gender discriminative power when

original fMRI signal is employed.

6.4.1.2 Performances Obtained for Each Subband of Each Cognitive Task

For this experiment, we present the gender classification results obtained for each sub-

band of each task. We do not fuse decisions of classifiers and provide separate base

layer classifier performances obtained for subbands [A1−A6] and [D1−D6]. Results

obtained for each subband of each task using mesh arc descriptors, Pearson corre-

lation and representative time series are presented in Figure 6.25. We observe that,

as the decomposition level increases, gender classification performances obtained for

tasks decrease when mesh arc descriptors and Pearson correlation are used as features.
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(a) Classification performances obtained using mesh arc descriptors as input to the logistic regression

classifier at each subband for each cognitive task.
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(b) Classification performances obtained using pairwise correlations (PC) as input to the logistic

regression classifier at each subband for each cognitive task.
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(c) Classification performances obtained using representative time series as input to the logistic

regression classifier at each subband for each cognitive task.

Figure 6.25: Gender classification performances obtained for each subband and

each task separately, using three different feature sets, namely, mesh arc descriptors

(MAD), pairwise correlation (PC) and representative time series (RTS).
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(a) Performances obtained for subbands [A1 −A6]
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(b) Performances obtained for subbands [D1 −D6]

Figure 6.26: Gender classification results performances by the 1-level fusion of deci-

sions of task-classifiers

On the other hand, gender classification performances obtained using representative

time series for subbands [A1 − A6] are high and do not differ significantly. This

shows that all of the approximation subbands carry same amount and type of infor-

mation contained in each task concerning the gender. Moreover, we observe slight

changes in the classification performances obtained using representative time series

for subbands [D1 − D6], which are much lower than the performances of subbands

[A1 − A6]. Notice that, without fusion of classifier decisions, maximum gender clas-

sification results are obtained with representative time series.
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6.4.1.3 Performances Obtained by 1-level Fusion of Task-Classifiers

In order to observe the complementary information about gender at each cognitive

task, we fuse the decisions of task-classifiers, which are trained with mesh networks

formed while individuals perform different cognitive tasks. We expect that the clas-

sification performances are boosted when the task-classifiers collaborate with each

other.

In this set of experiment, we fuse the decisions of classifiers trained for all tasks at

each subband separately as shown in Figure 5.4. Besides computing the performances

of meta layer classifiers, we also ensemble the decisions of base layer task-classifiers

using majority voting (MV) for comparison. Figure 6.26 represents the classification

performances obtained by fusing the decisions of task-classifiers with fuzzy-stacked-

generalization (FSG) and majority voting (MV). We infer from Figure 6.26a that, fu-

sion of task-classifiers at approximation subbands of small decomposition levels lead

to better FSG and MV performances with mesh arc descriptors and Pearson correla-

tion. On the other hand, fusion of task-classifiers with FSG and MV gives nearly the

same performance (around 85%) when representative time series are used as the input

of the base-layer classifiers. For subbandsA0−A4 raw data gives lower performances

compared to mesh arc descriptors whereas for subbands A4 −A6 representative time

series outperform mesh arc descriptors and pairwise correlation.

The performances obtained by the fusion of task-classifiers at detail subbands in

Figure 6.26b reflect that as the decomposition level increases, FSG and MV perfor-

mances decrease except for D5, when mesh arc descriptors and Pearson correlation

are used as the features at the input of base-layer classifiers. Also, FSG and MV per-

formances obtained with representative time series vary much less compared to mesh

arc descriptors and Pearson correlation. Representative time series performs worse

than mesh arc descriptors and Pairwise correlation for subbands D1 −D6.

6.4.1.4 Performances Obtained by 1-level Fusion of Subband-Classifiers

In Section 6.3, we show that fusion of decision of classifiers trained with multi-

resolution mesh networks boosts the accuracy of cognitive state classification. In this
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(a) Performances of FSG when the input of each base-layer classifier is the mesh arc descriptors.
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(b) Performances of FSG when the input of each base-layer classifier is the pairwise correlation
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(c) Performances of FSG when the input of each base-layer classifier is the representative time

series

Figure 6.27: Gender classification performances obtained by the 1-level fusion of

decisions of subband-classifiers using fuzzy stacked generalization (FSG).
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(a) Performances of MV when the input of each base-layer classifier is the mesh arc descriptors.
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(b) Performances of MV when the input of each base-layer classifier is the pairwise correlation.
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(c) Performances of MV when the input of each base-layer classifier is the representative time

series.

Figure 6.28: Gender classification performances obtained by the 1-level fusion of

decisions of subband-classifiers using majority voting (MV).
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section, we analyze whether combining information obtained from multi-resolution

mesh networks also increases the gender classification performance.

In this set of experiments, we fuse the decisions of subband-classifiers for each task

separately as shown in Figure 5.5. Note that, for different levels of decomposition, we

fuse different numbers of subband-classifiers. Therefore, in Figure 6.27 and Figure

6.28, we share the classification performances obtained at different levels of decom-

position. We observe that, performances obtained by fusing the decisions of classi-

fiers with FSG using mesh arc descriptors (see Figure 6.27a) and pairwise correlation

as inputs (Figure 6.27b) increase for all tasks as the decomposition level increases and

more subband-classifiers are used in the ensemble. However, performances obtained

by fusing the decisions of classifiers with FSG using representative time series shown

in Figure 6.27c do not change for any of the tasks with decomposition level. Maxi-

mum results obtained for all tasks with mesh arc descriptors, pairwise correlation and

representative time series vary in the ranges 81.19%−87.62%, 83.79%−86.26% and

83.54%− 85.02%, respectively.

On the other hand, performances obtained by fusing the decisions of classifiers trained

with mesh arc descriptors with MV (see Figure 6.28a) first increase up to level 4

and then decrease up to level 6 for all tasks. Moreover, performances obtained with

pairwise correlation shown in Figure 6.28b are similar for all levels. Finally, MV

results of representative time series in Figure 6.28c increase as the decomposition

level increases. When the decisions of classifiers are fused with MV, maximum re-

sults obtained for all tasks with mesh arc descriptors, pairwise correlation and rep-

resentative time series vary in the ranges 75.00% − 80.57%, 76.11% − 81.93% and

81.68%− 84.53%, respectively.

6.4.1.5 Performances Obtained by 2-level Architecture Containing Fusion of

Task-Classifiers Followed by Fusion of Subband-Classifiers

Recall from Figure 5.6 that, in order to understand the complementing information

obtained from multi-resolution, multi-task mesh networks, we fuse the decisions of

classifiers trained with these mesh networks in a 2-level architecture. In this sub-

section, we present the results of fusion of base layer task-classifiers followed by
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fusion of subband-classifiers of first meta layer in Table 6.15. We fuse the decisions

of subband-classifiers of first meta layer using FSG and MV. Experimental evidence

show that fusing the information coming from different subbands and different tasks

leads to an increase in the performance. Employing mesh arc descriptors or pairwise

correlation results in a boost in the performance of 2-level architecture containing fu-

sion of task-classifiers followed by fusion of subband-classifiers compared to single

subband, single task or 1-level fusion results. Among them, mesh arc descriptors lead

to the best accuracy (94.06%). When MV is used to fuse the decisions of subband-

classifiers of first level meta layer, we obtain the best result with mesh arc descriptors

(92.45%), compared to pairwise Correlation (91.58%) and representative time series

(84.53%).

Table 6.15: Gender classification performances obtained by the 2-level fusion of task-

classifiers followed by fusion of subband-classifiers

MAD PC RTS

Level FSG MV FSG MV FSG MV

1 91.34 88.74 87.25 86.76 84.90 56.44

2 92.82 90.72 92.45 90.10 84.53 64.36

3 93.19 92.45 92.57 91.21 84.41 73.27

4 93.32 91.34 93.19 91.58 84.65 79.46

5 93.07 91.09 93.07 90.59 84.53 83.54

6 94.06 90.59 93.56 90.59 84.53 84.53

We can infer from Table 6.15 that, employing FSG performs slightly better than MV

and mesh arc descriptors lead to the best results compared to Pearson correlation and

representative time series. Also, we can say that FSG works better for larger decom-

position levels in which more number of classifiers are included in the ensemble when

mesh arc descriptors and Pearson correlation are used.
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Table 6.16: Gender classification results obtained by the 2-level fusion of subband-

classifiers followed by fusion of task-classifiers

MAD PC RTS

Level FSG MV FSG MV FSG MV

1 90.97 91.58 87.13 85.15 84.65 84.90

2 92.95 91.46 92.20 89.85 84.65 84.90

3 93.19 91.96 92.33 89.60 84.41 84.41

4 93.32 92.45 91.71 90.97 84.65 84.78

5 93.44 91.96 92.08 90.47 84.28 84.90

6 93.69 92.57 93.07 91.34 84.90 84.90

6.4.1.6 Performances Obtained by 2-level Architecture Containing Fusion of

Subband-Classifiers Followed by Fusion of Task-Classifiers

In order to test the effect of the order of fusion for task-classifiers and subband-

classifiers on the gender classification performance, we first fuse the decisions of

subband-classifiers and then those of task-classifiers. We compare the performances

obtained by this architecture with the ones given in previous subsection.

We compute the classification performances of 2-level architecture, in which deci-

sions of the base layer subband-classifiers are fused in the first meta layer and their

decisions are further fused in the second meta layer as shown in Figure 5.7. Simi-

lar to previous architecture, we fuse the decisions of subband-classifiers of first level

meta layer using FSG and MV. FSG results in Table 6.16 reflect that, mesh arc de-

scriptors discriminate gender slightly better than pairwise correlation and much better

than representative time series. We observe that the best performances of mesh arc

descriptors and pairwise correlation are obtained when decomposition level is larger.

On the other hand, performances do not increase with the level of decomposition for

representative time series. We can infer that, classifiers trained with multi-resolution

and multi-task representative time series do not carry complementing information.

However, mesh arc descriptors and pairwise correlation features extracted for multi-

resolution and multi-task contain complementing information such that we observe

an increase in the classification accuracy as we fuse more subband-classifiers.
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We also get the best MV performances using mesh arc descriptors compared to other

features as shown in Table 6.16. We observe that performances obtained using FSG

are slightly better than the ones obtained using MV when mesh arc descriptors and

pairwise correlation are used as features.

By comparing the classification performances given in Table 6.15 and Table 6.16, we

can conclude that the order of fusion of subband-classifiers or task-classifiers in our

2-level architecture do not change the gender classification accuracy significantly.

6.4.2 Analysis of Gender Discriminative Power of Mesh Arc Descriptors

Is there any relationship between anatomical regions, which carry information to dis-

criminate gender independent from the cognitive task the individual is performing? Is

there a specific region that is significant to discriminate gender only the individual is

performing a specific task? In order to answer these questions, we analyze the gender

discriminative power of MADs in this subsection as explained in Section 5.5.2.

We suffice to show the anatomical regions of the top-50 mesh arc descriptors with

corresponding subbands in Figures 6.29 - 6.35 for each task separately, since we can

understand the overall distribution of significant MADs to subbands by plotting only

the best 50 MADs. We denote the number of tasks under which the corresponding

mesh arc descriptor is discriminative for the corresponding task with the numbers in

parenthesis following the names of region pairs. We observe that the mesh arc de-

scriptor formed between right inferior parietal and right angular regions is the most

gender discriminative descriptor for Emotion (see Figure 6.29), Gambling (see Fig-

ure 6.30) and Relational Processing (see Figure 6.33) tasks for subbands D1 and D2.

Similarly, this mesh arc descriptor takes place in top-50 most discriminative mesh

arc descriptors of remaining tasks. Also, the mesh arc descriptors formed between

right middle occipital and right inferior parietal region pairs for subband D1 and right

inferior parietal and right superior parietal region pairs for subbands D1 and D2 carry

gender discriminative information under all of the 7 cognitive tasks. Notice that, the

mesh arc descriptors formed between reverse order of these region pairs are discrim-

inative for all tasks as well.
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Figure 6.29: Top 50 gender discriminative MADs obtained for Emotion

In addition to the discriminative mesh arc descriptors for all tasks, there exist the

ones which are discriminative for only a specific cognitive task. Notice that, mesh

arc descriptors formed between the region pairs left inferior frontal orbital & left in-

ferior temporal, right medial superior frontal & right middle temporal, left middle

occipital & left inferior occipital, left supplementary motor area & left precentral and

right middle frontal orbital & right inferior frontal orbital are very discriminative un-

der only Gambling (see Figure 6.30), Language Processing (see Figure 6.31), Motor

(see Figure 6.32), Relational Processing (see Figure 6.33) and Working Memory (see

Figure 6.35) tasks, respectively. Also, mesh arc descriptor between left and right sup-

plementary motor areas carry gender discriminative information under only Emotion

task whereas the one between right middle temporal and right inferior occipital re-

gions is discriminative under Social Processing task. All of the mesh arc descriptors

which are discriminative under a specific task are denoted with (1) followed by the

corresponding region pairs in Figures 6.29 - 6.35.

From Figures 6.29 - 6.35 we can also infer that, for large levels of decomposition,

we rarely observe gender discriminative mesh arc descriptors. We observe a few dis-
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Figure 6.30: Top 50 gender discriminative MADs obtained for Gambling

Figure 6.31: Top 50 gender discriminative MADs obtained for Language Processing
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Figure 6.32: Top 50 gender discriminative MADs obtained for Motor

Figure 6.33: Top 50 gender discriminative MADs obtained for Relational Processing
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Figure 6.34: Top 50 gender discriminative MADs obtained for Social Processing

Figure 6.35: Top 50 gender discriminative MADs obtained for Working Memory
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criminative mesh arc descriptors at level 6 under Language, Relational Processing and

Working Memory tasks. On the other hand, D1 is the subband that has the majority

of the discriminative mesh arc descriptors for all tasks.

We observe that MAD formed between left inferior parietal and left angular regions

occurs in the top-10 list of 21 feature matrices among 154. Moreover, MADs formed

between right middle cingulum - left middle cingulum, left frontal superior medial -

left frontal inferior orbital, right frontal superior orbital - right frontal middle orbital

regions occur more in top-10 lists compared to other MADs.

MADs denoted in Figures 6.29 - 6.35 carry gender discriminative information for

multiple tasks. Especially, the ones formed between the first six pairs are significant

for more than or equal to 5 tasks, meaning that relationship between these regions

have gender discriminative power independent from the task that the participant is

performing. On the other hand, we obtain MADs which discriminate gender under

a specific task. For example, the ones formed between right inferior frontal orbital

- right middle frontal orbital and right cuneus - left temporal middle represent gen-

der discriminative information only under working memory (WM) task. Moreover,

MADs formed between left anterior cingulum - left superior temporal pole and right

posterior cingulum - left middle cingulum discriminate gender only when participants

perform social processing task. Similarly, MADs formed between the region pairs,

left middle cingulum - left posterior cingulum and right middle temporal - right an-

gular carry gender discriminative information under Language processing task. How-

ever, majority of the significant MADs discriminate gender under multiple tasks.

Figures 6.29 - 6.35 show that MADs formed between region pairs carry gender dis-

criminative information for multiple subbands. We observe that, mesh descriptors

formed between the first six region pairs of Figures 6.29 - 6.35 are discriminative

for at least five distinct subbands. Note that, mesh arc descriptors formed between

region pairs right angular - right inferior parietal, right middle occipital - right infe-

rior parietal, right inferior parietal - right superior parietal and left inferior occipital -

left middle temporal carry discriminative information for only subbands D1 and D2,

which are similar subbands.

In our analyses, we do not derive conclusions from the perspective of neuroscience.
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Instead, we only mention the general distribution of significant MADs to different

subbands and tasks. We can only infer from our results that, mesh arc descriptors

formed between different region pairs may be significant for different subbands. In

other words, it is not the case that a few subbands carry gender discriminative in-

formation while others do not. Therefore, we can conclude that taking decisions of

multiple subbands into consideration during gender classification is crucial.

6.5 Chapter Summary

In this chapter we provided performances of our classification experiments and results

of our further analyses. First of all, we showed that classification of cognitive states

using MADs within functional (FLM) and spatial (SLM) neighborhoods gives better

accuracy compared to state-of-the-art feature representations including mesh features

discarding temporal information, pairwise correlations, representative time series and

extracted features using PCA and ICA. We also validated our neighborhood assump-

tion by analyzing the model error.

Then, we showed the superiority of Fisher Vector encoding of MADs over raw MADs,

VLAD or BoW encoding of MADs and other state-of-the-art fMRI representations.

Moreover, we identified a relationship between the energy of columns of Fisher vec-

tors and classification accuracy and conclude that Gaussians with high energy lead to

features with more discriminative power. Recall that, we also introduced a method to

visualize brain connectivity dictionary on a human brain template.

Following the extraction of MADs from original fMRI signals, we provided results

of multi-resolution experiments. We showed that fusion of multi-resolution mesh

networks boosts the classification accuracy of MADs extracted from original resolu-

tion fMRI signal. Our analyses results reflected that classifiers trained with multi-

resolution mesh networks represent diverse information related to cognitive states so

that their fusion leads to the complementation of diverse information. We further

showed that multi-resolution multi-task mesh networks represent diverse information

related to gender. By fusing the multi-task, multi-resolution information in a 2-level

hierarchical architecture, we obtained the best gender classification accuracy.
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CHAPTER 7

CONCLUSION AND FUTURE WORK

It is not knowledge, but the act of

learning, not possession but the act of

getting there, which grants the greatest

enjoyment.

Carl Friedrich Gauss

In this thesis, we proposed novel representations and frameworks to discriminate cog-

nitive states and gender from fMRI data. We first introduced mesh networks formed

by ensembling a set of Functionally Local Meshes (FLM) or Spatially Local Meshes

(SLM), in which nodes are represented as a weighted linear combination of its neigh-

boring nodes. We estimated the temporal relationships among nodes, called Mesh

Arc Descriptors, using ridge regression by employing all the fMRI measurements

recorded during a state. We showed that representing fMRI signal in terms of es-

timated MADs of mesh networks discriminates cognitive states better compared to

state-of-the-art fMRI representations, including raw fMRI time series or pairwise re-

lationship between them.

Motivated by the success of encoding methods, especially Fisher Vector encoding,

applied on local descriptors in computer vision domain, we encoded our local de-

scriptors (MADs), using Fisher Vector (FV), Vector of Locally Aggregated Descrip-

tors (VLAD) and Bag-of-Words (BoW) methods. Our cognitive state classification

results reflect that MADs are good local descriptors for encoding approaches and FV

encoding of MADs yield a boost in the classification accuracy. We also identified a

relationship between the energy of FV columns of Gaussians in the GMM and classi-
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fication accuracy, such that Gaussians, whose FV columns have higher energy repre-

sent more discriminative information. Finally, we suggested a visualization method

to plot codewords (means of Gaussians) on a human brain template. This way, we

could clearly visualize the relationship patterns revealed by codewords of Gaussians.

Moreover, by sorting the codewords based on the energy their Gaussian columns have

in FV, we could analyze the discriminative power of relationship patterns provided by

the codewords.

It is postulated that human brain is assumed to process information in multiple fre-

quency bands in [72, 141]. Based upon this observation, we argued whether multi-

resolution fMRI data represent distinct information which can be combined under a

fusion architecture. In order to verify our arguments, we proposed a multi-resolution

framework, called Hierarchical Multi-resolution Mesh Networks (HMMNs), in which

first we decompose the fMRI signal into multiple frequency subbands using Discrete

Wavelet Transform and its inverse. Then, for each subband, we estimated MADs

around all nodes and form multi-resolution mesh networks. Finally, we fused the in-

formation obtained from multi-resolution mesh networks under Fuzzy Stacked Gen-

eralization (FSG) architecture. We observed that, multi-resolution mesh networks

represent complementing information and fusion of these networks under FSG archi-

tecture boosts the cognitive state classification accuracy. Results of both significance

tests of meta-layer and base-layer features and classifier diversity measures validated

our assumption.

Finally, we hypothesized that MADs of multi-task multi-resolution mesh networks

carry diverse information to discriminate gender and fusion of these networks yields

better classification accuracy. For that purpose, we suggested a 2-level FSG architec-

ture, in which these two layers are responsible for the fusion of diverse information

coming from distinct subbands and distinct cognitive tasks. We showed that, fusing

the representations computed at multiple resolutions for multiple tasks provides the

best gender classification accuracy compared to fusion of representations obtained

using only multi-task or only multi-resolution data. Besides, mesh arc descriptors

slightly outperformed pairwise correlations between regions, and significantly outper-

formed representative time series. In addition to classification accuracy, significance

tests also validated our hypothesis.
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7.1 Future Work

The proposed mesh network representations and multi-resolution frameworks per-

form well with fMRI data collected from healthy participants for cognitive task and

gender classification. A future direction of this study can be the application of the

suggested approaches to resting state fMRI data. This way, our approaches can be

applied for the identification of diseases such as Alzheimer’s disease, Schizophrenia,

etc. from resting state networks.

We showed that gender of a participant can be identified with a substantially high clas-

sification performance when participants perform multiple tasks. It is observed that

gender information is complementary in different cognitive tasks. Another research

direction would be to record fMRI measurements from patients while they perform

multiple tasks and investigate whether the disease can be diagnosed more precisely

while patients perform multiple tasks.

The proposed methods of this thesis can, also, be applied to the identification of

demographic information, such as age or ethnicity of participants from their fMRI

measurements. Ethnicity analysis may reveal significant connectivity patterns unique

to a specific ethnicity. On the other hand, a machine learning approach to age analysis

may be crucial for the discovery of change in connectivity patterns with age.

In this thesis, temporal relationships are extracted from fMRI data in a hand-crafted

way. Yet, deep learning methods are successful in almost all areas today and types of

Recurrent Neural Networks may be suitable to extract significant temporal relation-

ships among region time series. The problem of task fMRI data is that it has limited

number of measurements while deep architectures require a large amount of data.

We believe that, when the number of data would increase, the success of modeling

temporal relationships would increase.
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Mühendisliği Sempozyumu (UYMS), 2014.

21. Itir Onal, Mete Ozay, Orhan Firat, Ilke Oztekin, Fatos T. Yarman Vural, An

Information Theoretic Approach to Classify Cognitive States Using fMRI, 13th

IEEE International Conference on BioInformatics and BioEngineering (BIBE),

2013.

22. Itir Onal, Mete Ozay, Orhan Firat, Ilke Oztekin, Fatos T. Yarman Vural, An-

alyzing the Information Distribution in the fMRI measurements by estimating

the degree of locality, 35th Annual International Conference of the IEEE Engi-

neering in Medicine and Biology Society (EMBC), 2013

23. Orhan Firat, Mete Ozay, Itir Onal, Ilke Oztekin, Fatos T. Yarman Vural, Func-

tional Mesh Learning for Pattern Analysis of Cognitive Processes, 12th IEEE

International Conference on Cognitive Informatics and Cognitive Computing

(ICCI*CC), 2013. (Best Paper Award).

24. Orhan Firat, Mete Ozay, Itir Onal, Ilke Oztekin, Fatos T. Yarman Vural, Rep-

resentation of Cognitive Processes Using the Minimum Spanning Tree of Lo-

cal Meshes, 35th Annual International Conference of the IEEE Engineering in

Medicine and Biology Society (EMBC), 2013.

25. Itir Onal, Karani Kardas, Yousef Rezaeitabar, Ulya Bayram, Murat Bal, Ilkay

Ulusoy, Nihan Kesim Cicekli, A framework for Detecting Complex Events in

Surveillance Videos, 3rd IEEE International Workshop on Advances in Auto-

mated Multimedia Surveillance for Public Safety (AAMS-PS 2013).

26. Itir Onal, Mete Ozay, Orhan Firat, Ilke Oztekin, Fatos T. Yarman Vural, Infor-

mation Distribution Analysis in the fMRI measurements with Degree of Local-

ity Estimation, IEEE 21th Conference on Signal Processing and Communica-

tions Applications (SIU), 2013.

156



27. Orhan Firat, Mete Ozay, Itir Onal, Ilke Oztekin, Fatos T. Yarman Vural, Cogni-

tive Processes Representation Using Minimum Spanning Tree of Local Meshes,

IEEE 21th Conference on Signal Processing and Communications Applications

(SIU), 2013.

28. Orhan Firat, Mete Ozay, Itir Onal, Ilke Oztekin, Fatos T. Yarman Vural, A

Mesh Learning Approach for Brain Data Modeling, IEEE 20th Conference on

Signal Processing and Communications Applications (SIU), 2012.

157


	ABSTRACT
	ÖZ
	ACKNOWLEDGMENTS
	TABLE OF CONTENTS
	LIST OF TABLES
	LIST OF FIGURES
	LIST OF ABBREVIATIONS
	NOMENCLATURE
	Introduction
	Motivation and Problem Definition
	Contributions of the thesis
	Organization of the thesis

	An Overview of Representation and Encoding of fMRI data for Cognitive State and Gender Classification
	Multi-Voxel Pattern Analysis
	Representation of fMRI Signal
	Encoding Methods
	Multi-resolution Representation of fMRI Data
	Fusion of Classifier Decisions
	Gender Classification
	Chapter Summary

	Experimental Setup and fMRI Data Collection 
	Visual Object Recognition Experiment
	Emotional Memory Retrieval (EMR) Experiment
	Human Connectome Project (HCP) task fMRI Data
	Preprocessing and Analysis of Neuroimaging Data

	A New Representation of fMRI Data and its Encoding
	Mesh Representation of fMRI Signal with Respect to Functional and Spatial Neighborhoods
	Node Time Series
	Neighborhood Systems
	Construction of Local Meshes
	Estimation of Mesh Arc Descriptors (MADs)
	Classification of Cognitive States using Mesh Networks

	Generation of Brain Connectivity Dictionary and Encoding of Mesh Arc Descriptors 
	Fisher Vector (FV) Encoding
	Vector of Locally Aggregated Descriptors (VLAD)
	Bag-of-Words (BoW)

	Chapter Summary

	Hierarchical Multi-Resolution Mesh Networks (HMMNs)
	Multi-resolution Representation of fMRI Signals
	Estimation of Multi-resolution Mesh Arc Descriptors
	Network Topology and Connectivity Analysis of HMMNs
	Connectivity Analysis by Degree of Nodes of Mesh Network
	Connectivity Analysis by Strength of Nodes of Mesh Network 
	Connectivity Analysis by Betweenness Centrality of Nodes of Mesh Network
	Connectivity Analysis by Global Efficiency

	Multi-resolution Mesh Networks for Cognitive State Classification
	Graph Embedding of Multi-resolution Mesh Networks
	Fusion of Multi-resolution Brain Networks under a Hierarchical Ensemble Learning Architecture
	Significance of Meta-layer Features Representing Class Membership Values Obtained from Classifiers Trained with Multi-resolution Mesh Networks
	Significance of Base-layer Features Representing Connectivity Among Anatomical Regions
	Diversity of Base-layer Classifiers

	Multi-resolution Mesh Networks for Gender Classification
	Fusion of Multi-resolution Multi-task Mesh Networks under Fuzzy Stacked Generalization (FSG)
	Fusion of Decisions of All Base-Layer Task-Classifiers
	Fusion of Decisions of All Base-Layer Subband-Classifiers in a Task
	Fusion of Base-Layer Task-Classifiers in a Subband Followed by Fusion of Meta-Layer Subband-Classifiers
	Fusion of Base-Layer Subband-Classifiers in a Task Followed by Fusion of Meta-Layer Task-Classifiers

	Gender Discriminative Power of MADs

	Chapter Summary

	Experiments and Results
	Experiments and Results of Employing Mesh Arc Descriptors
	Comparison of Mesh Arc Descriptors with State-of-the-art fMRI Features
	Classification Results for Brain Decoding
	Analysis of Similarity Measures for Neighborhood Selection to Form Local Meshes
	Analysis of Local Meshes
	Statistical Analysis of Correlations of Voxels
	Statistical Analysis of Models


	Experiments and Results of Encoding the Mesh Arc Descriptors
	Classification Results
	Analysis of Codewords 

	Experiments on Performances of Multi-resolution Mesh Networks for Cognitive State Classification
	Performances of Cognitive State Classification
	Analysis and Interpretation of Topology of Mesh Network
	Significance Analysis of Meta-layer Features
	Significance Analysis of Base-layer Features
	Analysis of Diversity of Base-layer Classifiers

	Experiments and Results of Multi-resolution Mesh Networks for Gender Classification
	Gender Classification Experiments and Results
	Performances Obtained for Each Cognitive Task
	Performances Obtained for Each Subband of Each Cognitive Task
	Performances Obtained by 1-level Fusion of Task-Classifiers
	Performances Obtained by 1-level Fusion of Subband-Classifiers
	Performances Obtained by 2-level Architecture Containing Fusion of Task-Classifiers Followed by Fusion of Subband-Classifiers
	Performances Obtained by 2-level Architecture Containing Fusion of Subband-Classifiers Followed by Fusion of Task-Classifiers

	Analysis of Gender Discriminative Power of Mesh Arc Descriptors

	Chapter Summary

	Conclusion and Future Work
	Future Work

	REFERENCES
	APPENDICES
	CURRICULUM VITAE

