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SUMMARY 

Graph theoretical methods have found extensive applications in the investigation 

of human brain networks across diverse disciplines. These fields encompass neuroscience, 

cognitive science, psychiatry and psychology, brain development, brain connectivity and 

disease, among others. Nevertheless, the predominant emphasis within the research 

utilizing graph theoretical methods in the study of human brain networks has been directed 

towards local and global graph metrics, while the significance of the information embedded 

within paths connecting distinct brain regions has received comparatively limited attention. 

However, an intricate examination of these paths and their potential disruption holds 

substantial potential for acquiring valuable insights, particularly in comprehending disease 

mechanisms. To identify the presence or absence of multi-step paths within the patient 

group, we propose an algorithm that estimates the edges contributing to these paths by 

comparing them to the control group. Subsequently, we employ a covariance 

decomposition method to investigate the connections between pairs of nodes through paths 

that are shared by both groups. Our proposed methodology is implemented to analyze 

resting-state functional magnetic resonance imaging (fMRI) data acquired from individuals 

with schizophrenia (SZ) and a control group. We investigate various modalities and 

features in both static and dynamic manner to comprehensively examine the differences 

between the two groups. A focus on a single modality may lead to incorrect inferences, 

which is especially important when a studied phenomenon is a disease. We introduce a 

method that takes advantage of multimodal data in addressing the hypotheses of 

disconnectivity and dysfunction within schizophrenia. Results show several disconnectors 
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in schizophrenia within and between functional domains, particularly within the default 

mode and cognitive control networks. Additionally, we identify new edges generating 

additional paths. Moreover, although paths exist in both groups, these paths take unique 

trajectories and have a significant contribution to the decomposition. The proposed path 

analysis provides a way to characterize individuals by evaluating changes in paths, rather 

than just focusing on the pair-wise relationships. Our results show promise for identifying 

path-based metrics in neuroimaging data.  

Furthermore, we have conducted a longitudinal study aimed at comprehending the 

processes associated with healthy aging. Understanding the neurobiological underpinnings 

of healthy aging is a complex endeavor that necessitates a multidimensional approach. By 

combining advanced neuroimaging techniques and cognitive assessments, we aim to assess 

the brain resilience observed in centenarians. We employ various methods to characterize 

functional brain networks and quantitatively compare centenarians and near-centenarian 

groups without dementia to younger adults. In this longitudinal study, we adopted different 

approaches to analyzing changes in brain networks of individuals from ages 36 to 100 years 

old from the human connectome project aging study. We first investigate static functional 

network connectivity (sFNC) and dynamic functional network connectivity (dFNC) with 

the calculation of dynamic metrics using resting-state functional magnetic resonance 

imaging data. Next, we apply a network science and graph theory approach using a 

Gaussian graphical model (GGM) approach to study both static and dynamic networks in 

a more global manner. Furthermore, we explore the correlation between various behavioral 

and clinical measures and diverse graph metrics, aiming to acquire a comprehensive 

comprehension of the cognitive capacities demonstrated by these exceptional individuals. 
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Finally, we utilize our proposed algorithm to analyze disrupted paths on the brain graphs 

of near-centenarians and centenarians. This enables us to detect potential path-based 

biomarkers. Results show significant difference between the default mode network and 

cognitive control network when comparing the age groups (36-46) and (96-100) after 

adjusting for multiple comparisons in the sFNC analysis The age group (96-100) displayed 

increased anticorrelation between the visual network and both the cognitive control and 

default mode networks. Furthermore, the older age group exhibited higher functional 

connectivity within the visual domain, particularly between the default mode and cognitive 

control domains.  dFNC analysis reveals that the centenarian group tends to spend more 

time within a dynamic state showing positive connectivity between the cerebellar and the 

visual domain. A static GGM analysis showed that local efficiency, transitivity, and 

modularity decrease with the aging process. In dynamic GGM analysis, we observed a 

significant difference between some graph metrics in some brain states. Also, the results 

imply that there may be a closer relationship between local efficiency, transitivity, and the 

cognitive and clinical aspects being studied, emphasizing their relevance in elucidating the 

functional organization of brain networks. In addition, our path analysis algorithm detected 

two disconnector edges within and between functional domains in the near centenarian 

group graph. One of them was found between the visual and cognitive control domains, 

and the other was within the cognitive control domain. The observed cognitive changes 

during healthy aging have been widely reported in several studies. Our findings are in line 

with the previous literature and offer more comprehensive insights into the changes that 

occur during the healthy aging process. 
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CHAPTER 1. INTRODUCTION AND LITERATURE REVIEW 

1.1  Introduction 

The human brain is one of the most complex networks, comprising about 86 billion 

neurons connected by about 150 trillion synapses allowing neurons to communicate and 

pass chemical or electrical signals to each other [1], [2]. Advances in graph-theoretical 

analysis provide an opportunity to examine and understand this complex network in human 

cognition and behavior as well as neurological and psychiatric disorders [2], [3], [4].  

Graphs have been employed as models for intricate systems. Graph theory provides 

a straightforward and robust method to model, estimate and simulate the structure and 

dynamics of brain networks [1], [4], [5], [6]. A brain network, also referred to as a brain 

graph, is a fundamental construct within neuroscience, comprising a collection of nodes or 

vertices that represent distinct brain regions. These nodes are interconnected by edges or 

links, which signify some measure of structural or functional interaction between the 

corresponding brain regions. The edges in a brain network capture the connections, 

relationships, or dependencies that exist among these nodes, thereby delineating the 

complex architecture of the human brain. The nodes in a brain network typically represent 

specific anatomical regions or functional units, delineated based on predefined brain atlases 

or parcellation schemes. The edges, on the other hand, encode the relationships between 

these brain regions, reflecting structural connections, such as white matter tracts, or 

functional interactions, such as correlations in neural activity or information flow. Brain 

networks serve as a powerful framework for investigating the organization and 

communication dynamics of the human brain. By representing the brain as a graph, 
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researchers can employ graph theoretical methods to analyze and quantify various network 

properties, including measures of integration, segregation, centrality, modularity, and 

resilience. These metrics provide insights into the underlying architecture and functional 

properties of the brain network, shedding light on the complex interplay between different 

brain regions and their contributions to cognition, behavior, and various neurological and 

psychiatric conditions [2], [4].  

The combination of graph theory and state-of-the-art noninvasive brain imaging 

techniques has shown promise in the detection of potential biomarkers of mental disorders 

[3], [2]. Brain function can be localized through functional magnetic resonance imaging 

(fMRI) that assesses the blood oxygenation level-dependent (BOLD) signal from the brain 

[7]. Brain functional (network) connectivity assesses temporal statistical relationships 

between brain regions or networks. There is a vast literature on using graph-based methods 

to analyze brain functional (network) connectivity patterns applying fMRI data [2], [3], 

[4], [8]. Different graph metrics were used in these studies to characterize the brain graphs, 

such as clustering coefficient, modularity, characteristic path length, small-world, and 

assortativity [3], [2]. For instance, clustering coefficient, local and global efficiency have 

been shown to be lower in functional brain graphs in people with schizophrenia (SZ) 

compared to controls [9], [10].  

However, the predominant focus in the analysis of neuroimaging data has primarily 

revolved around examining changes in individual edges and nodes, as well as global graph 

metrics, while giving limited attention to the rich information embedded within the paths 

that connect various brain regions. In the context of graphical models, a path refers to a 

sequence of adjacent edges that connect a starting node (X) to an ending node (Y). Paths 
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play a crucial role in brain graphs, and understanding the disruption of these paths within 

the patient group's graph holds significant potential for gaining insights into the 

mechanisms underlying various diseases. Notably, it is important to acknowledge that 

different individuals may exhibit dropouts in different edges along the same path, 

highlighting the value of path-based analysis in capturing information that is typically 

overlooked by approaches focused solely on pair-wise relationships. 

Our primary contribution is to demonstrate the efficacy of employing a 

comprehensive path analysis, as opposed to an analysis focusing solely on individual 

edges, for the identification of potential path-based biomarkers derived from neuroimaging 

data. Within graph structures, interactions frequently occur among groups of three or more 

nodes that defy clear explanation based on pairwise relationships or isolated links. By 

employing path analyses, we can effectively investigate network dynamics beyond 

pairwise interactions. To this end, we present an algorithm capable of estimating the edges 

that contribute to disrupted paths, with reference to a control group, thereby facilitating the 

identification of key contributors to path-based abnormalities. 

We demonstrate the efficacy of the proposed algorithm by applying it to unimodal 

and multimodal data (resting state fMRI + structural MRI + diffusion MRI) obtained from 

individuals diagnosed with SZ versus control. This application encompasses the utilization 

of diverse features in both static and time-varying contexts. 

Moreover, we have undertaken a longitudinal investigation with the objective of 

gaining a comprehensive understanding of the underlying mechanisms related to the 

healthy aging in centenarian without dementia. As life expectancy continues to rise 
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worldwide, the quest for understanding healthy aging has become increasingly crucial. The 

World Health Organization (WHO) has described healthy aging as preserving the 

functional capacity to promote well-being in later life [11]. One remarkable phenomenon 

is the exceptional cognitive function exhibited by some centenarians. These exceptional 

individuals have not only achieved longevity but have also managed to maintain their brain 

health and cognitive abilities well into the later decades of their lives. Therefore, 

centenarians without a dementia diagnosis can be regarded as an exemplar of successful 

cognitive aging.  Investigating the factors that contribute to their preserved brain function 

provides valuable insights into the potential mechanisms of healthy aging. 

By employing resting-state fMRI and investigating the functional connectivity of the 

brains of cognitively healthy elderly individuals, we can not only gain insights into ways 

to sustain brain function in the later stages of life [12], [13], but also identify specific brain 

regions or networks that are particularly susceptible to age-related alterations, thus paving 

the way for targeted interventions to improve brain connectivity and cognitive function in 

elderly individuals. 

Understanding the neurobiological underpinnings of healthy aging is a complex 

endeavor that necessitates a multidimensional approach. By combining advanced 

neuroimaging techniques and cognitive assessments, we aim to assess the brain resilience 

observed in centenarians. We employ various methods to characterize functional brain 

networks and quantitatively compare centenarians and near-centenarian groups without 

dementia to younger adults. We first investigate static functional network connectivity 

(sFNC) and dynamic functional network connectivity (dFNC) with the calculation of 

dynamic metrics using resting-state functional magnetic resonance imaging data.  Our 



 5 

methodology involves the application of independent component analysis (ICA) to 

decompose the whole-brain fMRI data into spatial components that possess high degrees 

of independence. These components, known as intrinsic connectivity networks (ICNs), 

demonstrate consistent functional activity over time and can be treated as cohesive 

functional units. The sFNC matrix captures the interconnections between different ICNs 

throughout the entire duration of their temporal profiles, while the dFNC approach utilizes 

a sliding window technique to examine the temporal evolution of these functional network 

connections.  Next, we apply a network science and graph theory approach using a 

Gaussian graphical model (GGM) approach to study both static and dynamic networks in 

a more global manner. Furthermore, we explore the correlation between various behavioral 

and clinical measures and diverse graph metrics, aiming to acquire a comprehensive 

comprehension of the cognitive capacities demonstrated by these exceptional individuals. 

Finally, we employ our proposed algorithm to conduct an in-depth analysis of disrupted 

paths within the brain graphs of near-centenarians and centenarians. By leveraging this 

approach, we aim to identify potential path-based biomarkers that could serve as indicators 

of age-related brain changes and contribute to a better understanding of the factors 

influencing successful aging in individuals reaching advanced ages. 

1.2 Literature Review 

1.2.1 Graph Theoretical Approaches to Brain Connectivity 

The intricate network of the human brain stands as one of the most complex systems, 

and the progress made in graph-theoretical analysis presents a valuable opportunity to 

delve into the intricacies of this network in relation to human cognition and psychiatric 
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disorders [2, 3, 4, 14]. Graph theoretical approaches can be used to model brain networks 

and study their underlying topological properties after estimating the brain connectivity 

from the neuroimaging data. 

 Two main kinds of brain connectivity are functional connectivity and structural 

connectivity.  Functional connectivity describes functional associations among brain 

regions. Functional connectivity can be assessed by measuring the temporal correlation 

between spatially remote neurophysiological events using fMRI data [15]. Structural 

connectivity describes structural associations among different neuronal elements. 

Structural connectivity includes both morphometric correlation and anatomical 

connectivity. The morphometric correlation can be obtained by assessing the statistical 

interdependencies of morphological descriptors such as cortical thickness or gray matter 

volume between brain regions from structural MRI (sMRI) data. The anatomical 

connectivity can be assessed by examining the white matter fiber connections among gray 

matter regions from diffusion MRI (dMRI) data [15].  

A brain network or brain graph is composed of a set of nodes (vertices) as brain 

regions connected by a set of edges (links) as some  measure of structural or functional 

interaction between those brain regions [2, 4]. Brain graphs can be undirected or directed 

and unweighted or weighted. There are several graph-based metrics that will be introduced 

as follows. For a more detailed review of graph theory see [16]. 

The clustering coefficient is a measurement of a network that calculates the average 

clustering coefficient over all the network’s nodes. The clustering coefficient of a node is 

calculated by dividing the number of existing connections among the node’s neighbors by 
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all the possible connections between the node’s neighbors. Basically, the clustering 

coefficient quantifies the extent of local efficiency of information transfer of a network. 

The characteristic path length is the average minimum path length that links any pair of 

nodes in a network. Basically, it quantifies the global efficiency of a network in terms of 

inverse path length. The above two metrics can be applied to identify different classes of 

networks such as small-world, random networks, and regular networks. In a small-world 

network, there is a shorter characteristic path length in comparison with a regular network. 

Also, there is greater local interconnectivity than in a random network. Modularity is 

another network metric that recognizes modules of interconnected nodes that work together 

to achieve particular and distinctive functions. Connections within a module are denser in 

comparison with the connections between modules. The nodal characteristics of a network 

can be calculated by several metrics such as the node degree, efficiency, and betweenness 

centrality. The degree of a node in a network is the number of direct connections that it has 

to other nodes. The efficiency of a node in a network is the average of the inverse of the 

minimum path length between the node and all other nodes. The betweenness centrality of 

a node in a network is the number of shortest paths between any pair of nodes that run 

through this node. Essentially, the betweenness centrality enables us to detect the amount 

of influence a node has over the flow of information in a network. 

The integration of graph theory with advanced noninvasive brain imaging techniques 

presents a promising approach for identifying potential biomarkers associated with mental 

disorders [2, 3]. Brain function can be localized through fMRI that assesses the BOLD 

signal from the brain [7]. Extensive research has been conducted on the application of 

graph-based methods to analyze patterns of brain functional connectivity using fMRI data 
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[2, 3, 4, 8]. Various graph metrics have been employed in these studies to characterize brain 

graphs, including clustering coefficient, modularity, characteristic path length, small-

worldness, and assortativity  [2, 3]. For instance, clustering coefficient, local and global 

efficiency have been shown to be lower in functional brain graphs in people with 

schizophrenia (SZ) compared to controls [9, 10]. Studies utilizing resting-state fMRI data 

have reported topological alterations in the basal ganglia and limbic systems of patients 

with sleep-related hypermotor epilepsy [17]. Abnormalities in graph-based measures have 

also been observed in autism spectrum disorder (ASD) using resting-state fMRI data, 

demonstrating decreased modularity and clustering coefficient in individuals with ASD 

compared to controls [2, 6, 18, 19, 20].  

Nevertheless, the prevailing focus in the analysis of neuroimaging data has 

predominantly revolved around examining changes in individual edges and nodes, as well 

as utilizing global graph metrics, while affording limited attention to the valuable insights 

encapsulated within the paths that connect distinct brain regions. Within the framework of 

graphical models, a path is defined as a sequential arrangement of adjacent edges linking 

node X to node Y. These paths bear significant relevance within brain graphs, as the 

intricate details concerning disruptions occurring along these paths within the graphs of 

patient groups can provide crucial insights into the underlying mechanisms of diseases. 

It is essential to emphasize that path-based analysis offers a unique advantage by 

capturing information that remains concealed from approaches that solely focus on pair-

wise relationships. This is particularly important because different individuals may exhibit 

the absence of various edges along the same path. By considering the entirety of paths 

rather than isolated pairwise connections, path-based analysis unveils a wealth of 
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information that is typically invisible to traditional methodologies, facilitating a more 

comprehensive understanding of the intricate interplay between brain regions and their 

potential implications for disease processes.  

Our study presents a significant contribution by demonstrating the potential of a 

comprehensive path analysis, as opposed to an individual edge analysis, in the 

identification of potential path-based biomarkers derived from neuroimaging data. We 

specifically focus on comparing and analyzing paths within the brain graphs of control and 

patient groups. It is important to note that interactions within graphs often occur among 

groups of three or more nodes, which cannot be adequately explained solely by pairwise 

relationships or single links. The utilization of path analysis allows for a more thorough 

examination of network interactions beyond pairwise interactions. To facilitate the 

identification of absent paths (disconnection) and additional paths (abnormal integration) 

within the patient group compared to the control group, we introduce an algorithm that 

estimates the edges responsible for triggering these path alterations. This algorithm 

considers the control group graph as a reference. In addition, to examine path differences 

that are common across groups, we propose the use of a previously reported covariance 

decomposition method [21] in which the covariance between two nodes can be 

decomposed into a sum of weights associated with each of the paths connecting those two 

nodes.  

1.2.2 Gaussian graphical model (GGM) 

We conduct our path analyses under the Gaussian graphical model (GGM) 

framework to have an interpretable model of brain graphs from resting-state fMRI data. 
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GGM is frequently used to explore networks among multiple random variables and, in this 

study, represents the interaction between brain components. In a GGM, two variables are 

conditionally independent given all other variables, if and only if their corresponding off-

diagonal element in the precision matrix (inverse of the covariance matrix) is zero, and 

there is no edge between them. Therefore, the precision matrix in GGM summarizes the 

conditional dependence of network structure  [22]. 

Previous studies for network analysis, for the most part, focused on Pearson 

correlation-based matrices to measure the strength of association between nodes in a 

network. GGM is used to study the partial correlation structure of a set of variables and is 

a better way to model a complex network because of its interpretation with conditional 

dependence between two random variables after removing the effect of all other controlling 

variables. Pearson correlation, on the contrary, ignores the effect of all other variables [22]. 

There are many methods for estimating GGM. In this study, we chose to use the joint 

graphical lasso, which is a technique for jointly estimating multiple graphical models 

corresponding to distinct but related classes [23, 24, 25]. The joint estimation borrows 

strength across classes to boost the estimation of multiple graphical models that share 

certain characteristics while retaining support for class-specific structures. Additionally, 

estimating control and patient graphs separately using the group-specific data does not 

consider the similarity between the group models. Jointly estimating control and patient 

group graphs improves identifying the differences between groups by considering the 

assumption of similarity between the models. 

1.2.3 Static and dynamic brain functional connectivity 
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Recent brain imaging studies have demonstrated that brain functional connectivity is 

dynamic over time [26, 27, 28, 29]. However, prior brain graph-based studies focused 

predominantly on static functional connectivity with an implicit assumption of stationary 

brain interactions during the scanning period. Although static functional connectivity has 

disclosed a great deal of knowledge, evaluating brain connectivity changes across time can 

reveal additional valuable insight into the inherent dynamic connectivity of the human 

brain. Therefore, in addition to static, we analyze paths on time varying GGMs for control 

and patient groups. To our best knowledge, no study has provided a dynamic path-based 

comparison of time-varying brain graphs in group studies to identify possible brain 

abnormalities. 

1.2.4 Unimodal and multimodal brain imaging data 

This study makes an additional significant contribution by presenting a methodology 

that captures the phenomenon of disconnectivity within the patient group through the 

utilization of multimodal data. Integrating multiple modalities of measurement for 

examining the same phenomena offers valuable complementary information and facilitates 

a broader understanding from diverse perspectives, albeit acknowledging the inherent 

limitations associated with each modality. The importance of avoiding a singular focus on 

a single modality becomes particularly salient when investigating complex phenomena 

such as diseases. The rationale behind integrating multiple modalities resides in its 

potential to unveil concealed relationships within a collection of complementary 

observations, thereby facilitating the identification of crucial variations that can reconcile 

disparate findings within the realm of brain imaging [30, 31, 32]. Multimodal techniques 

take advantage of complementary information from each imaging modality to provide a 
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more comprehensive analysis of the brain and may provide a key to find missing links in 

complex mental illnesses, such as SZ [33, 34, 35]. For instance, temporal neural activity 

can be measured by fMRI [36], but it cannot provide information regarding the tissue type 

of the brain. This is better assessed by sMRI [37] and dMRI [38]. Most previous studies 

analyzed each modality separately, which may disregard the multimodal cross-information 

[39, 40]. We propose a modularity-based method that can be applied to the GGM to identify 

links that are associated with mental illness across a multimodal data set. Through 

simulation and real data, we show our approach reveals important information about 

disease-related network disruptions that are missed with a focus on a single modality.   

1.2.5 Application of the Proposed Method to Schizophrenia 

We illustrate the utility of the proposed method on MRI data of SZ.   SZ is commonly 

distinguished as a disorder of brain connectivity [41], though its diagnosis is mostly 

dependent on qualitative symptom-based measures [42]. It is characterized by functional 

disconnectivity [43] or abnormal integration between distant brain regions [26, 44]. Prior 

studies have shown functional connectivity abnormalities in SZ in a broad spectrum of 

systems that frequently involve prefrontal brain regions [5, 45, 46, 47]. Still, little is known 

about how this disconnection or abnormal integration manifests. We estimate time-varying 

and static graphs of the control and SZ group and apply our proposed method for 

comprehensive path analysis.  

1.2.6 Multimodal MRI studies in Schizophrenia 
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The number of multimodal MRI studies in SZ is still limited, as each study requires 

extensive knowledge in analyzing and interpreting the outcomes compared to unimodal 

studies. In this section, we provide a summary of previous studies that have utilized 

multimodal MRI data in SZ.  

In a study by [31], data collected from SZ patients and healthy controls were analyzed 

using joint independent component analysis across gray matter (GM) and task fMRI 

modalities. The findings revealed GM group differences in bilateral parietal lobe, frontal 

lobe, and posterior temporal regions, which were associated with bilateral temporal regions 

activated by auditory oddball target stimuli. Subsequent researchers investigated changes 

in white matter (WM) tract integrity and density in SZ using voxel-wise analyses of 

diffusion tensor imaging (DTI) and structural white matter (WM) images [48]. The results 

indicated abnormal WM changes primarily in the left hemisphere of SZ patients. 

Furthermore, a comprehensive evaluation of correlations between GM and task fMRI 

modalities throughout the whole brain revealed stronger correlations in healthy controls 

compared to SZ patients [49]. Another study by [50] involved calculating separate 

functional and anatomical connectivity maps, which were then combined for each subject. 

The analysis identified group differences and correlations with clinical symptoms using 

global, regional, and voxel measures. The results demonstrated lower anatomical 

connectivity and decreased coherence between DTI and resting fMRI in SZ patients, 

particularly within the default mode network. 

Brain connectivity abnormalities in SZ and their relationship with behavior were 

further explored [51]. Anatomical connectivity was assessed using DTI, while resting 

functional connectivity was assessed using resting-state fMRI. A hybrid independent 
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component analysis (ICA) approach was employed, which revealed reduced connectivity 

in SZ patients. In a study by [52]  [52], a multivariate multimodal methodology was utilized 

to examine the linkage between cognitive biomarkers of SZ and combined information 

from three MRI modalities: amplitude of low-frequency fluctuations (ALFF), GM, and 

fractional anisotropy (FA). The analysis revealed linked functional and structural deficits 

in a distributed cortico-striato-thalamic circuit, providing insights into cognitive 

impairment in SZ patients. Interactions between fMRI contrast maps from a working 

memory task and dMRI data were investigated using joint ICA [53], shedding light on 

structure-function relationships in SZ patients and characterizing linked functional and 

WM changes related to working memory dysfunction. Finally, a multimodal voxel-based 

meta-analysis [54] focused on brain regions with structural and functional abnormalities. 

The findings revealed decreased GM with hyper-activation in the left inferior frontal 

gyrus/amygdala and decreased GM with hypo-activation in the thalamus. 

In summary, there is considerable evidence of multimodal brain differences between 

SZ patients and healthy individuals. However, only a few studies have explored 

multimodal graphical models in this context, leaving room for further research in this area. 

 



 15 

CHAPTER 2. META-MODAL INFORMATION FLOW: A 

METHOD FOR CAPTURING MULTIMODAL MODULAR 

DISCONNECTIVITY IN SCHIZOPHRENIA 

In this chapter, we introduce a method that takes advantage of multimodal data in 

addressing the hypotheses of disconnectivity and dysfunction within schizophrenia (SZ). 

2.1 Chapter overview 

Our objective is to leverage multimodal data to address the hypotheses of 

disconnectivity and dysfunction within SZ. We aim to demonstrate that focusing on a 

single modality may lead to incorrect inferences, especially when studying diseases. We 

present a novel method that utilizes multimodal data to address the hypotheses of 

disconnectivity within schizophrenia. Initially, we estimate and visualize links within and 

between different multimodal data features using a Gaussian graphical model (GGM). 

Subsequently, we introduce a modularity-based approach that identifies links associated 

with mental illness across the multimodal dataset. Through simulations and real data 

experiments, we showcase how our method uncovers crucial information about disease-

related network disruptions that would be missed by solely examining a single modality. 

Specifically, we employ functional MRI (fMRI), diffusion MRI (dMRI), and structural 

MRI (sMRI) to compute the fractional amplitude of low-frequency fluctuations (fALFF), 

fractional anisotropy (FA), and gray matter (GM) concentration maps. Our modularity 

method is then applied to analyze these three modalities. The results obtained demonstrate 

the existence of missing links that are only captured by cross-modal information, which 
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may play a significant role in the disconnectivity between components. Notably, we 

identify multimodal (fALFF, FA, and GM) disconnectivity within the default mode 

network area in SZ patients. This finding would have been undetectable by focusing on a 

single modality. Our study highlights the importance of incorporating multiple imaging 

modalities to identify complex relationships in schizophrenia. By leveraging the proposed 

approach, we successfully uncover crucial multimodal information that is distributed 

across various imaging modalities. 

2.2 Introduction 

Multimodal imaging offers valuable and profound insights into brain health and 

disease [55, 56, 57, 30, 58, 32]. The reason for integrating modalities stems from its 

capacity to unveil concealed connections within a collection of complementary 

observations and identify significant variations that can bring together diverse findings in 

brain imaging [30, 31, 32]. By leveraging the complementary information from each 

imaging modality, multimodal techniques offer a broader and more comprehensive 

analysis of the brain. They hold the potential to unlock crucial insights and identify missing 

links in complex mental illnesses SZ [33, 34, 35]. For example, functional magnetic 

resonance imaging (fMRI) [36], allows for the measurement of temporal neural activity, 

while it does not provide insights into the tissue composition of the brain. The assessment 

of brain tissue type is better accomplished through the utilization of structural MRI (sMRI) 

[37] and diffusion MRI (dMRI) [38]. Many prior studies have focused on analyzing each 

modality individually, potentially overlooking the valuable cross-information that can be 

derived from multimodal data [39, 40]. In Chapter 1, Section 1.2.6, we have provided a 

comprehensive overview of previous studies utilizing multimodal MRI techniques in the 
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context of SZ. Within this chapter, we present a novel approach aimed at estimating module 

disconnectivity within multimodal graphical models of the brain. While the brain graphs 

of individuals without neurological impairments typically demonstrate a modular 

community structure, neurodegenerative disorders such as schizophrenia can result in the 

disintegration of these otherwise healthy communities into smaller modules. Our objective 

is to utilize the aforementioned approach in order to integrate and examine three distinct 

types of magnetic resonance imaging (MRI) features collectively, with the intention of 

investigating alterations in connectivity associated with SZ. To accurately estimate the 

relationships among data modalities, we employ the three-way parallel independent 

component analysis (pICA) approach [32] . Our methodology begins by estimating and 

visualizing connections within and between the extracted multimodal data features using a 

Gaussian graphical model (GGM). By utilizing this approach, we construct an interpretable 

graphical model that effectively represents the interactions between brain components 

within and across the modalities. For a more detailed understanding of the three-way pICA 

and GGM, please refer to the Theoretical Background Section 2.3. Subsequently, we 

present our novel approach based on modularity, which can be employed to analyze 

estimated group graphs of both patients and controls. This method aims to identify 

connections that are closely linked to mental illness within a multimodal dataset.  

The disconnection hypothesis describes SZ as a disease that disrupts the synaptic 

neuroplastic modulation in several brain systems [43]. This hypothesis was first laid out by 

Friston and Frith [59] and then followed by subsequent variants [60, 61, 43, 62]. The 

disconnection hypothesis has been related to both structural [63] and functional [64] brain 

networks. Our modularity-based method aims at finding missing links associated with 
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disconnectivity in SZ. There are some links (edges) in the healthy control group graph that 

play an important role in creating contiguously connected path(s) among identifiable brain 

(nodes). However, the disruption of some links in the patient group graph may lead to 

broken paths that split a healthy module into smaller ones in the SZ patient graph. By 

mimicking the structure of paths in the control group graph, we are trying to find those 

missing links that are associated with disconnectivity (absence of path) between some 

components in the patient group graph.  

We apply our method to real data collected from SZ patients and a healthy group 

including fMRI, dMRI, and sMRI. We compute fractional amplitude of low frequency 

fluctuations (fALFF), fractional anisotropy (FA), and gray matter (GM) maps as input 

features. Using synthetic and real data, we show that our approach reveals important 

information about disease-related network disruptions possibly missed in analyses relying 

on a single modality. This approach enables us to analyze the information flow in group 

graphs of healthy control and SZ patient groups to identify “blocked” paths in the patient 

group and “missing edges” associated with the disconnectivity. 

2.3 Theoretical background 

Within this section, we present a comprehensive theoretical framework for the data 

fusion technique employed in our study, namely the three-way parallel independent 

component analysis (three-way pICA) [32]. Additionally, we elucidate the Gaussian 

graphical model (GGM) approach, which serves as the graphical model utilized for 

extracting graphs pertaining to both control and patient groups. 

2.3.1 Three-way parallel ICA (pICA) 
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The parallel ICA (pICA) is a hypothesis-free statistical technique (data-driven) that 

extends ICA to analyze two modalities simultaneously [65, 66, 67]. It reveals independent 

components from each modality and estimates the relationships between two modalities 

[65, 67, 66]. However, data acquisition advancement allows us to collect more than two 

data modalities for each subject and better take advantage of the available data [32]. In the 

current work, we analyze MRI data from three modalities, and we use the three-way pICA 

approach to combine them [32]. This extends the original pICA [65] approach with an 

ability to incorporate three modalities in one comprehensive analysis. Several approaches 

for fusing data have been explored in brain imaging (see [33] for a review). The use of 

three-way pICA is preferred since it provides a relatively concise and straightforward way 

to compare the utility of the multimodal information. As Figure 2-1 shows, three-way pICA 

algorithm seeks to maximize the statistical independence of components, while at the same 

time increases the correlation (of loadings from the ICAs) among modalities. Three-way 

pICA uses the Infomax algorithm [68, 69] to maximize the independence cost functions of 

three ICA factorizations: X(1) = A(1)S (1), X(2) = A(2)S(2) and X(3) = A(3)S(3) [32]. It factorizes 

a matrix of observations (X) for each of three features into a matrix of loading coefficients 

(A) and a matrix that represents statistically independent components in the measurement 

space (S). The algorithm seeks the strongest related triplet among all possible column 

combinations using mean statistics for triplet relationship and subsequently, similarities 

across modalities are measured based on Pearson correlation gradient [32] . 
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Figure 2-1 – Three-way pICA. It uses the Infomax algorithm to maximize the 

independence cost functions and estimates the strongest related triplet among all 

possible column combinations using mean statistics for triplet relationship. 

subsequently, similarities across modalities are measured based on Pearson 

correlation gradient. 

2.3.2 Gaussian graphical model (GGM) 

We use GGM in order to construct an interpretable graphical model that represents 

interaction between components within and between the modalities. Since a Gaussian 

distribution is fully characterized by the mean vector and the covariance matrix, it suffices 

to determine these two quantities to construct a Gaussian model. It is more convenient to 

represent the covariance structure of a Gaussian model with a graph that is called a 

Gaussian graphical model (GGM) [70]. GGM is an undirected network of partial 

correlation coefficients and describes the conditional independences of multiple random 

variables (X1, X2, . . ., Xp) with a graph G = (V, E) where V = {1, . . ., p} as a set of nodes 

and E as a set of edges in which an edge between two nodes indicates they are conditionally 

dependent given all the other nodes [70]. The graphs obtained through the GGM serve the 

purpose of encoding relationships among components. In this representation, nodes 
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symbolize individual brain components, while the edges establish connections between the 

associated components, illustrating their relationships. 

2.4 Materials and methods 

Our methodology comprises two key components: (1) establishing a graph structure 

from the multimodal data, and (2) identifying the links within this structure that potentially 

contribute to mental illness. To address the former, we employ the Gaussian graphical 

model (GGM), while for the latter, we introduce a modularity-based method. We 

rigorously assess the effectiveness of our approach through the examination of synthetic 

data, as well as its application to a multimodal brain imaging dataset, with the goal of 

enhancing our comprehension of the brain and its associated disorders. 

2.4.1 Method Description 

To construct GGMs from multimodal information for healthy and patient groups, we 

used a joint estimation of multiple sparse Gaussian graphical model approach previously 

presented in [71]. This estimates precision matrices of the multivariate Gaussian 

distribution from the observation data.  By jointly estimating precision matrices, we got 

adjacency matrices for the patient and healthy groups such that if we could find significant 

partial correlation between the two components, we will consider an edge between them. 

Next, we applied our modularity method. We estimated the existence or absence of paths 

between each pair of components in the healthy group and identified cases where a path 

exists in the healthy group but not in the patients by using the concept of modularity. This 

concept is similar to the concept of a connected graph. A graph is connected when there is 

a path between every pair of nodes and in a connected graph there are no unreachable 
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vertices [72]. To implement this idea within a modularity framework, we propose the 

following steps: 

1) Find all the modules in the healthy and patient group graphs. 

 To further clarify, consider the simple example in Figure 2-2(a) that shows healthy 

and patient group graphs that assume just two modalities, modality A and B (left graph 

belongs to healthy and right graph belongs to patient).  

2) Find disconnections that may happen in the patient group graph. 

 In step two, we are interested in disconnections that may occur in the patient graph. 

For example, in Figure 2-2(a) in healthy graph, there is a path between node 1 and node 6 

as they both belong to the same module (healthy_module_1). However, as the structure of 

the patient graph is different in comparison with the healthy graph, node 1 and node 6 no 

longer belong to the same module. The reason for this is the nodes of ‘healthy_module_1’ 

spreads into multiple modules in the patient group graph. To detect the disconnections in 

the patient graph, we see if it splits into two or more modules for each module in the healthy 

group by comparing the set of nodes of the healthy module and all the patient modules 

nodes. If the nodes in a healthy graph module spread into two or more modules in a patient 

graph, this indicates disconnectivity. Once disconnectivity is detected, the missing edges 

associated with this disconnectivity are obtained in step 3. To further elucidate step 2, we 

go through each healthy module of the graph in Figure 2-2 (a). We have two healthy 

modules, and we check both for comparison. First, we consider ‘healthy_module_1’. The 

set of nodes of this module is {1, 2, 3, 4 ,5 ,6}. We compare this set with the sets of nodes 

of the patient modules:  
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ὠ  ᷊ὠ ρȟςȟσȟυ, ὠ  ᷊ὠ τ, ὠ  ᷊ὠ φ 

ὠ  denotes the nodes in the i-th healthy module and ὠ  denotes the nodes in the i-th patient 

module. As the set of nodes of ‘healthy_module_1’ intersects with more than one module 

in patient modules, this indicates disconnectivity. We then consider ‘healthy_module_2’ 

and check if it splits into more modules in the patients or not.  

ὠ  ᷊ὠ , ὠ  ᷊ὠ , ὠ  ᷊ὠ χȟψ 

As the set of nodes of ‘healthy_module_2’ has some intersection with just one module in 

patient, it indicates no disconnectivity. 

3) Identify missing edges associated with disconnections. 

 From identified disconnectivity in step 2, we obtain the set of modules in patient 

group that have intersection with a module in the healthy group and put them in a set “D”. 

Then from set “D”, we consider all 2-combinations of modules and for each of them we 

obtain the union of their nodes and put them in set “N”. We then induce a subgraph of the 

healthy graph whose nodes set is “N”, and the edges set is the healthy graph edges where 

their endpoints exist in “N”. We named this subgraph h′. We also induce a subgraph of the 

patient group graph whose nodes set is “N” and the edges set is the patient graph edges 

where their endpoints exist in “N”. We named this subgraph p′. We then subtract the edges 

set of p′ from the edges set of h′. (E(h′) – E(p′)). We consider those edges from the result 

as “disconnectors” if the endpoints belong to two different modules in the patient group 

graph and belong to the current healthy module we are analyzing. If E(h′) – E(p′) gives an 

“empty” set, this then indicates that these two modules indirectly have become 
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disconnected through other module(s). We repeat this for all the 2-combinations of 

modules in set “D”.  To describe step 3, consider the example of Figure 2-2; from step 2 

for the graphs of Figure 2-2 (a), we noticed that nodes of healthy_module_1 spread into 

patient_module_1, patient_module_2 and patient_module_3. We put them into set “D”. (D 

= {p_module_1, p_module_2, p_module_3}). We consider all 2-combinations modules of 

this set, obtain the union of their nodes, and put them in set “N”. The first 2-combination 

is patient_module_1 and patient_module_2. The set “N” for them would be {1, 2, 3, 4, 5}. 

Figure 2-2 (b) shows subgraphs h′ and p′ and subtraction of the edges set of p′ from the 

edges set of h′ (E(h′) – E(p′) = {(4,5), (2,5)}). As node 4 and node 5 belong to different 

modules in the patient group graph, we consider this edge to be a disconnector. However, 

since nodes 2 and 5 belong to the same module in the patients, we do not consider this to 

be a disconnector. The second 2-combination is patient_module_1 and patient_module_3. 

The set “N” for them would be {1, 2, 3, 5, 6, 7, 8}. Figure 2-2 (c) shows subgraphs h′ and 

p′ in this case and subtraction of the edges set of p′ from the edges set of h′ (E(h′) – E(p′) 

= {(2,5), (2,6)}. We accept the edge (2,6) as the disconnector since its endpoints belong to 

two different modules in the patient graph. The third 2-combination is patient_module_2 

and patient_module_3. The set “N” for these would be {4, 6, 7, 8}. Figure 2-2 (d) shows 

subgraphs h′ and p′ and subtraction of the edges set of p′ from the edges set of h′(E(h′) – 

E(p′) = {}). The empty set indicates that these two modules indirectly have become 

disconnected through another module. Figure 2-2 (e) summarizes the results of applying 

the proposed modularity method. 
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Figure 2-2 – Modularity method steps. (a) In the first step we find the modules in the 

graphs of healthy (left) and patient (right) groups. When two nodes belong to the same 

module, it indicates that there is at least one path between them. For example, there 

is a path between nodes 5 and 6 in the healthy graph as they both belong to 

healthy_module_1. However, there is no path between nodes 5 and 6 in the patient 

graph since they belong to different modules. Parts (b), (c) and (d) show details of step 

3 of the modularity method. See text for details. Part (e) summarizes the results of 

applying the modularity method on graphs of part a. It shows that the nodes of 

healthy module 1 spreads into three modules in patient module 1, patient module 2, 

and patient module 3 and the missing edge associated with disconnectivity between 

nodes of module 1 and module 2 in the patient is (4,5). The missing edge associated 

with disconnectivity between nodes of module 1 and module 3 is indicated (2,6). Nodes 

of module 2 and module 3 in the patient modules indirectly have become disconnected 

through module 1. Missing edges associated with disconnectivity are revealed (4,5) 

and (2,6). 

2.4.2 Simulation Study 

We appeal to the simulation as a proxy for method's performance as it is not possible 

to know the ground truth in real data. To generate simulated multi-modal data, we first 

considered two “fixed” graph structures that assume multiple modalities including data 

from healthy and patient groups. The difference between the two is that the fixed graph of 
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patient group includes missing links within or between the modalities as well as new links. 

In our simulation, we generated 50 random fixed graphs using stochastic block model [73]. 

The simulation has three blocks of nodes with sizes 3, 3 and 11. The edge probability within 

a block was set to 
 

 that it is close to the probability that a randomly chosen node in the 

block is a part of the largest connected component [74] where ὲ is the number of nodes in 

the block and the edge probabilities between the blocks were set to 0.01. We randomly 

generated 50 graphs for the healthy group and introduced the disconnectivity to create 

another 50 graphs for the patient group. We then applied our modularity approach and 

generated a histogram of the number of missing links associated with disconnectivity. To 

generate a random covariance matrix, we generated a random partial correlation matrix in 

accordance with the structure of the fixed graphs. The values for missing edges were 

uniformly randomly sampled in an interval around zero ([-0.0001 0.0001]). Values for 

edges were sampled from [-1, 1] interval excluding the [-0.0001 0.0001] range, while 

diagonal elements of the partial correlation matrix were set to 1. We then establish 

precision and covariance matrices. The mean vector was set to zero. Given the covariance 

matrix and mean vector, we generated simulated data for each node of the healthy and 

patient group graphs. To compute the estimated graphs, we used the joint estimation of the 

multiple sparse Gaussian graphical model approach [71]. The simulation data was analyzed 

with this algorithm to obtain the estimated precision matrix for healthy and patient groups. 

The mean square error of the estimated precision matrix of both groups was calculated for 

validation, which will be discussed in the results section. 

To identify which sets of links are likely contributing factors to mental illness, we 

applied the modularity approach described earlier on estimated graphs. To study the effect 
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of noise on performance of our proposed method we added different levels of white 

Gaussian noise to the samples from the model. By imposing different noise variances, we 

controlled the Signal-to-Noise Ratio (SNR). As explained earlier, we generated 50 random 

fixed graphs using the stochastic block model. We applied modularity method to estimate 

the set of disconnectors (missing links associated with disconnectivity) for each graph and 

kept them as the ground truth. We then added noise to the synthetic data to evaluate model 

performance. We focused on model stability in terms of predicting missing edges 

associated with disconnectivity. For varying SNR, we estimated the appropriate level of 

noise variance of each node to correspond to the SNR in the -20 to 20 dB range. We used 

our estimator to estimate graphs of patients and control groups from the noisy data. We 

applied our modularity approach to these graphs and compared the outcome and the ground 

truth. For the sets of estimated and the ground truth disconnectors of each graph, we 

calculated precision (the ratio of correctly identified disconnectors to their total estimated 

number), recall (the ratio of correctly identified disconnectors to their total true number) 

and F-measure -- their harmonic average (in [0,1] range). 

2.4.3 Analysis of Multimodal Brain Imaging Data 

We considered data from the fBIRN study that included fMRI, dMRI, and sMRI 

collected from 147 healthy subjects and 147 SZ patients [75]. The fMRI data was 

preprocessed using an automated analysis pipeline [76] in SMP 8. Motion correction, slice 

timing correction and normalization to MNI space were conducted including re-slicing to 

3 × 3 × 3 mm voxels. Data spatially was smoothed with an 8 mm full width half max 

(FWHM) Gaussian filter. Sum of the amplitude values in the 0.01 to 0.08Hz low-frequency 

power range was divided by the sum of the amplitudes over the entire detectable power 
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spectrum (range: 0–0.25Hz) to calculate fractional amplitude of low frequency fluctuations 

(fALFF) (see more details in [77, 78]). The following preprocessing steps were applied to 

dMRI data using the FMRIB Software Library (www.fmrib.ox.ac.uk/fsl). Quality control 

was conducted to identify and remove excessive motion or vibration artifacts. Also, motion 

and eddy current correction were applied based on the correction of gradient directions for 

any image rotation. Diffusion tensor and scalar measures such as fractional anisotropy (FA) 

was calculated and smoothed using an 8 mm FWHM Gaussian filter. sMRI was normalized 

to MNI space using the unified segmentation method in SPM 8 and was resliced to 3 × 3 

× 3 mm, and was segmented into gray matter (GM), white matter and cerebral spinal fluid 

(CSF). The GM images were smoothed with an FWHM of 8 mm Gaussian filter. For 

identifying outlier and quality control, spatial Pearson correlation with the template image 

was performed (details can be found in [79]).  

After preprocessing, the three-dimensional brain images of each subject were 

reshaped into a one-dimensional vector and stacked, forming a matrix (Number of subjects 

× Number of voxels) for each of the three modalities. Then these three matrices were 

normalized to have the same average sum of squares to ensure all modalities had the same 

ranges. To minimize the potential impact of gender, age and site covariates, multivariate 

analysis of covariance (MANCOVA) was used to adjust for these covariates prior to 

computing the normalized feature matrices. After estimating fALFF, FA, and GM maps as 

input features, we applied three-way pICA [32] (implement in MATLAB and is part of the 

GIFT software) on these three features and set the number of components to 10. (see the 

theoretical background section for more details about three-way pICA). The output of the 

three-way pICA gave us 6 matrices including 3 loading matrices for fALFF, FA, and GM 
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with the dimension of (number of subjects) × (number of component) which in our study 

is 294×10 and 3 components matrices with the dimension of (number of components) × 

(number of voxel of each feature). 

The three-way pICA generated ICA components for each modality: 10 components 

for fALFF, 10 for FA, and 10 for GM. Relying on expert knowledge we removed artifactual 

components consisting of one fALFF, one FA and two GM maps. The remaining 26 

components include 9 fALFF, 9 FA, and 8 GM maps. A composite montage plot of these 

components is shown in Figure 2-3. We used the labeling tool in GIFT software 

(http://trendscenter.org/software/gift/) to gain the names of the regions of each component. 

Table 2-1 shows how each component is related to brain regions. 

 

Figure 2-3 – Montage composite plot of components.  fALFF(left), FA (middle) and 

GM (right). 

To extract the group graphs of healthy and patient with SZ groups, we use the joint 

estimation of multiple sparse Gaussian graphical model [71]. We applied a joint estimator 

to the 26 features of the load matrices of fALFF, FA and GM that were obtained from the 

http://trendscenter.org/software/gift/
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three-way pICA. The outputs of the estimator are the precision matrices for healthy 

controls and SZ patients. From the precision matrices, we obtain the partial correlation 

matrices and compute the adjacency matrices of both groups by applying the test statistic 

for each element of partial correlation matrix for determining the significant edges. The 

extracted group graph is shown in the results section. After extracting the group graphs, we 

applied our modularity method. 

To relate our synthetic experiments to the real data, we estimated the SNR in fBIRN data. 

The loading matrix computed by three-way parallel ICA consists of 30 components (26 

networks + 4 artifact). Out of the 26 preserved networks we picked a component that is 

most significantly group discriminative according to the t-test. We defined SNR as the T-

value for this component divided by T_fake which we got from applying t-test to data after 

randomly permuting the labels. We repeated this process 1000 times each time computing 

the SNR. We then computed the median and the mean of all the SNRs. 

2.5 Result 

The simulation was implemented in Python 2.7 mainly using NetworkX, SciPy and 

Scikit-Learn libraries [80] included 1000 subjects for the healthy group and 1000 subjects 

for patients’ group. We generated simulated data for every node (feature) of the fixed 

graphs. After applying the joint estimation algorithm in [71] on simulated data, that was 

implemented in R [7], the mean square error of estimated precision matrices of both groups 

for 100 iterations were calculated. Estimated mean square errors are very small with the 

mean of 0.08. From precision matrices we gained partial correlations and performed 

statistical tests on the partial correlations. We considered edges between two nodes if the 

corresponding corrected P-value for multiple comparisons was less than a significance 
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level of 0.05. We gained the 100 estimated graphs with 100% precision for comparison. 

We tried to investigate what signal to noise ratio the system will work. Fig 2-4 shows that 

our model works well when the signal to noise ratio (SNR) is higher than 7dB. It shows 

boxplots of f-measure and SNR of 50 synthetic random graphs. Results of applying our 

proposed method on fBIRN data have been shown in Figure 2-5. 

Table 2-1 – Brain regions corresponding to the estimated components. 
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Table 2-1 – Continued 
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2.6 Discussion 

We proposed a modularity approach that can be applied on any undirected graph to 

find disconnected modules. When applied to a comparison of healthy versus patient 

populations, the method finds blocked paths and missing edges in the patient graph 

compared to the healthy population graph. Our approach is also suitable to analyze graphs 

of patient and healthy groups using multimodal data. In our framework, the GGM method 

provides a simple but powerful approach for estimating and comparing graphs of healthy 

and patient groups. SZ has been shown to be associated with a disruption of the connections 

present in the healthy brain [81, 82, 83, 84, 31]. In applying our modularity approach to SZ 

and healthy control samples, we found several disconnectors that are in line with previous 

literature findings. Also, it can highlight the importance of considering multimodal 

information in gaining a better understanding of SZ through the missing edges associated 

with disconnections between components, which are related to cross-modal edges such as 
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(fALFF6, GM7), (fALFF2, GM6) and (fALFF2, FA3) (see Figure 2-5(c)). Our modularity 

method can be applied to unimodal data analysis, but as discussed in the introduction 

regarding the importance of multimodal analysis, we applied it to multimodal data to have 

a more comprehensive analysis. In this study, we specifically focused on SZ patients, but 

it can be applied to any undirected graph extracted from data related to other conditions 

that can be distinguished by disconnectivity since our method can easily find a 

disconnector.  

According to our real data analysis results, one of the healthy modules that includes 

the majority of components spanning all three modalities (FA, GM, fALFF) breaks into 

eight modules in SZ. A more detailed analysis of Figure 2-5, along with Figure 2-3, shows 

that most of the identified components that fall within the default mode network (DMN) 

are separated in SZ patients. Module 10, module 6 and module 5 include components 

related to DMN and were split. The GM6 component in module 10 shows a posterior 

cingulate region, the fALFF5 component in module 6 includes parahippocampal gyrus, and 

the fALFF7 component in module 5 includes angular gyrus and cingulate gyrus regions 

that are typically part of the DMN that break into a disconnected module in SZ. The DMN 

describes a large-scale functional brain network, which is typically more active during rest 

periods compared to cognitively demanding tasks [85, 86] and many previous studies on 

DMN reported reduced default mode network connectivity in SZ patients [62, 87, 88]. New 

findings [89] also revealed impaired interaction among DMN subsystems in SZ patients 

with a reduced central role for posterior cingulate cortex (PCC) and anterior medial 

prefrontal cortex (aMPFC). Hence, in light of previous studies on DMN in SZ, it seems our 

result regarding disconnections in DMN using our modularity-based approach is 
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consistent, but we also identify new and complex multimodal relationships with these 

regions.  

Module 1 in the SZ group is a large module that covers much of the brain, consisting 

of components related to FA and GM modalities that show some integrity preserved in this 

module in SZ. Module 3 in SZ is a combination of several fALFF and FA components 

related to the sensory processing area and frontal lobe. Module 2 components include 

sensory processing and frontal lobe regions. These two modules show a connection 

between sensory and frontal regions is still preserved in the patients. These new 

observations can be further investigated in future works by applying our modularity-based 

method on other data sets related to SZ.  

Since SZ is a brain disorder that can be distinguished by functional disconnectivity 

or abnormal integration between distant brain regions [90], it is worth mentioning that 

additional edges in the patient group graph may create new paths that were not present in 

the healthy controls. This topic can be explored in future studies, whereas this study focuses 

on missing edges associated with disconnections in SZ group graph. We considered 

unweighted undirected graphs for analysis. Additional work could focus on weighted 

directed networks analysis that might provide more specific information.  
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Figure 2-4 – Dependence of F-measure for varying SNR for synthetic data experiment 

(50 randomly generated graphs per SNR). To relate our synthetic experiments to the 

real data, we have estimated the SNR in fBIRN data red dotted line determines the 

mean of SNR related to real data. 

2.7 Conclusion 

In summary, we have provided an approach to estimate and visualize links within 

and among multimodal data. We then proposed a modularity-based method that can 

identify which links are associated with mental illness across a multimodal data set that 

may not be achieved by separate unimodal analyses. Through simulation and application 

to a large SZ data set, we demonstrated that our approach reveals important information 

about disorder-related network disruptions that are missed in a focus on single modality. 

This includes components belonging to regions of the default mode network (DMN) that 

are separated in SZ patients. We identified missing edges between modalities and 
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associated these with disconnectivity, which emphasizes the importance of analyzing 

multimodal data. Without having the multi-modal information, we are not able to identify 

these important missing edges in the SZ patients that play an important role in 

disconnectivity between the components. This highlights the utility of our approach as well 

as the importance of a multimodal imaging method to studying complex mental illnesses. 

 

Figure 2-5 – Real data results. (a) and (b)e extracted group graphs of healthy group 

and SZ patients using GGM. After performing statistical tests on the partial 

correlations, if the corresponding corrected P-value for multiple comparisons was less 

than a significance level of 0.05, the edge was considered between two components 

(nodes). (c) shows module 1 (M1) in the healthy group graph which breaks into eight 

(8) modules in SZ patient graph. Part (d) shows how the healthy module (M1) breaks 

into 8 modules in SZ patients’ graph (M1, M2, M3, M4, M5, M6, M9, M10). 

Components of each module can be seen in part b. For example, module 4 (M4) 

includes components 5, 7 and 8 of GM (GM5, GM7 and GM 8). Module 2 (M2) 

includes components 1, 2, 3 and 6 of fALFF (fALFF1, fALFF2, fALFF3 and fALFF 

6). Missing edges associated with disconnectivity between the components of different 

modules can be seen in part e. For example, the missing edge associated with 

disconnectivity between component GM5 that is in 1module 4 (M4) and component 

ALLF 1 that is in module 2(M2) is (fALFF6, GM7). 
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CHAPTER 3. PATH ANALYSIS: A METHOD TO ESTIMATE 

ALTERED PATHWAYS IN TIME-VARYING GRAPHS OF 

NEUROIMAGING DATA 

Within this chapter, we introduce an algorithm that facilitates the comprehensive 

analysis of path on static and dynamic brain graphs, utilizing resting-state fMRI data. 

3.1 Chapter overview 

Graph theoretical techniques have been extensively utilized in the examination of 

human brain networks in the context of psychiatric disorders. However, the majority of 

research efforts have concentrated on global graph metrics, neglecting the significance of 

pathways that connect different brain regions. A deeper understanding of the disruption 

occurring within these pathways could provide valuable insights into the mechanisms 

underlying these diseases. In this chapter, to detect the absence or addition of multi-step 

paths in the patient group, we provide an algorithm estimating edges that contribute to these 

paths with reference to the control group. We next examine where pairs of nodes were 

connected through paths in both groups using a covariance decomposition method. We 

apply our method to study resting-state fMRI data in schizophrenia versus controls. Results 

show several disconnectors in schizophrenia within and between functional domains, 

particularly within the default mode and cognitive control networks. Additionally, we 

identify new edges generating additional paths. Moreover, although paths exist in both 

groups, these paths take unique trajectories and have a significant contribution to the 

decomposition. The proposed path analysis provides a way to characterize individuals by 
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evaluating changes in paths, rather than just focusing on the pair-wise relationships. Our 

results show promise for identifying path-based metrics in neuroimaging data. 

3.2 Introduction 

Paths play a crucial role in brain networks, and a detailed understanding of 

disruptions in these paths within the patient group can offer valuable insights into disease 

mechanisms. Path-based analyses have the potential to capture information that is often 

overlooked by approaches solely focused on pairwise relationships, as different edges 

within the same path may exhibit distinct alterations in different individuals. In this study, 

our main contribution is to demonstrate the utility of a comprehensive path analysis, as 

opposed to analyzing individual edges, for identifying potential path-based biomarkers in 

neuroimaging data. Previous studies have primarily focused on graph metrics 

characterizing edge and nodal changes or global graph properties, with limited attention to 

the information embedded in the paths connecting brain regions (See Section 1.2, 

Literature Review) While previous brain imaging studies have primarily focused on static 

functional connectivity, assuming stationary brain interactions during the scanning period, 

recent evidence suggests that brain functional connectivity is dynamic over time. To 

capture the inherent dynamic nature of brain connectivity, we extend our path analysis to 

time varying GGMs for both control and patient groups. This allows us to investigate 

dynamic path-based changes in brain graphs, providing valuable insights into potential 

brain abnormalities. To the best of our knowledge, no previous study has conducted a 

dynamic path-based comparison of time-varying brain graphs in group studies, 

highlighting the novelty and significance of our approach. 
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3.3 Materials and methods 

The methodology employed in this study encompasses two main components: the 

identification of static and dynamic brain graphs using resting-state fMRI data, and a path 

analysis approach that involves the identification of edges contributing to disconnection or 

abnormal integration within the patient group graph. Furthermore, a novel application of a 

covariance decomposition method is utilized to investigate scenarios where at least one 

path exists between specific brain components in both the control and patient groups. 

Figure 3-1 depicts the main procedural steps of the methodology employed in this study. 

Each of these steps will be comprehensively elucidated in the subsequent subsections, 

providing a detailed explanation of the approach. 

3.3.1 Data information, preprocessing and intrinsic connectivity network extraction. 

In this work, we analyzed eyes-closed resting-state fMRI data collected from 160 

controls and 151 age, gender and mean framewise displacement (FD)-matched individuals 

with schizophrenia (SZ) (age: p = 0.18; gender: p = 0.39; mean FD: p = 0.97) by the 

Function Biomedical Informatics Research Network (fBIRN) [75]. The written informed 

consent was obtained from all subjects. Data were collected using 3T scanners with a 

repetition time (TR) of 2 secs, voxel spacing size of 3.44 × 3.44 × 4 mm, a slice gap of 1 

mm, and a total of 162 volumes at seven different sites. Data for six of the seven sites were 

collected on a 3T Siemens Tim Trio System, and for one other site, a 3T General Electric 

DiscoveryMR750 scanner was used. Further details on the dataset can be found in [10]. 
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Figure 3-1 – Path analysis method outline. (A) data preprocessing and intrinsic 

connectivity networks (ICNs) extraction using the Neuromark templates, (B) Static 

functional network connectivity analysis for each subject. (C) Dynamic functional 

network connectivity estimation using sliding window approach and identification of 

functional brain states (patterns) via k-means clustering algorithm (D) Evaluating 

group differences between patient and control groups in dFNC and sFNC using two 

sample t-test in univariate way (E) Estimation of inverse of the covariance matrices 

for control and patient groups using joint graphical lasso method for static and 

dynamic states. For the static the whole time-point across all the subjects of each 

group concatenated and then joint estimator applied on them. In dynamic scene, for 

each states joint estimator applied on the aggregate corresponding time-point of that 

state across subjects. The parametric test for statistical significance of the partial 

correlation was applied for each element of the partial correlation matrix to 

determine the significant edges. The edge was considered between two brain 

components only where the corresponding FDR corrected P-value was significant 

(p<0.05). (F) Path-based differential analysis investigated on control and patient 

groups graphs. 

Data preprocessing were performed using the SPM 12 

(http://www.fil.ion.ucl.ac.uk/spm/) toolbox. We performed rigid body motion correction 
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to correct subject head motion, followed by the slice-timing correction to account for 

timing difference in slice acquisition. The fMRI data were normalized to the EPI template 

and resampled to 3 mm3 isotropic voxels. Data were spatially smoothed using a Gaussian 

kernel with a 6 mm full width at half maximum. Subjects with head motion <= 3º and <= 

3 mm, and with functional data providing near full brain successful normalization (by 

comparing the individual mask with the group mask) were selected for further analysis. 

More details on preprocessing and subject selection can be found in [91], [10], [26]. 

We use independent component analysis (ICA) to determine the nodes of a graph 

[92], which decomposes the whole-brain fMRI into independent spatial components 

known as intrinsic connectivity network (ICN). Each ICN is composed of a set of voxels 

that shows a strong coupling of spontaneous fluctuations in the BOLD signal that can be 

considered as one functional unit [93]. Using fully-blind ICA as a method for ICN 

extraction estimation of functional connectivity measures might result in different 

components identified across data. This inconsistency of identified components may 

impede finding replication or comparison. To address this and obtain the same set of ICNs 

for both control and SZ groups, we used the fully automated Neuromark pipeline, which is 

spatially constrained ICA informed by reliable network templates [94]. To generate the 

Neuromark templates and to identify robust and reproducible ICNs, spatial ICA was 

applied to two large datasets of typical controls (human connectome project [HCP, 823 

subjects after the subject selection] and genomics superstruct project [GSP, 1005 subjects 

after the subject selection]). Group ICA with model order 100 was performed on each 

dataset separately to obtain group-level components. Then independent components from 

HCP and GSP were matched based on the spatial similarity (correlation >= 0.4), and 
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reproducible ICNs were chosen as the network templates. ICNs identification and 

functional domain labeling were performed by five neuroscience experts. More details of 

the Neuromark templates can be found in [94]. Next, spatial maps and time courses (TCs) 

for the fBIRN dataset were obtained by the network templates as prior information within 

a spatially constrained ICA algorithm. For the spatially constrained ICA algorithm, we 

used multivariate objective optimization independent component analysis with reference 

(MOO-ICAR), implemented in the GIFT toolbox from TReNDS 

(http://trendscenter.org/software/gift) [27] as it shows good performance based on our 

previous studies [95], [96]. 

3.3.2 Static functional network connectivity (sFNC) 

To create a static functional network connectivity (sFNC) matrix for each subject, 

pair-wise correlations were calculated using the entire length of the ICNs time course. We 

then calculated the mean of sFNC matrices across subjects for control and patient groups.  

3.3.3 Dynamic functional network connectivity (dFNC) 

Dynamic functional network connectivity (dFNC) investigates the time-varying 

interactions between brain networks and has been studied extensively [28], [97]. dFNC 

analysis enables us to evaluate how FNCs between ICNs evolve over time. A sliding 

window approach with square window type was applied to the selected ICNs TCs to study 

the connectivity between selected ICNs in a dynamic manner. ICNs’ TCs were localized 

by a sliding-window size of 20 TR and a window step size of 5 TR to reduce computational 

demands, which led to 28 windows to capture changes in connectivity over time. Next, we 

used the joint graphical lasso [23] to estimate the inverse of the covariance matrix 

http://trendscenter.org/software/gift
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(precision matrix) for windowed TCs of each subject. We chose to use a joint graphical 

lasso which is a technique for jointly estimating multiple graphical models corresponding 

to distinct but related classes (windows of each subject) [23], [24], [25]. As the simulation 

study suggested in [23], we resample each window data point using the Fast Fourier 

Transform (FFT) method to augment the sample time from 20 to 400 to robustly estimate 

covariance matrices and improve the accuracy of estimation. Having the estimated 

covariance matrix, we then computed the correlation matrix for each window. 

Recent resting-state studies have shown that fluctuations in the brain networks are 

not random and recur across and within subjects [26]. These dynamic brain states or 

patterns can be identified by grouping windowed-FNC using a k-means clustering 

algorithm [27], [28], [29]. Therefore, each cluster contains similar functional connectivity 

patterns. We identified these functional brain states from computed dFNC matrices across 

all subjects. First, we flatten the upper diagonal part of each FNC matrix to obtain a feature 

vector. Then for each subject, the variance across the feature was computed. Similar to 

what has been done previously [26], [29], initial clustering was applied on a subset of data 

exhibiting maximal deviation from the mean called subject exemplars. The clustering 

algorithm was applied to these subject exemplars using the L1 distance function 

(Manhattan distance) as the distance measure with random initialization of centroid 

positions and replicated 50 times to increase the chances of escaping local minima. As the 

k-means algorithm is very sensitive to the starting point, we applied subject exemplars to 

select the peaks (strongest contributors) as initialization. Manhattan distance was chosen 

as it has been suggested that it might be more effective to estimate similarity measures for 

high-dimensional data [29]. The centroids from clustering the subject exemplars were used 
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as initial points to cluster all dFNC windows from all subjects [29], [26]. The optimal 

number of clusters was determined using the elbow criterion.  

3.3.4 Evaluating group differences in sFNC and dFNC between groups 

We performed the univariate test in static and dynamic functional connectivity to 

evaluate differences between the control and patient groups. Regarding sFNC, we applied 

a two-sample t-test in a univariate manner on estimated sFNC matrices. To obtain group 

differences in dFNC, we first computed a subject mean for each state from the subject FNC 

windows assigned to that state as a representative pattern of connectivity of the subject for 

that state. Then, to identify significant differences between patient and control groups, we 

performed t-tests per ICN pair of the averaged dFNC for each state. We corrected for 

multiple comparisons using the false discovery rate (FDR) with a threshold of 0.05. 

3.3.5 Estimating static and time-varying graphs for control and patient groups 

To estimate static group graphs of control and patient, we concatenated ICNs time 

courses across the subjects of control and patient groups separately and estimated the 

precision matrix by performing joint graphical lasso estimation on concatenated ICNs time 

courses. To estimate time-varying group graphs of control and patient groups, we extracted 

a GGM for each state. Clustering the windowed dFNC results in each windowed-dFNC 

being assigned to a specific cluster. Next, the time points of the windows located in one 

cluster were concatenated to estimate group graphs for each state. Using the concatenated 

ICN time courses of corresponding windows in each state, we jointly estimated precision 

matrices for control and patient groups applying the joint estimation presented in [23]. 
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Having the precision matrices for each group in static and dynamic states, we 

computed the partial correlation matrices. To obtain the adjacency matrices, the parametric 

test for statistical significance of the partial correlation was applied for each element of the 

partial correlation matrix to determine the significant edges. The edge was considered 

between two ICNs only where the corresponding false discovery rate (FDR) corrected P-

value was significant (p<0.05). 

3.3.6 Path-based differential analysis 

We compared paths between the graphs of control and patient groups for estimated 

static and time-varying in four possible cases: 

1. Disconnection: In this case, two ICNs are reachable from each other, which means 

there is at least one path between them in the control group graph, but there is no 

path between them in the patient group graph.  

2. Abnormal integration: In contrast to case one, case two occurs when there is no path 

between two specific ICNs in the control group graph, but there is at least one path 

between those ICNs pair in the patient group graph. 

3. Connection in both control and patients: in this case there is at least one path 

between specific pair of ICNs in both control and patient groups graphs.  

4. Disconnection in both control and patients: The last case is when there is no path 

between two ICNs in both control and patient groups graphs. 
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We considered case 4 as a trivial case and focused on cases 1-3. For cases 1 and 2, 

we proposed an algorithm to estimate edges associated with disconnection and abnormal 

integration by mimicking the structure of paths in the control group graph. For case 3, to 

make the comparison between control and patient graphs, we applied the covariance 

decomposition in GGM [21]. We first describe our proposed method for cases 1 and 2 in 

detail, and then we discuss the proposed method for case 3. 

3.3.6.1 Identifying edges associated with disconnection and abnormal integration. 

Within the control group graph, certain edges play a pivotal role in facilitating the 

establishment of paths connecting specific nodes. However, in the patient group graph, the 

absence of these edges results in the nonexistence of certain paths between nodes.  

Accordingly, we refer to these particular edges as "disconnectors," as they are associated 

with disconnection phenomena observed within the patient group graph. Conversely, 

within the patient group graph, there are additional edges that contribute to the creation of 

novel paths which are not present within the healthy group graph. We term these edges as 

"connectors" due to their role in triggering abnormal integration within the patient group 

graph. 

To compare the paths connecting nodes within the estimated graphs, we employed 

the graph theory concept of connected components. In the context of an undirected graph, 

a connected component refers to a subgraph wherein there exists a path connecting any 

pair of nodes within that subgraph [72]. Thus, if two nodes are part of the same connected 

component, it can be inferred that there is at least one path connecting them. 
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A concise and precise exposition of our method is encapsulated within Algorithm 3-

1, where two graphs, denoted as Graph1 and Graph2, serve as the input parameters (Line 

1 of the pseudo-code). It is crucial to note the order of these inputs, as it holds significance 

in the subsequent steps of the algorithm. By assigning the control group graph to Graph1 

and the patient group graph to Graph2, the algorithm facilitates the identification of 

disconnectors associated with disconnectivity. Conversely, by interchanging the inputs and 

assigning the patient group graph to Graph1 and the control group graph to Graph2, the 

algorithm enables the detection of instances of abnormal integration. 

Algorithm 1 initiates by identifying all connected components within Graph1 and 

Graph2 (lines 3 and 4 of the pseudo-code). Subsequently, for each connected component 

in Graph1, the algorithm examines whether the nodes of that particular connected 

component disperse into multiple connected components in Graph2. To accomplish this, 

one approach is to determine if the node set of the connected component in Graph1 

intersects with more than one node set of connected components in Graph2 (lines 6-12 of 

the pseudo-code). The "Container" set (line 11 of the pseudo-code) retains those connected 

components in Graph2 that intersect with the current connected component of Graph1 (c1). 

If the cardinality of the Container set becomes two or greater (line 12 of the pseudo-code), 

it signifies that the nodes of the current connected component of Graph1 (c1) are present 

in at least two connected components in Graph2, thus indicating a separation between the 

nodes of c1 in Graph2. 

To identify edges associated with disconnection, all combinations of two connected 

components within the Container set are examined (lines 13-23 of the pseudo-code). For 

each 2-combination of connected components in the Container set, the union of their nodes 
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is stored in the "N" set (line 14 of the pseudo-code). By utilizing the node-set "N", induced 

subgraphs of Graph1 and Graph2 are generated (lines 15-16 of the pseudo-code). Next, the 

differences between the sets of edges in these two subgraphs are obtained and stored in the 

set "E" (line 17 of the pseudo-code). However, not all edges in set E contribute to 

separation. To identify edges associated with disconnection, the algorithm checks if the 

endpoints of these edges belong to two distinct connected components in Graph2, while 

also being part of the current connected component in Graph1 (c1) currently under analysis 

(lines 18-23 of the pseudo-code). In the event that set E becomes empty, it indicates that 

the two connected components in Graph2 have become separated indirectly through 

another connected component. 

As an example, to identify disconnectors, consider two fixed graphs of a control 

group (left) and a patient group (right) in Figure 3-2. To identify disconnectors, Graph1 

and Graph2 are set as control and patient group graph as the input, respectively. As 

illustrated, there are two connected components in the control and patient group graphs. 

The nodes set of "control connected component 1" intersects with more than one connected 

component nodes sets in Graph2: 

.ÏÄÅÓ ÏÆ ὧέὲὸὶέὰ ὧᾧρ ᷊ .ÏÄÅÓ ÏÆ ÐÁÔÉÅÎÔ ÃÃͅρ ρȟςȟσȟτ 

.ÏÄÅÓ ÏÆ ὧέὲὸὶέὰ ὧᾧρ ᷊ .ÏÄÅÓ ÏÆ ÐÁÔÉÅÎÔ ÃÃͅ ς υȟφȟχ 

As the nodes of connected component 1 spread into multiple connected components 

in the patient group graph (ȿὅέὲὸὥὭὲὩὶȿ ς), we can conclude that disconnection 

happened. Then using the union of the nodes of patient connected components 1 and 2 (set 
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N), subgraphs of control and patient groups will be induced, and the differences of their 

edges will be obtained with subtraction (set E).   

ὔ ρȟςȟσȟτ᷾υȟφȟχȟψȟωȟρπ ρȟςȟσȟτȟυȟφȟχȟψȟωȟρπ 

Ὁ  ὉὨὫὩί ίὩὸ έὪ ὧέὲὸὶέὰ ίόὦὋὶὥὴὬ  ὉὨὫὩί ίὩὸ έὪ ὴὥὸὭὩὲὸ ίόὦὋὶὥὴὬ

ρȟτȟςȟυ  

As not all the edges in set E cause separation, from the set E, those edges will be 

accepted as edges associated with disconnection if their endpoints belong to two distinct 

connected components in Graph2. They also should be the part of the current connected 

component in Graph1 (c1) that we are currently analyzing (line 18-23 of pseudo-code). In 

this example, only edge (2,5) belongs to two different connected components in the patient 

groups graph. Although the edge (1,4) is a missing edge, its endpoints belong to one 

connected component in the patient group graph, and its absence did not create any 

separation between nodes of that connected component.  

The entirety of the procedure must be iteratively performed for each connected 

component within graph1. Consequently, in the context of the control group, the algorithm 

proceeds to assess whether any spreads have occurred within the second connected 

component, denoted as "control connected component 2”. 

.ÏÄÅÓ ÏÆ ὧέὲὸὶέὰ ὧᾧ ς ᷊ .ÏÄÅÓ ÏÆ ÐÁÔÉÅÎÔ ÃÃͅρ  

.ÏÄÅÓ ÏÆ ὧέὲὸὶέὰ ὧᾧς ᷊ .ÏÄÅÓ ÏÆ ÐÁÔÉÅÎÔ ÃÃͅς ψȟωȟρπ 
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Because the nodes of connected component 2 intersect with just one connected 

component in the patient group graph, no disconnection happened for control connected 

component 2.  

Edges associated with abnormal integration (connectors) can be identified similarly, 

by swapping the order of input variables of the algorithm. In Figure 3-2 edge (6,8) shown 

with green is associated with abnormal integration. 
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Figure 3-2 – An example of the outputs generated by Algorithm 1. The top-left is an 

example of the control graph, and the top-right is an example of the patient graph. 

Bottom row red and green edges are edges that our algorithm returns as disconnector 

and connector. Note, the edge (8,10) depicted in green dashed line is a new edge in the 

patient group graph, but it does not contribute to create new path(s) between 

separated connected components. Similarly, the edge (1,4) shown with red dashed line 

is missing edge in patient group graph, but its absence does not lead to disconnectivity 

between nodes of its connected components, and indeed, the nodes will still be 

connected through different paths. Therefore, not all missing edges and new edges in 

the patient graph are associated with disconnection or abnormal integration. 

3.3.6.2 Applying covariance decomposition approach 

To examine case three, where two distinct brain components are connected and 

reachable from each other in both control and patient groups, we first need to introduce a 

theorem proposed in [21]. 

Theorem 1. in [21]: Let ɫ denote the covariance matrix corresponding to a GGM 

with a set of nodes {1,2, …, n} with precision matrix Џȟ which is the inverse of the 

covariance matrix    . Also, let „  denote the element of covariance matrix 

corresponding to the covariance between variables x and y. 
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„  В ρ ע Ȣ  Ȣ  Ȣ  ‫ ‫‫ 
  

ȿЏ ͵ȿ

ȿЏ ȿ
                 (1) 

Where ע  is the set of all paths that exist between variables (nodes) x and y. If we 

define a path as a sequence of the nodes, then for all path P in the set ע , ὴ ὼ and ὴ

ώ where t refers to the last node in the path. The element of precision matrix between node 

ὴ and ὴ is denoted by ͵ and Џ  ‫  represents the determinant of the matrix Џ ͵  that 

rows and columns correspond to the nodes of the path P excluded. The proof can be found 

in [21]. Figure 3-3 is an example of applying the covariance decomposition approach. 

We applied the covariance decomposition approach for case three where paths exist 

between specific brain components in both control and patient groups to obtain covariance 

weights for each path between two nodes in both groups. To be able to compare different 

paths between groups, we used alternative correlation weights which are constant multiples 

of the covariance-based weights [21]. Unlike the covariance-based weights, the 

correlation-based weights are comparable between paths with different endpoints.  
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Figure 3-3 – Covariance decomposition. There are three paths between node “a” and 

“b” as illustrated with three different colors. According to the covariance matrix the 

covariance between node “a” and “b” is -0.235. Applying the explained formula in 

the Theorem 1 in [21], the covariance between two nodes (in here as an example “a” 

and “b”) decomposed into a sum of weights associated with each of the paths 

connecting those two nodes. Sum of weights of a-x-b, a-b and a-y-b paths will be equal 

to -0.235. 

To identify the differences between control and patient group in case three, we 

computed all the paths between each pair of ICNs in both groups and calculated their 

corresponding correlation weights using decomposition method. Lastly, we investigated 

which paths took unique trajectories in control or patient graphs and studied how their 

corresponding correlation weights contribute over the whole correlation between the two 

endpoints. To this end, for each pair of ICNs that are connected in both control and patient 

groups, we obtain correlation weights for all simple paths between them via decomposition 

method. Next, we identified brain components that exhibited distinct path trajectories and 

made a significant contribution (over 50%) to the correlation between the endpoints of 

these paths. 
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3.4 Results 

3.4.1 ICN extraction 

We applied the proposed method to resting-state fMRI data collected from control 

and SZ groups. We selected 53 out of 100 as ICNs for further analysis and categorized 

them into seven functional domains. The seven labeled functional domains comprise the 

auditory, sub-cortical, sensorimotor, visual, cognitive control, cerebellar, and default mode 

as depicted in Figure 3- 4 and ICN numbers, labels and domains are presented in Table 3-

1.  

 

Figure 3-4 – Domains of Fifty-three ICNs. Fifty-three ICNs categorized into seven 

functional domains. ICN numbers, labels and domains are presented in Table 3-2. 

  



 55 

Table 3-1 – ICN Numbers, labels, and domains. 

ID Domain ICNs ID Domain ICNs 

1 Sub-cortical SC Caudate 26 Cognitive-control CC Inferior parietal lobule 

2 Sub-cortical SC Subthalamus/hypothalamus 27 Cognitive-control CC Insula 

3 Sub-cortical SC Putamen 28 Cognitive-control CC Superior medial frontal gyrus 

4 Sub-cortical SC Caudate 29 Cognitive-control CC Inferior frontal gyrus 

5 Sub-cortical SC Thalamus 30 Cognitive-control CC Right inferior frontal gyrus 

6 Auditory AU Superior temporal gyrus 31 Cognitive-control CC Middle frontal gyrus 

7 Auditory AU Middle temporal gyrus 32 Cognitive-control CC Inferior parietal lobule 

8 Sensorimotor SM Postcentral gyrus 33 Cognitive-control CC Left inferior parietal lobue 

9 Sensorimotor SM Left postcentral gyrus 34 Cognitive-control CC Supplementary motor area 

10 Sensorimotor SM Paracentral lobule 35 Cognitive-control CC Superior frontal gyrus 

11 Sensorimotor SM Right postcentral gyrus 36 Cognitive-control CC Middle frontal gyrus 

12 Sensorimotor SM Superior parietal lobule 37 Cognitive-control CC Hippocampus 

13 Sensorimotor SM Paracentral lobule 38 Cognitive-control CC Left inferior parietal lobue 

14 Sensorimotor SM Precentral gyrus 39 Cognitive-control CC Middle cingulate cortex 

15 Sensorimotor SM Superior parietal lobule 40 Cognitive-control CC Inferior frontal gyrus 

16 Sensorimotor SM Postcentral gyrus 41 Cognitive-control CC Middle frontal gyrus 

17 Visual VI Calcarine gyrus 42 Cognitive-control CC Hippocampus 

18 Visual VI Middle occipital gyrus 43 Default-mode DM Precuneus 

19 Visual VI Middle temporal gyrus 44 Default-mode DM Precuneus 

20 Visual VI Cuneus 45 Default-mode DM Anterior cingulate cortex 

21 Visual VI Right middle occipital gyrus 46 Default-mode DM Posterior cingulate cortex 

22 Visual VI Fusiform gyrus 47 Default-mode DM Anterior cingulate cortex 

23 Visual VI Inferior occipital gyrus 48 Default-mode DM Precuneus 

24 Visual VI Lingual gyrus 49 Default-mode DM Posterior cingulate cortex 

25 Visual VI Middle temporal gyrus 50 Cerebellar CB Cerebellum 

    51 Cerebellar CB Cerebellum 

    52 Cerebellar CB Cerebellum 

    53 Cerebellar CB Cerebellum 

3.4.2 sFNC and dFNC analysis and group differences evaluation between control and 

patient groups 

Figure 3-5(a) shows the group-specific mean of sFNC matrices and the group 

differences results. The SZ group showed stronger connectivity between sensory domains 

and subcortical domain. In addition, the connectivity between sensory domains and 

cerebellar domain was stronger in SZ group. In relation to the dfnc analysis, within the 

subject, windowed-FNC matrices were computed as described earlier. We computed the 

variance across the windowed-FNC matrices for each subject and selected windows 
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corresponding to local maxima that resulted in 7.2 ± 1.3 (mean ± SD) windows per subject 

with a range of 3 to 11. k-means clustering was applied to subjects’ exemplars and the 

centroids from this clustering were used as initial points to cluster all dFNC windows from 

all subjects. The optimal number of clusters was determined five by the elbow criterion, 

which is within a reasonable range of previous dFNC studies [29], [98], [99], [100]. The 

average functional connectivity for each state is shown in Figure 3-6 (a). In group 

difference evaluations, the number of significant FDR corrected P-values were 16 for State 

1, 44 for State 2, 19 for State 3, 37 for State 4, and 30 for State 5. Figure 3-6 (a) illustrates 

the results of the multiple comparison test for the control and SZ groups. State 2 is the 

weakest-connected state among all states as it shows the weak correlation between all 

domains. States 1, 4 and 5 have moderate connectivity and state 3 is a strongly connected 

state. State 5, 4 and 3 have moderate to high functional connectivity among sensory 

domains (AUD, SM, VIS). The antagonism correlation between SC and sensory domains 

increases from state 4 to 5 and reaches to its highest value in state 3. Table 3-2 shows 

occupancy measure of a given state as the percentage of windowed-FNC that had been 

labeled with the cluster represented by the given state. About 52% of the windowed dFNCs 

were clustered as state 2 and state 4, and the occupancy of control group for states 2 and 

state 4 were 44% and 51%, respectively. In general, the occupancy of different states shows 

the SZ group were mostly located in weakly connected states (state 1, state 2) in 

comparison with control which were observed in strong connected states (state 3). State 1 

was occupied mostly by SZ patients such that 78% of windowed dFNCs of the state 1 were 

belonged to SZ patients and the occupancy of control group in that state were only 22%. 

However, 74% of windowed- dFNCs in states 3 belonged to the control group. Similarly, 
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the occupancy level of SZ for state 5 was 26% and was lower than the control group. The 

connectivity between SM and VIS domain in state 3 was stronger than state 1. In addition, 

the connectivity between SC and CC, DM, and CB in state 3 were higher than state 1. 

However, the connectivity between sensory (AUD, SM, VIS) and CB, and between VIS 

and SB in state 1 were higher than state 3. 

 

Figure 3-5 – Static GGM analysis. a) Mean sFNC maps for control and individuals 

with SZ groups and the result of group differences, the upper triangle is the group 

difference (SZ-HC) in sFNC, and the lower triangle is the results of multiple 

comparison test. b) Estimated static graphs of the control and SZ groups. c) Results 

of applying our proposed algorithm on stating graphs of control and patient groups. 

Disconnectors associated with disconnectivity are shown as solid red edges and 

additional edges associated with abnormal integration are shown with solid green 

edges. The simple missing and additional edges shown with dashed red and green line 

respectively. 
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Figure 3-6 – Time-varying graphs.  Each state’s results include part(a) of averaged 

correlation matrices for control and SZ and group differences; the upper triangle is 

the differences between averaged correlation matrix of SZ and control (SZ-C), and 

the lower triangle is the result of multiple comparison test. Part (b) of estimated 

graphs of the control and SZ groups. 
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Table 3-2 - State occupancy 

 
State 1 

(C=22%, 

SZ=78%) 

State 2 

(C=44%, 

SZ=56%) 

State 3 

(C=74%, 

SZ=26%) 

State 4 

(C=51%, 

SZ=49%) 

State 5 

(C=74%, 

SZ=26%) 

State-wise Percentage 

All 16% 36% 14% 16% 18% 

Control 7% 31% 20% 16% 26% 

Schizophrenia 26% 41% 7% 16% 10% 

3.4.3 Estimating static and time-varying graphs for control and patient groups 

Figure 3-5 (b) illustrated the estimated static graphs of control and patient group. The 

estimated graphs for each state (time-varying graphs) of control and patient groups are 

illustrated in Figure 3-6 (b). 

3.4.4 Identifying edges associated with disconnection and abnormal integration in static 

and time varying graphs. 

We applied our proposed algorithm to identify missing edges that are associated with 

disconnection and additional edges that are associated with abnormal integration. In static 

graph analysis, we identified six missing edges and two additional edges that trigger absent 

paths and additional paths in SZ group, both within and between functional domains. We 

found four missing links associated with blocked paths within visual, subcortical, and 

cognitive control networks and one missing links between cognitive control and auditory 

which is (Insula, Middle temporal gyrus) and one between subcortical and cognitive control 

which is (Thalamus, Hippocampus). Two additional edges identified between subcortical, 

auditory, and visual networks. Figure 3-5 (c) illustrates the differential graph obtained by 

our proposed method. Table 3-3 shows details of missing and additional links (edges) 

associated with SZ in our static analysis. The disconnectors and connectors that were 
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identified through dynamic approach are shown in Figure 3-7 and Table 3-4 shows details 

of these edges. In state 1, two missing and three additional edges were identified within 

default mode and visual domain. The results show that the connection between the lingual 

gyrus and the calcarine gyrus in the SZ group was disrupted, and the lingual gyrus and the 

right middle occipital gyrus and the inferior occipital gyrus connected with new additional 

edges. In state 2, two missing links were observed within the cognitive control domain. In 

addition, one missing link was identified between the insula of the cognitive control 

domain and the middle temporal gyrus of the auditory domain. In addition, three new 

connectors were observed in the SZ group withing ICNs of the cognitive control, the visual 

and the sensorimotor domains.  

In state 3, different connections within the sub cortical domain observed in the SZ 

group. The connection between the caudate and the thalamus and the 

subthalamus/hypothalamus were disrupted in the SZ group, and new connection between 

the caudate and the putamen were identified in the SZ group through an additional link. An 

additional new connection in the SZ group was observed within the sensorimotor domain 

between the left and the right postcentral gyrus.  

In state 4, two disconnectors were identified within the cerebellar and the default 

mode domains. Five additional links were observed within the cognitive control, the visual, 

the default mode and the sensorimotor domains.  Also, one additional links were identified 

between the cognitive and the default mode network domains. The missing links triggered 

separation within some ICNs of the default mode and the cerebellar domains. However, 

the additional edges created more connections within the sensorimotor, the visual, the 

cognitive control ICNs. Three new additional edges of (superior frontal gyrus, inferior 
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parietal lobule), (posterior cingulate cortex, inferior parietal lobule), and (precuneus, 

precuneus) were created new additional paths between nodes of the cognitive control and 

the default mode domains in the SZ group. 

In state 5, four disruptions within the default mode, the cognitive control, and the 

auditory domains and one disruption between the cognitive control and the subcortical 

domains were observed in the SZ group. Three disconnectors were identified that triggered 

disconnections between nodes of a connected component in the control group which 

belongs to the default mode, the cognitive control, and the sub cortical domains. Two 

additional integrations also were observed within the sensorimotor and the default mode 

domains in the SZ group. 

Table 3-3 – The endpoint of links associated with disconnectivity and abnormal 

integration and their associated functional domain of static analysis. (DM: default 

mode network, VIS: visual, CC: cognitive control, SM: sensorimotor, AU: auditory, 

SC: sub-cortical, CB: cerebellar) 

Missing links associated with disconnectivity 

(○ȟ○) 
 

Additional links associated with abnormal integration 

(○ȟ○) 

○ ○ ○ ○ 

Domain ICN ICN Domain 
Domai

n 
ICN ICN Domain 

SC Thalamus Hippocampus CC CC Hippocampus Fusiform gyrus VIS 

VIS 

Inferior occipital 

gyrus 

 

Middle temporal 

gyrus 
VIS AU 

Middle temporal 

gyrus 
Postcentral gyrus VIS 

VIS 
Right middle 

occipital gyrus 
Fusiform gyrus VIS     

SC 
Subthalamus/hypoth

alamus 
Thalamus SC     

CC 
Supplementary 

motor area 

Inferior frontal 

gyrus 
CC     

CC Insula 
Middle temporal 

gyrus 
AU     
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Figure 3-7 – Disconnectors and connectors that were identified in each state. Solid 

red links trigger disconnection (absence of paths) and solid green links trigger 

abnormal integration (additional paths) in SZ group with reference to the control 

group graph. 
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Table 3-4 – The endpoint of links associated with disconnection and abnormal 

integration and their associated functional domain of dynamic analysis (DM: default 

mode network, VIS: visual, CC: cognitive control, SM: sensorimotor, AU: auditory, 

SC: sub-cortical, CB: cerebellar) 

Stat

e 

Missing links associated with disconnectivity 

(○ȟ○) 
 

Additional links associated with abnormal integration 

(○ȟ○) 

○ ○ ○ ○ 

Dom
ain 

ICN ICN Domai
n 

Dom
ain 

ICN ICN Domai
n 

1 

DM Precuneus Posterior 

cingulate cortex 

DM DM Posterior 

cingulate cortex 

Precuneus DM 

VIS Calcarine gyrus Lingual gyrus VIS VIS Right middle 

occipital gyrus 

Lingual gyrus VIS 

    VIS Inferior occipital 

gyrus 

Lingual gyrus VIS 

2 

CC Supplementary 

motor area 

Inferior frontal 

gyrus 

CC CC Superior frontal 

gyrus 

Superior medial 

frontal gyrus 

CC 

CC Insula Middle temporal 

gyrus 

AU VIS Right middle 

occipital gyrus 

Lingual gyrus VIS 

CC Inferior parietal 

lobule 

Inferior parietal 

lobule 

CC SM Left postcentral 

gyrus 

Right 

postcentral 
gyrus 

SM 

3 

SC Caudate Thalamus SC SC Caudate Caudate SC 

SC Subthalamus/hyp

othalamus 

Thalamus SC SM Left postcentral 

gyrus 

Right 

postcentral 
gyrus 

SM 

4 

DM Anterior 

cingulate cortex 

Anterior 

cingulate cortex 

DM CC Left inferior 

parietal lobule 

Left inferior 

parietal lobule 

CC 

CB Cerebellum Cerebellum CB VIS Right middle 

occipital gyrus 

Lingual gyrus VIS 

    CC Superior frontal 

gyrus 

Inferior parietal 

lobule 

CC 

    DM Posterior 

cingulate cortex 

Inferior parietal 

lobule 

CC 

    DM Precuneus Precuneus DM 

    SM Left postcentral 

gyrus 

Superior parietal 

lobule 

SM 

5 

DM Anterior 

cingulate cortex 

Anterior 

cingulate cortex 

DM SM Left postcentral 

gyrus 

Right 

postcentral 

gyrus 

SM 

DM Precuneus Posterior 

cingulate cortex 

DM DM Precuneus Precuneus DM 

CC Hippocampus Hippocampus CC     

SC Thalamus Hippocampus CC     

AU Superior temporal 

gyrus 

Middle temporal 

gyrus 

AU     
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3.4.5 Applying covariance decomposition approach 

We also examined the case that paths exist between two specific brain components 

in both groups using the covariance decomposition method. In static analysis of control 

and SZ group graphs, sixty-seven pairs of ICNs were identified between which paths exist 

in both control and SZ groups. Ten of these pairs took unique path trajectories at least in 

one group and have a contribution of more than 50% of the correlation between paths 

endpoints obtained via decomposition method. Table 3-5 summarize the results of those 

ICN pairs in static analysis. Results of static analysis showed significant differences within 

the sensory motor, the subcortical and the visual domains. The SZ group are connected 

through higher number of paths that took unique trajectories with higher correlation weight 

in comparison with the control group in the sensory motor and the subcortical domains. 

However, within the visual domain the control group showed a higher number of paths 

with higher correlation weights. 

In time-varying graphs of control and SZ analysis, one hundred-and-twenty-seven 

pairs of ICNs were identified between which paths exist in both control and SZ groups. 

States 3 and state 5 revealed that 4 and 13 of these pairs took unique path trajectories at 

least in one group, respectively, which have a contribution of more than 50% of the 

correlation between paths endpoints obtained via decomposition. Table 3-6 summarizes 

the results of those ICN pairs. Within the visual domain in state 3, the SZ group showed a 

higher number of paths than the control group in all 4 cases. Also, distinct paths in terms 

of the sequence of the nodes in the SZ group account for more than 50% of the total 

correlation weight between path endpoints. For example, the number of paths between the 

calcarine gyrus (ICN17) and the right middle occipital gyrus (ICN 21) was 6 in the SZ 
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group, while the number of paths between these two ICNs was 2 in the control group. Two 

paths in the SZ group were common to the control group, and the other four took some 

unique path trajectories, and decomposition revealed that those distinct paths in the SZ 

group have a significant contribution (66.39%). As an example, Figure 3-8 depicts the 

result of covariance decomposition analysis between the right middle occipital gyrus and 

the lingual gyrus in state 3. The correlation between these two ICNs in the control and SZ 

groups is 0.0046 and 0.0772, and the number of paths between them in the control and SZ 

groups is two and four, respectively. The decomposition approach shows that two new 

paths in the patient group contribute 93.61% of correlation weight. The other two paths in 

SZ group that took the same trajectories as the control group contributed 6.39% of 

correlation weight. Similar scenarios were observed within the subcortical and the visual 

domain in state 5. Four cases show that the SZ group has more paths between components 

of putamen, caudate, and thalamus, which also involve a significant proportion of total 

correlation between those endpoints. In addition, two cases that involve the inferior 

occipital gyrus as one of the path endpoints show that the distinct paths in the SZ group 

had a significant effect on the total correlation between the path endpoints. Five cases in 

state five show the paths from the middle occipital gyrus to other visual domain 

components have totally different trajectories in control and SZ groups and do not share 

any common paths between control and SZ groups. Moreover, the path analysis between 

the cuneus and the right middle occipital gyrus shows that the SZ group has more paths 

than the control group; however, the unique path of control significantly contributes to the 

total correlation weights between endpoints. Similar results were observed between the 
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cuneus and the inferior occipital gyrus, but the distinct paths of both control and SZ groups 

had a significant contribution to the decomposition. 

 

Figure 3-8 – There are two paths between the right middle occipital gyrus and lingual 

gyrus in the control group in state 3. The number of paths identified between these 

two ICNs in the SZ group is four. The correlation between path endpoints in control 

is 0.0046, and the decomposition approach assigned correlation weights of 0.0044 and 

0.0002 to each path in control. The correlation between path endpoints in SZ is 0.0772, 

and the decomposition approach assigned correlation weights of 0.0668, 0.0044, 

0.0055, and 0.0005 to the four paths in SZ, respectively. The decomposition approach 

shows that the two new paths in the patient group contribute 86.51% and 7.1 % to 

the correlation between path endpoints. A total of 93.61% of correlation weight 

belongs to these two new paths in the SZ group, and two other paths in SZ that take 

the same trajectories as controls have a correlation weight of 6.39% of the path 

endpoint correlation. 
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Table 3-5 – Paths that took unique path trajectory and have a significant contribution 

to the decomposition in static analysis. 

ICN Pair Num. of 

paths 

Num. 

of 

Comm

on 

path 

Distinct paths Correlatio

n 

difference 

HC-SZ 
V1 v2 HC SZ HC SZ 

Domai

n 

ICN ICN Domai

n 

Nu

m. 

weight 

contributio

n 

Num

. 

weight 

contributio

n 

SC Caudate Thalamus SC 1 2 1 0 0.00% 1 74.96% -0.0012 

SM Left 

postcentral 

gyrus 

Precentral 

gyrus 

SM 6 33 6 0 0.00% 27 91.16% -0.0311 

SM Paracentral 

lobule 

Precentral 

gyrus 

SM 6 48 6 0 0.00% 42 56.11% -0.0045 

SM Right 

postcentral 

gyrus 

Paracentral 

lobule 

SM 10 27 10 0 0.00% 17 74.04% -0.0376 

SM Right 

postcentral 

gyrus 

Precentral 

gyrus 

SM 10 33 10 0 0.00% 23 98.09% -0.0275 

SM Superior 

parietal lobule 

Paracentral 

lobule 

SM 10 32 10 0 0.00% 22 66.14% -0.0385 

SM Superior 

parietal lobule 

Precentral 

gyrus 

SM 10 48 10 0 0.00% 38 89.17% -0.0065 

VIS Cuneus  Right middle 

occipital gyrus 

VIS 21 15 15 6 82.71 0 0.00% 0.103 

VIS Cuneus Inferior 

occipital gyrus 

VIS 21 15 15 6 81.44 0 0.00% 0.0852 

VIS Fusiform gyrus Middle 

temporal gyrus 

VIS 22 1 0 22 1 1 100% -0.0313 

 

3.5 Discussion 

In this chapter, we estimated static and dynamic brain graphs from resting-state fMRI 

data. We applied a data-driven approach for determining the nodes and edges of the graphs. 

Spatial brain components evaluated by group ICA was used to define data-driven nodes, 

and for estimating graphs edges, we employed statistical tests and mitigated the bias of 

relying on ad-hoc thresholds for correlation values. After estimation of a partial correlation 

matrix, we obtain the corresponding p-values, and we only considered an edge between 

two nodes if it passes a significance level (0.05) after multiple comparison correction 

(FDR). This contribution reduces the need for subjective choices as in other widely used 

approaches [8]. 
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Existing methods for identifying differences between control and patients’ groups in 

functional brain imaging literature are limited to correlation networks and pair-wise 

functional connectivity comparison. Most studies focus only on pair-wise relationships or 

‘single links’. The path in such networks cannot reveal meaningful interpretation in 

comparison with the GGM which the conditional dependency plays important role in 

determining connection and paths between nodes. 

We analyzed paths on both static and dynamic manner of control and patient groups 

graphs. We provide an algorithm to estimate edges associated with disconnection (absence 

of paths) or aberrant integration (additional paths) in dynamic patient group graphs by 

mimicking the structure of control group graphs. We used the concept of the connected 

component in graph theory to examine the presence or absence of a path between two nodes 

of a graph as there is at least one path between every pair of nodes in a connected 

component. This results in time complexity reduction of path analysis in comparison with 

checking the absence or presence of paths for every pair of nodes of a graph. In the first 

part of the algorithm, we identified connected components in graphs using the NetworkX 

python package [101]. Next, through multiple steps in the proposed algorithm, we checked 

if the nodes of each connected component separated or joined to a new connected 

component in the second graph. Then if any separation or abnormal integration occurred, 

the edges associated with those cases would be returned as an output of the algorithm. This 

algorithm can be applied to either static or dynamic graphs. 

In addition, we studied the cases where two nodes (ICNs) connected in both control 

and patient groups. We investigated which paths take unique trajectories and compute their 

corresponding correlation weights using the covariance decomposition method in a GGM. 
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We applied our method to both static and dynamic time-varying graphs to analyze changes 

in paths over time. 

We illustrated the utility of our proposed method on resting-state fMRI data of SZ 

patients. Previous studies have been demonstrated that SZ is associated with a disruption 

of the connections present in the healthy brain [5], [102], [103], [104]. Since SZ is a 

psychiatric disorder that can be distinguished by functional disconnectivity or abnormal 

integration between distant brain components [26], [43], [44], we analyzed additional and 

blocked paths in estimated SZ time-varying graphs. However, the proposed method can be 

applied to any data related to other conditions that can be distinguished by disconnectivity 

or abnormal integration. Using our proposed algorithm, we found several disconnectors 

and connectors associated with disconnectivity and abnormal integration (see Table 3-3 

and Table 3-4). 

Our findings show 14 disconnectors and 16 connectors, both within and between 

functional domains, across all five states in time-varying brain graphs analysis. Static 

approach reveals 6 disconnectors and 2 connectors. Table 3-7 summarizes the number of 

identified connectors and disconnector across all states in dynamic and static analysis. In 

static analysis, the disconnection observed within the nodes of the visual, the sub cortical 

and the cognitive control domains and between nodes of the sub cortical, the cognitive 

control and the auditory domains. In addition, two abnormal integrations were observed 

between the cognitive control, the visual and the auditory domains. In dynamic graph 

analysis within the default mode network, we found four missing links associated with 

blocked paths in states 1, 4, and 5. Several of the observed disconnectors showed agreement 

between static and dynamic approach. Four of six disconnections in static analysis which 
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were observed within and between the sub cortical, the cognitive control, and the auditory 

domain were also identified in different states of dynamic analysis. In dynamic approach, 

the disruption identified between the thalamus (SC) and the hipocampus (CC) in state 5, 

between the insula (CC) and the middle tempral gyrus (AU), and between the 

supplementary motor area (CC) and the inferior frontal gyrus (CC) in state 2, between the 

subthalamus/hypothalamus (SC) and the thalamus (SC) in state 3 were observed in static 

analysis as well.  However, the result shows dynamic approach can capture more detailed 

information regarding the disconnection and abnormal integration that would be missed in 

static analysis. Therefore, path analysis on time-varying graphs extends findings from static 

analysis and provides additional results which are complementary to, and extend, a static 

analysis. 

Table 3-6 – Number of identified links associated with disconnection and abnormal 

integrationin static and dynamic analysis. 

 Number of missing links associated with 

missing paths 

Number of additional links associated with 

additional paths 

Static analysis 6 2 

State 1 2 3 

State 2 3 3 

State 3 2 2 

State 4 2 6 

State 5 5 2 

The default mode network describes a distributed large-scale functional brain 

network that consists of brain components such as the medial prefrontal cortex, posterior 

cingulate cortex, and precuneus [105] that is more active during rest or internal cognitive 

processing compared to external goal-directed cognitive tasks [106]. Previous fMRI 

studies in SZ have consistently reported the disruption and aberrant functioning of the 

default mode network [41], [87], [88], [89], [86]. Interestingly, our approach identified 

three new links associated with additional paths within the default mode network and one 
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new link between the default mode network and cognitive control in precisely the same 

states as disconnectors were found in dynamic approach, which may be related to a 

compensatory response in the SZ group that warrants future study.  

In addition, disruption in the sub cortical domain is consistent with and significantly 

extends recent reports [26], [107]. In more details, disconnection between the thalamus and 

the hippocampus which were identified by our method in both dynamic and static analysis, 

has been reported previously in [107]. 

Furthermore, the most significant alteration was observed in cognitive control. 

Cognitive dysfunction in schizophrenia were previously reported [108] supports the 

cognitive control disconnections identified by our method which were observed both in 

static and dynamic analysis. In dynamic approach, there were five links associated with 

blocked paths, of which four of them were within cognitive control, and one was between 

the cognitive control and auditory network. Also, three new links were observed associated 

with additional paths within cognitive control, and one new link was between the default 

mode network and cognitive control networks. Cognitive control is a cognitive and neural 

mechanism that contributes to the ability to adapt information processing and regulating 

behavior according to one's current goals [109], and according to prior studies, cognitive 

impairments are the main feature of SZ [110], [111]. Our results thus are consistent with 

and extend findings from prior studies. 

To examine case three, where two distinct brain components are connected and 

reachable from each other in both control and patient groups, we applied the covariance 

decomposition method. The dynamic approach results showed that (only) states 3 and 5 
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have significant group differences  [21]. Although the paths existed between pairs of brain 

components, particularly within the subcortical and visual domain in both groups, these 

paths take unique trajectories, and the decomposition method revealed that those distinct 

paths have significant weight. The results of both static and dynamic analysis suggest that 

despite the connection between the nodes in both groups in sub cortical domain, 

schizophrenia have different type of connection, in terms of unique paths trajectories, and 

the decomposition method showed that those distinct paths have significant weight 

between the thalamus and the caudate. In addition, dynamic analysis provided additional 

differences which were not revealed in static analysis in the sub cortical domain.  

Our work shows that differences between control and patient groups are likely the 

results of ‘multi-link’ disruptions in the paths. The results highlight the important of 

studying longer path links, especially in the context of complex mental illness such as 

schizophrenia. Hence, in comparison with the existing methods, more detailed 

interpretation regarding the differences between control and patients can be obtain using 

our proposed method. Future work should focus on expanding the approach and replicating 

our results in additional datasets. 

In this work, we analyzed undirected graphs based on partial correlation. Although 

the graph-theoretical approach can be used to either assess functional or effective 

connectivity patterns, most human brain graphs investigations have applied undirected 

networks because of inference constraints of directed graphs [2], [8], [112]. Future work 

could utilize directed network analysis that might provide more information on human 

brain connectivity. 
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Table 3-7 – Paths between groups that took unique path trajectory and have a 

significant contribution to the decomposition in dynamic analysis. 

State 

ICN Pair 

Num. 

of 

paths 
Num. 

of 

Comm

on path 

Distinct paths 

Correla

tion 

differe

nce (C-

SZ) 

v1 v2 

C 
S

Z 

Control SZ 

Domain ICN ICN Domain 

N

u

m

. 

weight 

contributio

n 

Nu

m. 

weight 

contributi

on 

3 VIS 
Calcarine 

gyrus 

Right 

middle 

occipital 

gyrus 

VIS 2 6 2 0 0% 4 66.39% -0.0106 

3 VIS 
Calcarine 

gyrus 

Inferior 

occipital 

gyrus 

VIS 2 7 2 0 0% 5 92.14% -0.0071 

3 VIS 

Right middle 

occipital 

gyrus 

Lingual 

gyrus 
VIS 2 4 2 0 0% 2 93.61% -0.0726 

3 VIS 

Inferior 

occipital 

gyrus 

Lingual 

gyrus 
VIS 2 4 2 0 0% 2 98.86% -0.053 

5 SC 

Subthalamus/

hypothalamu

s 

Putamen SC 1 3 1 0 0% 2 99.82% -0.0376 

5 SC 

Subthalamus/

hypothalamu

s 

Caudate SC 1 4 1 0 0% 3 96.98% -0.0088 

5 SC Putamen Thalamus SC 1 3 1 0 0% 2 97.64% -0.0609 

5 SC Caudate Thalamus SC 1 3 1 0 0% 2 70.17% -0.0152 

5 VIS 
Calcarine 

gyrus 

Inferior 

occipital 

gyrus 

VIS 4 4 2 2 31.41% 2 83.8% -0.0102 

5 VIS 

Inferior 

occipital 

gyrus 

Lingual 

gyrus 
VIS 3 2 1 2 9.14% 1 83.8% -0.0597 

5 VIS 
Calcarine 

gyrus 

Middle 

occipital 

gyrus 

VIS 4 2 0 4 100% 2 100% -0.0091 

5 VIS 

Middle 

occipital 

gyrus 

Cuneus VIS 3 2 0 3 100% 2 100% -0.0043 

5 VIS 

Middle 

occipital 

gyrus 

Right 

middle 

occipital 

gyrus 

VIS 1 2 0 1 100% 2 100% 0.047 

5 VIS 

Middle 

occipital 

gyrus 

Inferior 

occipital 

gyrus 

VIS 1 2 0 1 100% 2 100% 0.0024 

5 VIS 

Middle 

occipital 

gyrus 

Lingual 

gyrus 
VIS 3 1 0 3 100% 1 100% -0.0531 

5 VIS Cuneus 

Inferior 

occipital 

gyrus 

VIS 3 4 2 1 85.12% 2 83.8% -0.0029 

5 VIS Cuneus 

Right 

middle 

occipital 

gyrus 

VIS 3 4 2 1 85.12% 2 6.77% 0.0292 
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3.6 Conclusion 

In sum, we provide an approach using GGM to estimate static and time-varying 

graphs in control and patient group on resting-state fMRI data. We comprehensively 

analyze paths and propose an algorithm to estimate links associated with disconnectivity 

and abnormal integration in the patient group graphs. Also, in cases in which paths exist 

between two nodes in two groups, we suggest using a covariance decomposition method. 

We apply our method to study resting-state fMRI data in SZ versus controls, as this is a 

disorder characterized by disconnectivity. We provided detailed information about how 

reduced integration or abnormal integration manifests in the SZ group. Several missing 

links associated with disconnectivity were identified in the SZ group, both within and 

between functional domains, particularly within the default mode network and cognitive 

control domains. Also, our proposed algorithm identified additional new edges within these 

domains associated with abnormal integration, which may be related to a compensatory 

brain response in the schizophrenia group. In analyzing cases in which paths exist between 

two specific brain components in both groups, these paths in some cases took unique 

trajectories, and the decomposition method showed that those distinct paths have 

significant weight. The proposed path analysis provides a way to characterize individuals 

by evaluating changes in paths, rather than just focusing on pair-wise relationships. As the 

edges within a path might be distinct in different individuals, a path-based approach can 

capture important information that is ignored by approaches that focus on pair-wise 

relationships. Our first dynamic path analysis found path-based differences between 

individuals with schizophrenia and healthy controls, indicating its promise for identifying 
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path-based abnormalities in dynamic connectivity in the healthy and disordered brains. 

Path analysis on time-varying graphs extends findings from static graphs and provides 

additional results which are complementary to, and extend, a static analysis. 
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CHAPTER 4. MULTIMODAL PATH ANALYSIS IN STATIC 

AND TIME-VARYING BRAIN GRAPHS USING FMRI-BASED 

FNC AND SMRI-BASED GM FEATURES 

Throughout the preceding chapters, we presented an innovative algorithm designed 

to analyze disrupted pathways within patient group graphs. Our investigations primarily 

focused on identifying 'disconnectors' within static multimodal graphs, and subsequently, 

we expanded our exploration to encompass both 'disconnectors' and 'connectors' within 

static and dynamic brain graphs, leveraging data from resting-state fMRI. However, our 

research has yet to explore the potential of static and dynamic multimodal brain graphs 

utilizing a combination of functional network connectivity (FNC) derived from resting-

state fMRI data and gray matter (GM) features obtained from sMRI data. Therefore, in this 

chapter, we aim to bridge this gap by studying disrupted pathways within static and 

dynamic multimodal brain graphs, incorporating both FNC and GM features. By doing so, 

we seek to attain a more comprehensive and nuanced understanding of this crucial atter. 

4.1 Chapter overview 

Multimodal brain network analysis holds promise for shedding light on the 

underlying mechanisms of brain disorders. While much of the previous research has 

concentrated on either unimodal brain graphs or local/global graphic metrics, these 

approaches often overlook the intricate details of disrupted pathways within the patient 

group. Our study demonstrates that combining multimodal brain graphs with a focused 
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analysis of disrupted paths can yield profound insights into identifying path-based disease 

biomarkers. 

In this investigation, we present a methodology for estimating both static and 

dynamic multimodal brain graphs. This is accomplished by leveraging functional network 

connectivity (FNC) and gray matter (GM) features through a Gaussian graphical model 

comparing individuals with schizophrenia to control subjects. Employing graph theory 

techniques, we pinpoint "disconnectors" or "connectors" within the patient group's graph, 

which introduce new pathways or contribute to the absence of paths as compared to the 

control group's graph. The results reveal the presence of several edges in the schizophrenia 

group's graph that play a pivotal role in triggering the emergence or absence of specific 

pathways. These edges, linked to the disrupted paths, are identifiable both within and 

between FNC and gray matter features. This underscores the significance of incorporating 

multimodal approaches and transcending pairwise edge analyses to attain a more holistic 

and profound comprehension of brain disorders. 

4.2 Introduction 

The emergence of modern neuroimaging techniques has ushered in a wealth of 

valuable and insightful information pertaining to various brain disorders, notably 

schizophrenia (SZ). SZ stands as a profound mental illness characterized by a constellation 

of symptoms encompassing delusions, hallucinations, social withdrawal, and cognitive 

function impairments. The disconnection hypothesis, initially proposed by Friston and 

Frith [59], has linked SZ with alterations in both structural [63] and functional [64] brain 

networks. Within the realm of SZ, the discourse has spanned a range of descriptions, with 
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studies unveiling the disorder's manifestation as a perturbation of brain connectivity, 

presenting instances of hypo-connectivity [113] hyper-connectivity [114], and even 

instances where it's conceptualized as a dysconnectivity syndrome, entailing both hypo-

connectivity and hyper-connectivity [115], [116].  

The integration of neuroimaging techniques with graph theoretical methodologies 

has provided us with a more quantitative lens to scrutinize and comprehend psychiatric 

brain disorders [4], [8], [3], [117]. By leveraging graph theory in the analysis of brain 

networks, we unlock valuable insights into the intricate architecture and functional 

dynamics of the brain network in the context of schizophrenia (SZ). In the realm of brain 

networks, the nodes signify distinct brain regions, while the edges encapsulate various 

measures of structural or functional interactions between these nodes. Once a brain network 

is established, graph theory steps in to articulate and juxtapose the overall topological 

intricacies of the network, employing metrics like clustering coefficient, modularity, and 

average path length  [118].  For instance, the assessment of graph metrics such as path 

length and global efficiency has revealed disruptions inherent to SZ [119].  

Nonetheless, most prior studies have either examined single-modal brain graphs or 

concentrated on local/global graphical metrics, often disregarding the intricate aspects of 

disrupted pathways within the patient group. Our study, however, seeks to discern these 

disrupted paths within the multimodal brain graph of the patient cohort. Each modality 

offers a distinct yet complementary perspective on brain function or structure [39]. 

Substantial evidence highlights the presence of multimodal brain distinctions between SZ 

and control groups [49], [50], [54], [53]. However, only a limited number of investigations 

have ventured into the realm of amalgamating multimodal neuroimaging data and graphical 
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models. There remains considerable room for exploration in this domain, which could 

potentially harmonize the disparate findings in SZ. Utilizing established path analysis 

methodologies discussed in the previous chapter, we endeavor to pinpoint edges associated 

with absent or additional paths within the patient group graph. Given that the disparities 

between control and patient groups likely stem from multifaceted disruptions in these 

paths, we build upon prior research to uncover these associations. Our overarching goal is 

to employ a graph theory framework to identify multimodal path-based biomarkers specific 

to individuals with SZ. Moreover, for estimating the structural or functional connectivity, 

using Pearson’s correlation coefficient is common practice in the literature. Although 

commonly used, Pearson’s correlation does not distinguish whether two brain components 

are directly connected or indirectly connected through another brain component. To 

mitigate this, in this study, we use the Gaussian graphical model (GGM). We propose a 

way to build static and dynamic multimodal GGM for control and individuals with SZ in 

a data-driven way to define nodes and edges. We combine functional MRI (fMRI) and 

structural MRI (sMRI) data to improve neuromarker identification and to take advantage 

of multimodal cross-information. 

4.3 Materials and Method 

In this section, we first describe our approach to estimating static and multimodal 

brain networks of control and patient groups in a data-driven manner. Next, we analyze 

paths on the multimodal brain graphs of control versus control. 
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4.3.1 Data information, preprocessing, and intrinsic connectivity network extraction. 

We considered data from the function Biomedical Informatics Research Network 

(fBIRN) study [75] that included sMRI and fMRI collected from 160 controls and 151 SZ 

patients. Written informed consent was obtained from all subjects. The fBIRN 

demographics can be seen in Table 4-1. sMRI scans undergo preprocessing utilizing 

statistical parametric mapping (SPM12), accessible at http://www.fil.ion.ucl.ac.uk/spm/. 

The preprocessing encompasses unified segmentation and normalization of the sMRI 

scans, segregating them into distinct gray matter, white matter, and cerebrospinal fluid 

(CSF) compartments. The segmentation process employs a modulated normalization 

algorithm, which results in the computation of gray matter. Subsequently, a Gaussian 

kernel characterized by a full width at half maximum (FWHM) value of 6 mm is applied 

to enact smoothing upon the gray matter data. 

We have also employed the SPM12 toolbox to preprocess the fMRI data. As a 

preliminary step to preprocessing, we exclude the initial five-time points of the fMRI data 

to ensure a stable magnetization state. To address motion artifacts, we performed rigid 

body motion correction. Additionally, we applied slice-timing correction to account for 

temporal discrepancies. Subsequently, the fMRI images are subjected to spatial 

normalization, aligning them with the standard Montreal Neurological Institute template 

using an echo-planar imaging template. This normalization process involves a slight 

resampling, resulting in isotropic voxels measuring 3 × 3 × 3 mm³. To further enhance 

comparability with the sMRI data, a Gaussian kernel with a full width at half maximum 

(FWHM) of 6 mm is employed to apply smoothing to the fMRI images. 
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 Next, a spatially constrained group-independent component analysis approach with 

the Neuromark pipeline [94] was applied to the functional data to obtain 53 consistent 

components corresponding to brain areas also known as intrinsic connectivity networks 

(ICNs). Fifty-three ICNs categorized into seven functional domains include auditory, 

cerebellar, cognitive-control, default-mode, sub-cortical, sensorimotor, and visual. 

Table 4-1 – Demographics of fBIRN cohort 

 Control Schizophrenia 

Number 160 151 

Age 37.0 10.9 38.8±11.6 

Gender 45Fa/115M 36F/115M 

a.  F, female; M, male  

  

4.3.2 Static analysis 

Figure 4-1 illustrates the method steps in more detail for static analysis.  

4.3.2.1 Static functional network connectivity (sFNC) and group differences in sFNC 

between groups 

We derived the static functional network connectivity (sFNC) matrix for each subject 

by calculating pairwise correlations across the entire duration of the ICNs time course. 

Subsequently, we conducted univariate tests on the sFNC matrices to assess group 

variations. 

4.3.2.2 Estimating static multimodal brain graphs for control and patient groups 
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 To infer a multimodal brain graph through the utilization of sFNC and GM features, 

it is imperative to establish a framework for multimodal node and edge definition. This 

involves the application of parallel ICA (pICA) as a data fusion algorithm for the 

estimation of these multimodal nodes. pICA is a hypothesis-free statistical technique that 

extends ICA to analyze two modalities to identify independent components from each 

modality and estimates the relationships between the two modalities [66]. After estimating 

sFNC and GM maps as input features, we applied pICA (implemented in the FIT toolbox 

from TReNDS (http://trendscenter.org/software/fit)) on these two features. To determine 

the optimal number of components, we utilized the elbow method based on explained 

variance and selected fifteen components. pICA generates four matrices including two 

loading matrices, one for each modality with the dimension of (number of subjects: 311) × 

(number of components: 15), and two-component matrices with the dimension of (number 

of components: 15) × (number of GM voxels / sFNC measures). Relying on expert 

knowledge we removed four artifactual components of GM maps. The plot of the 

remaining eleven components of GM maps can be seen in Figure 4-2. Figure 4-3 shows 

the sFNC maps in component-by-component matrix form (53×53). After determining 

multimodal nodes, we used GGM to model the multimodal nodes interactions wherein 

edges demonstrate a partial correlation between multimodal nodes. The precision matrix 

(inverse of the covariance matrix) in GGM summarizes the conditional dependence of 

network structure that is, two nodes are conditionally independent, given all other nodes if 

and only if their corresponding off-diagonal entry of the precision matrix is zero and the 

graph structure can be inferred based on nonzero entries. To estimate the precision matrix, 

we used the joint graphical lasso estimator [23] on the loading matrices for the control and 

http://trendscenter.org/software/fit


 83 

patient group. We chose to use a joint estimation as growing evidence demonstrates that 

common structure across groups enhances the estimation power, especially for high-

dimensional data [120]. Having the precision matrices for control and groups, we 

calculated the partial correlation matrices and applied a parametric test for the statistical 

significance of the partial correlation. We considered an edge between two brain 

components (nodes) only where the corresponding false discovery rate (FDR) corrected P-

value was less than 0.05. We utilized a density of 0.1 to obtain graphs which are sparse 

enough and interpretable with our approach for network differentials. To obtain graphs 

with a density of 0.1, we used grid search for λ1 and λ2 parameters across different setups 

to minimize the following formula: 

ὥὶὫάὭὲπȢρ ὨὩὲίὭὸώὋ ȟ  

Where K is number of classes and  Ὃ ȟ is corresponding estimated graph for class k and 

λ1 and λ2 are sparsity and similarity parameters, respectively. 
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Figure 4-1 – Overview of the approach for analyzing static multimodal paths. sMRI 

and fMRI data were collected. Preprocessing steps were applied and sFNC and GM 

maps were estimated as input features. To estimate multimodal nodes for the brain 

network, pICA was performed as a data fusion algorithm. sFNC and gray matter 

components (nodes of multimodal brain graph) were calculated using the component 

matrices. Precision matrices were estimated for control and patient by applying the 

joint graphical lasso to estimate multimodal edges. Next, partial correlation matrices 

were calculated, and adjacency matrices were determined by applying the parametric 

test for the statistical significance of the partial correlation. Elements of the adjacency 

matrix are considered as one only where the corresponding false discovery rate (FDR) 

corrected p-value was significant (p < 0.05). Lastly, differential network analysis was 

performed to estimate edges associated with disrupted paths in the patient group. 
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Figure 4-2 – GM components. Eleven GM components were estimated from the pICA 

analysis. 
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Figure 4-3 – sFNC components. Fifteen sFNC in component-by-component matrix 

form. (AU: auditory, CB: cerebellar, CC: cognitive-control, DM: default-mode, SC: 

sub-cortical, SM: somatomotor, VI: visual) 

4.3.2.3 Path based differential analysis on static brain graphs of control and patient 

groups. 

After estimating multimodal GGMs for control and patient groups, we then 

compared and analyzed paths between multimodal nodes of the control and patient group 

using algorithm 3-1 to identify disconnectors and connectors. 

4.3.3 Time varying analysis  

4.3.3.1 Dynamic functional network connectivity (dFNC) and group differences in 

dFNC between groups 

Initially, we conducted computations for dynamic functional network connectivity 

(dFNC). dFNC explores the fluctuations in interactions between different brain networks 

over time. The analysis of dFNC empowers us to assess the temporal evolution of 

functional network connections (FNCs) within intrinsic connectivity networks (ICNs). For 
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each subject, dFNC was estimated using a sliding window approach. We employed a 

sliding window technique using tapered windows to examine the dynamic connectivity 

among ICNs. To achieve this, the time courses (TCs) of the ICNs were segmented using a 

sliding window of 20 time points and a step size of 1 time points, resulting in a total of 137 

windows. The estimation of FNC among the segmented ICN TCs was conducted using the 

GIFT toolbox (http://trendscenter.org/software/gift/). Recognizing that shorter time 

segments might lack comprehensive data for capturing the covariance matrix, we 

approached covariance estimation by utilizing a regularized precision matrix. This matrix 

was obtained through the graphical LASSO method [121] (using L1 norm to promote 

sparsity) applied to the windowed data. The regularization parameter (λ) was obtained 

using a cross-validation framework.  

To explore recurring dFNC patterns, we employed k-means clustering on the 

windowed dFNC. By utilizing the L1 norm as the distance measure, the windowed 

covariance matrices were clustered into a set of separate clusters. Subject-specific 

exemplars were chosen as those time windows with local maxima in dFNC variance across 

all dFNC pairs. Then the k-means clustering was conducted on selected exemplars and was 

repeated 100 times, employing a random initiation of centroid position, to obtain functional 

states (the group cluster centroids). These group centroids served as the starting points for 

clustering the windowed dFNC data of all subjects. The optimal number of states was 

estimated using the elbow criterion. The number of clusters was determined as five.  This 

choice aligns well with the established range of 4 to 7 clusters observed in prior dFNC 

investigations involving various brain disorders.  
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We conducted a univariate test in dFNC analysis to assess differences between the 

control and patient groups. We initially calculated the mean for each state across subjects, 

derived from the subject FNC windows corresponding to that state. This mean pattern stood 

as a representative connectivity pattern for each state per subject. Then, to identify 

significant differences between patient and control groups, we performed t-tests for each 

pair of ICNs based on the averaged dFNC values across states. We corrected for multiple 

comparisons by using the False Discovery Rate (FDR) method with a significance 

threshold set at 0.05. 

4.3.3.2 Estimating dynamic multimodal  brain graphs for control and patient groups 

To estimate dynamic multimodal graph, we applied pICA on GM and state average 

features, with FNCs all stacked, and replicated GM if the same subject was in multiple 

states. To determine the optimal number of components, we utilized the elbow method 

based on explained variance and selected fifteen components for GM and fourteen 

components for dFNC states. Then the loading matrices obtained from pICA unpacked for 

each state which yielded a different number of subjects in each state. This is because not 

all subjects have all the states and different states have different number of subjects. 

Relying on expert knowledge we removed two artifactual components of GM maps. Next 

similar to the static analysis, we estimated GGM for control and patient groups for each 

state.  

4.3.3.3 Path based differential analysis on static brain graphs of control and patient 

groups. 
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After estimating dynamic multimodal GGMs for control and patient groups, we then 

compared and analyzed paths between multimodal nodes of the control and patient group 

using algorithm 3-1 and identified connectors and disconnectors for each state. 

4.4 Results 

4.4.1 Static analysis results 

Univariate tests were performed on sFNC to evaluate group differences. The group-

specific mean sFNC matrices are shown in Figure 4-4 along with the group differences. 

Compared to the HC, the SZ group showed significantly weaker connectivity between all 

AUD, SM and VIS networks. Additionally, the SZ group showed lower antagonist 

connectivity between SC networks and AUD, VIS and SM networks. The connectivity 

between the cerebellar and subcortical ICNs are also higher in control group.  

 

Figure 4-4 – Mean sFNC maps for control (left) and individuals with SZ (middle) 

groups and the result of group differences (right), the upper triangle is the group 

difference (SZ-HC) in sFNC, and the lower triangle is the results of multiple 

comparison test. 
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Figure 4-5 summarizes the results of differential network analysis and identifies 

disconnectors and connectors in the estimated static multimodal brain graphs of the SZ 

group. Disconnectors associated with disconnection are shown as solid red edges and 

simple missing edges are shown with the dashed red line. Two disconnectors and four 

connectors were observed, within and between modalities. One disconnector and two 

connectors were identified between sFNC and GM modalities.  

The cross-modal disconnector is between sMRI_3 and sFNC_4, and another one is 

within the sFNC modality, that is between sFNC_4 and sFNC_3. A cross-modal missing 

edge is between the cerebellar component and the sFNC feature which has a negative 

correlation between cerebellar and sub-cortical domains and has high functional 

connectivity in the somatomotor domain. Regarding connectors, we identified two cross-

modal connectors (sMRI_9, sFNC_7) and (sMRI_9, sFNC_8) and two connectors within 

the modalities which are (sFNC_1, sFNC_10) and (sMRI_10, sMRI_15). 

The connectors are shown with a solid green line in Figure 4-5. One of the cross-

modal connectors is between the middle temporal gyrus component and the sFNC _7 

feature which has high functional connectivity between the default mode and the sFNC_8 

feature which has high functional connectivity between the visual and subcortical domains 

and weaker functional connectivity within the visual domains. Two within modality 

connectors are (sFNC_1, sFNC_10) and (sMRI_10, sMRI_15). 

4.4.2 Dynamic analysis results 
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After the removal of two artifacts, the GM components are visible in Figure 4-6. 

Additionally, the average functional connectivity for each state is depicted in Figure 4-7. 

State 3, 5, and 2 exhibit a moderate to high correlation pattern, while states 1 and 4 

demonstrate low and weakest connectivity states. The group-specific medians for each 

state are displayed in Figure 4-7 (top two rows). Notably, State 2 reveals the most 

pronounced correlation between the AUD, SM, VI, SC, and CB domains, alongside notable 

antagonism between SC and AU, SM, VI, as well as between AU, SM, VI, and CC, DM, 

CB. Similar patterns with varying degrees of intensity are observed in states 5 and 3. 

Conversely, State 1 and 4 depict weak connectivity between domains, and within State 4, 

robust connectivity patterns are solely observed within domains. 

In group difference evaluations, the number of significant FDR corrected p values 

were 173 for State 1, 55 for State 2, 41 for State 3, 57 for State 4, and 34 for State 5. Figure 

4-7 also illustrates the results of the multiple comparison test for the control and SZ group.  

It is important to observe that not all subjects have dynamic windows that are assigned to 

every state, therefore the number of observations (subject-specific matrices, and 

consequently the degrees of freedom in the model) changes with each state.  Analyzing 

group differences among states reveals that the observed notable antagonism between the 

cerebellar and sensory ICNs, which exhibited reduced levels in patients with SZ, is evident 

within the control group during state 1. In state 1, the control group displayed the most 

pronounced hyperconnectivity between the subcortical and cerebellar domains. 

Furthermore, the patient groups exhibited elevated hyperconnectivity between the 

subcortical and cognitive control ICNs. Notably, state 1 showcased heightened 

connectivity between cognitive control and sensory ICNs in the control group. Notable 
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differences, primarily centered around the subcortical domain and other domains, were 

identified in state 2. Additionally, certain distinctions were noted between cognitive control 

and cerebellar, as well as sensorimotor and cognitive domain ICNs. Similarly, states 3, 4, 

and 5 exhibited analogous differences, primarily associated with the subcortical domain 

and various other domains, with particular emphasis on the subcortical and cerebellar 

domains. 

 

Figure 4-5 – Static analysis results. Disconnectors associated with disconnection are 

shown as solid red edges and additional edges associated with abnormal integration 

are shown with solid green edges. The simple missing and additional edges shown 

with dashed red and green line, respectively. Results show two disconnectors and four 

connectors both within and between modalities. One of disconnectors and two of 

connectors were observed between modalities. 
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Figure 4-6 – Plot of thirteen GM components. components were estimated from the 

pICA analysis.  
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Figure 4-7 – Averaged functional connectivity matrices for control and SZ and group 

differences. The upper triangle is the differences between averaged correlation 

matrix of SZ and control (SZ-C), and the lower triangle is the result of multiple 

comparison test. 

Figure 4-8 shows the results of applying path analysis to identify missing and 

additional links for each state.  
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Figure 4-8 – Disconnectors and connectors that were identified in each state. Solid 

red links trigger disconnection (absence of paths), and solid green links trigger 

abnormal integration (additional paths) in SZ group with reference to the control 

group graph. 

4.5 Discussion 

In this study, we presented an approach to assess multi-step graphical paths that span 

multimodal neuroimaging data. We aimed to identify multimodal path-based biomarkers 

for individuals with SZ, however, the proposed method can be applied to any undirected 

graph estimated from data related to other conditions as well. We proposed a method to 

estimate static and dynamic multimodal graphs of controls and patients with SZ in a data-

driven manner. We defined data-driven nodes and edges. We used pICA for defining 

multimodal nodes and applied test statistics for determining edges. This reduces the bias 

of choosing an ad-hoc threshold for edge estimation of graphs. 
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We used GGM to model the human brain as GGMs are powerful tools for expressing 

statistical relationships between nodes. Bivariate correlation network analysis might result 

in many spurious edges as correlation cannot distinguish between direct and indirect 

associations. In contrast, relationships estimated by GGMs reduce the risk of identifying 

spurious relationships as it is a key advantage of partial correlations that reflects conditional 

independencies [122]. Path analysis on the estimated static multimodal GGMs of control 

and SZ groups revealed two disconnectors and four connectors associated with 

disconnections and abnormal integrations, respectively. We identified several missing and 

additional edges that did not contribute to disconnections or abnormal integrations (dashed 

red and green edges in Figure 4-4) that indicate the importance of analyzing paths than 

focusing on edges differences between groups of control and patient. In this study, we 

employed two distinct neuroimaging modalities (sMRI and fMRI) to specifically 

investigate function-structure interrelationships. One of the disconnectors and two 

connectors were identified between modalities that demonstrate the importance of 

considering multimodal information and moving beyond pairwise edges to provide a more 

comprehensive understanding of brain disorders. The number of studies analyzing 

multimodal probabilistic graphical models is remarkably small as it necessitates broader 

proficiency in collecting multimodal data, analyzing, modeling probabilistic graphical 

models, and interpreting the outcome in comparison with unimodal studies. The 

multimodal study’s findings can be complementary to and extend the unimodal analysis. 

Interestingly, two cross-modal connectors that we identified are related to the middle 

temporal gyrus (sMRI_9, sFNC_7) and (sMRI_9, sFNC_8). sMRI_9 indicates middle 

temporal gyrus and persistently previous studies have reported middle temporal gyrus 
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abnormalities in SZ [123], [124], [125], [126]. The cross-modal disconnector (sMRI_3, 

sFNC_4) that was identified as associated with the cerebellar component (sMRI_3) and the 

sFNC feature which has a negative correlation between cerebellar and sub-cortical domains 

and has high functional connectivity in the somatomotor domain. Abnormalities related to 

cerebellar dysfunction in SZ have been reported numerously [127], [128], [129]. Therefore, 

in light of previous works in SZ, it seems our result obtained by analysis of the path on 

multimodal neuroimaging data is consistent, but we also observed new relationships that 

need future work replicating the results in additional datasets and applying different 

modalities and features. There were more identified connectors than disconnectors, which 

might be related to a brain compensatory response in the SZ group. This should be 

investigated further in a future study. 

Table 4-2 presents a comprehensive summary of the counts for identified connectors 

and disconnectors across all states in both dynamic and static analyses. Additionally, it 

provides a tally for multimodal occurrences. 

 

Table 4-2 – Number of disconnectors and connectors in static and dynamic analysis 

 Disconnectors Connectors 
Multimodal 

disconnectors 

Multimodal 

connectors 

Static analysis 2 4 1 2 

State 1 4 3 4 2 

State 2 1 23 1 10 

State 3 1 0 0 0 

State 4 1 0 1 0 

State 5 2 7 0 2 

Table 4-3 displays the endpoint of disconnector and connector links in the dynamic 

analysis corresponding to each state. Table 4-4 illustrates the sMRI components along with 
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their peak coordinates, while Table 4-5 displays the FNC components and their associated 

domains with the highest connectivity. 

Table 4-3 – The endpoint of links associated with disconnection and abnormal 

integration. 

State Disconnectors Connectors 

State 1 

(sMRI_5, FNC_14) 

(sMRI_5, FNC_6) 

(sMRI_5, FNC_1) 

(sMRI_8, FNC_14) 

 

(sMRI_3, sMRI_5) 

(sMRI_13, FNC_6) 

(sMRI_13, FNC_8) 

 

State 2 
(sMRI_13, FNC_1) 

 

(FNC_4, FNC_8) 

(FNC_6, FNC_14) 

(FNC_7, sMRI_8) 

(FNC_9, FNC_13) 

(sMRI_15, FNC_10) 

(sMRI_7, FNC_13) 

(sMRI_14, FNC_2) 

(sMRI_11, FNC_11) 

(FNC_6, FNC_7) 

(FNC_6, FNC_10) 

(FNC_10, FNC_13) 

(FNC_2, FNC_3) 

(sMRI_7, FNC_9) 

(sMRI_8, sMRI_9) 

(sMRI_3, FNC_10) 

(FNC_4, FNC_9) 

(sMRI_4, FNC_2) 

(sMRI_1, sMRI_4) 

(FNC_5, FNC_7) 

(sMRI_14, FNC_3) 

(FNC_7, FNC_10) 

(FNC_1, FNC_6) 

(sMRI_3, FNC_3) 

 

 

State 3 
(FNC_4, FNC_6) 

 
_ 

State 4 
(sMRI_13, FNC_8) 

 
_ 

State 5 

(FNC_1, FNC_13) 

(FNC_3, FNC_7) 

 

(FNC_3, FNC_9) 

(sMRI_8, FNC_3) 

(FNC_3, FNC_11) 

(FNC_3, FNC_4) 

(FNC_1, FNC_6) 

(sMRI_9, FNC_3) 

(FNC_3, FNC_6) 
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Table 4-4 – sMRI components 

Components Peak 
Coordinate 

X Y Z 

sMRI_1 Cerebelum_7b_L -31.5 -70.2 -52.6 

sMRI_2 Cerebelum_6_L -22.7 -55.5 -19.4 

sMRI_3 Cerebellum -0.5 -56.9 -55.5 

sMRI_4 Cerebellum_Crus2_R 12.0 88.6 35.6 

sMRI_5 Cerebelum_Crus1_L -51.4 54.0 -37.8 

sMRI_7 Calcarine 25.6 -59.9 7.1 

sMRI_8 Temporal_Pole_Mid_L -28.6 18.3 -40.8 

sMRI_9 Calcarine_L -9.4 -100.4 -10.6 

sMRI_10 Cerebelum_Crus2 6.1 -84.2 -31.9 

sMRI_11 Frontal_Inf_Tri 33.4 30.1 27.1 

sMRI_13 Temporal_Mid -46.3 -40.7 4.2 

sMRI_14 Frontal_Inf_Tri_R 39.3 38.9 5.7 

sMRI_15 Frontal_Mid_Orb_L -30.0 60.3 -6.1 

 

In State 1, a multimodal disconnection link emerges between the cerebellum's gray 

matter component and an FNC component, showcasing high connectivity across the 

putamen ICN and sensory motor ICNs, caudate ICN and sensory motor ICNs, as well as 

the sensory motor domain and cognitive control domain and between the cerebellum and 

the insula. Furthermore, an additional multimodal disconnection link is evident between 

the cerebellum's gray matter component and an FNC component which exhibits high 

correlation between sub-cortical and visual domains and high antagonism within the visual 

domain. 

Additionally, there are other multimodal disconnectors between the cerebellum 

component of gray matter and FNC components which show high connectivity between 
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the sensory domain (postcentral gyrus) and other domain including auditory, cognitive 

control and visual domains. Another disconnector was observed between the temporal pole 

component of gray matter and FNC component which shows high connectivity between 

putamen ICN and sensory motor ICNs, between caudate ICN and sensory motor ICNs, 

between the sensory motor domain and the cognitive control domain, and between the 

cerebellum and the insula. State 1 shows a unimodal connector within gray matter 

components which connects cerebellum components. In addition, a multimodal connector 

was observed between temporal middle component of gray matter and FNC component 

which have high correlation between sub-cortical and visual domains and high antagonism 

within the visual domain. Another multimodal connector was identified between the 

temporal middle component of gray matter and FNC component with high activity across 

the sensory motor, the visual and the default mode networks. 

State 2 shows a multimodal disconnector between the temporal middle component 

of gray matter and FNC component which have high correlation among sensory motor, 

visual, and other domains’ ICNs. However, state 2 reveals 23 connectors both within and 

between modalities.  

State 3 shows only a unimodal disconnection which is (FNC_4, FNC_6). The FNC_4 

shows high activation between the subcortical and the cognitive control, between the 

subcortical and the default mode network, between the visual domain and cognitive 

control, between the auditory domain and all other domains. The FNC_6 reveals higher 

functional connectivity within the visual domain, and between the visual domain and 

subcortical, cognitive control and default mode network. 
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State 4 shows a multimodal disconnector between sMRI_13 which is the middle 

temporal gyrus and FNC_8 which shows higher correlation between sensory motor 

(postcentral gyrus, parietal lobule) and the visual (middle temporal gyrus), as well as 

between middle temporal gyrus of the visual domain and frontal gyrus of the cognitive 

control and the cingulate cortex of default mode network. 

State 5 shows a disconnector between FNC_13 and FNC_1. FNC_13 has higher 

functional connectivity across the sensory motor, visual, cognitive control and default 

mode network domains. The FNC_1 shows high activation across the sensory motor 

(postcentral gyrus, paracentral lobule), visual (calcarine gyrus, cuneus), cognitive domains 

(inferior parietal lobue). In addition, another disconnector was observed between FNC_3 

and FNC_7. FNC_3 shows high activation between the sensory and the cognitive control, 

between the sensory and the default mode, between the cognitive control and the default 

mode domains. FNC_7 shows high activation within domains. However, FNC_1 and 

FNC_3 connected through new additional links in patient group to other components 

including FNC_4, FNC_6, FNC_9 and FNC_11 which have higher activation in auditory, 

visual, subcortical, sensory motor and cerebellar domains. In addition, FNC_3 connected 

through additional multimodal link to sMRI_8 (middle temporal pole) and sMRI_9 

(calcarine). Thus, our approach reveals important information about disorder-related 

network disruptions that are missed in a focus on single modality. 

  



 102 

Table 4-5 – Domain with highest connectivity for FNC components. (DM: default 

mode network, VIS: visual, CC: cognitive control, SM: sensorimotor, AU: auditory, 

SC: sub-cortical, CB: cerebellar) 

Components 
Domain Connectivity 

Positive Negative 

FNC_1 
AU-SM, AU-CC, SM-SM, SM-CC, SM-VI, 

VI-CC 

SC-SM, SC-CC, SM-CC, SM-CB, 

CC-CC, CC-CB 

FNC_2 AU-VI, SM-VI VI-CB 

FNC_3 
AU-DM, AU-CC, SM-CC, SM-DM, CC-CC, 

CC-DM 
CC-DM, CC-CB 

FNC_4 
SC-CC, SC-DM, AU-SM, AU-VI, AU-CC, 

SM-CB, CC-CC, CC-CB 

SC-AU, AU-CB, VI-CC, VI-DM, 

CC-CB 

FNC_5 VI-DM CC-DM 

FNC_6 SC-VI VI-VI 

FNC_7 
SC-AU, SC-SC, AU-AU, AU-CC, SM-SM, 

VI-VI, CC-DM, CC-CC, DM-DM, CB-CB 

SC-CC, AU-SM, AU-DM, AU-CC, 

CC-CC 

FNC_8 SM-VI, SM-CC, VI-VI, VI-CC, DM-CB 
SM-DM, VI-CC, VI-DM, CC-CC, 

CC-DM 

FNC_9 
SC-CC, SM-VI, SM-DM, SM-CC, VI-CC, 

CC-CB 

SC-VI, SC-DM, VI-CB, CC-CC, 

CC-DM, CC-CB, DM-CB 

FNC_10 AU-CC, SM-CC, VI-CC VI-CC, CC-CC 

FNC_11 SC-AU, AU-CC, SM-CB, DM-CB 
SC-CB, AU-SM, AU-DM, SM-DM, 

CC-CB 

FNC_12 AU-DM, SM-DM, CC-DM SM-CC, CC-CC, CC-DM, DM-CB 

FNC_13 SM-VI, VI-CC SM-CC, VI-CC, VI-DM 

FNC_14 SC-AU, SC-SM, AU-CC, SM-CC 
SC-SC, SC-CC, SC-DM, SC-CB, 

CC-CC, CC-CB 
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CHAPTER 5. INVESTIGATING HEALTHY AGING AND BRAIN 

NETWORKS: INSIGHTS FROM CENTENARIANS AND NEAR 

CENTENARIANS 

With the continuous increase in global life expectancy, the importance of 

comprehending the process of aging in a healthy manner has grown significantly. A notable 

occurrence within this context is the impressive cognitive function displayed by certain 

individuals who reach the age of 100 or more. These exceptional people have not just 

achieved remarkable longevity but have also upheld their brain health and cognitive 

capabilities well into their later years. Consequently, centenarians who haven't been 

diagnosed with dementia can serve as examples of successful cognitive aging. Exploring 

the factors that contribute to their sustained brain function offers valuable insights into the 

potential mechanisms involved in aging healthily. In this research, we employed diverse 

methodologies to examine variances in brain networks among individuals spanning ages 

36 to 100 years. This investigation was conducted within the framework of the Human 

Connectome Project Aging Study, utilizing a combination of network science and graph 

theory methodologies. 

5.1 Chapter overview 

Dementia-free centenarians can serve as an example of successful aging and 

resilience against cognitive decline associated with aging. Studying brain networks of near-

centenarians and centenarians without dementia has the potential to inform us if their brain 

network exhibits particular attributes that facilitate them in preserving cognitive function 
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into their eleventh decade of life. In this study, we adopted different approaches to 

analyzing differences in brain networks of individuals from ages 36 to 100 years from the 

human connectome project aging study. We first investigate static functional network 

connectivity (sFNC) and dynamic functional network connectivity (dFNC) with the 

calculation of dynamic metrics using resting-state functional magnetic resonance imaging 

data. Next, we apply a network science and graph theory approach using a Gaussian 

graphical model (GGM) approach to study both static and dynamic networks in a more 

global manner. Furthermore, we explore the correlation between various behavioral and 

clinical measures and diverse graph metrics, aiming to acquire a more comprehensive 

understanding of the cognitive capacities demonstrated by these exceptional individuals. 

Results show significant differences between the default mode network and cognitive 

control network when comparing the youngest (36-46) and centenarian (96-100) age 

groups after adjusting for multiple comparisons in the sFNC analysis. The centenarian age 

group (96-100) displayed increased anticorrelation between the visual network and both 

the cognitive control and default mode networks. Furthermore, the older age group 

exhibited higher functional connectivity within the visual domain, particularly between the 

default mode and cognitive control domains. dFNC analysis reveals that the centenarian 

group tends to spend more time within a dynamic state showing positive connectivity 

between the cerebellar and the visual domain. A static GGM analysis showed that local 

efficiency, transitivity, and modularity decrease with the aging process. In dynamic GGM 

analysis, we observed a significant difference between some graph metrics in some brain 

states. Also, the results imply that there may be a closer relationship between local 

efficiency, transitivity, and the cognitive and clinical aspects being studied, emphasizing 
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their relevance in elucidating the functional organization of brain networks. In sum, results 

provide insights into how aging affects functional connectivity between brain areas and 

GGM analysis suggests a decline in the overall integration and segregation of brain regions, 

potentially reflecting age-related changes. 

5.2 Introduction 

As life expectancy continues to rise worldwide, the quest for understanding healthy 

aging has become increasingly crucial. The World Health Organization (WHO) has 

described healthy aging as preserving the functional capacity to promote well-being in later 

life [11]. One remarkable phenomenon is the exceptional cognitive function exhibited by 

some centenarians. These exceptional individuals have not only achieved longevity but 

have also managed to maintain their brain health and cognitive abilities well into the later 

decades of their lives. Therefore, centenarians without a dementia diagnosis can be 

regarded as an exemplar of successful cognitive aging. Investigating the factors that 

contribute to their preserved brain function provides valuable insights into the potential 

mechanisms of healthy aging. 

Resting-state functional magnetic resonance imaging (fMRI) presents an approach 

for studying neural activity by analyzing blood-oxygenation-level-dependent (BOLD) 

signal oscillations in the absence of any stimuli or explicit task. Resting-state functional 

connectivity represents correlated BOLD signal changes over time across brain regions. 

By employing resting-state fMRI and investigating the functional connectivity of the brains 

of cognitively healthy older adults, we can not only gain insights into ways to sustain brain 

function in the later stages of life [12], [13], but also identify specific brain regions or 
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networks that are particularly susceptible to age-related alterations, thus paving the way 

for targeted interventions to improve brain connectivity and cognitive function in late life. 

The combination of network science and fMRI provides a powerful tool that can 

yield valuable insights into how brain function is related to the aging process [130], [131]. 

It has been shown that advancing age triggers an increase in functional topological 

reorganization to develop compensatory mechanisms that combat the effects of aging 

[132], [133], [134], [135]. Several studies have utilized the graph theory approach to 

investigate the organization of brain networks [130], [131], [136]. Numerous vital 

characteristics of brain networks have been highlighted in these studies, including 

modularity and small-worldness, and these graph metrics were discovered to undergo 

alterations during aging [131], [136], [137], [138]. Despite this, we still lack a 

comprehensive understanding of how the aging process is related to the integration of 

information within and between functional networks in the aging brain. The complete 

restructuring of the functional network of the entire brain and its effects on cognitive 

function during aging, particularly among centenarians and near centenarians, remains 

incompletely comprehended. Moreover, most previous research on brain connectivity has 

been carried out over brief follow-up periods in comparatively limited samples.  

Understanding the neurobiological underpinnings of healthy aging is a complex 

endeavor that necessitates a multidimensional approach. By combining advanced 

neuroimaging techniques and cognitive assessments, we aim to assess the brain resilience 

observed in centenarians. We employ various methods to characterize functional brain 

networks and quantitatively compare centenarians and near-centenarian groups without 

dementia to younger adults. 
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Initially, we examine static functional network connectivity (sFNC) and dynamic 

functional network connectivity (dFNC), while computing dynamic metrics across distinct 

age cohorts. Our approach involves utilizing independent component analysis (ICA) to 

break down the whole-brain fMRI data into spatial components that are maximally 

independent. These components are referred to as intrinsic connectivity networks (ICNs), 

which exhibit consistent functional activity over time and can be treated as a single 

functional unit. The sFNC matrix represents the correlations between different ICNs across 

the entire duration of their time courses, while dFNC uses a sliding window method to 

evaluate how these functional network connections evolve over time. Several resting-state 

fMRI studies have shown that the brain undergoes both structural and functional changes 

over the lifespan [139], [140], [141]. The most prominent outcome detected in resting-state 

fMRI analyses is reduced functional segregation and increased in-between network 

connectivity, which suggests that resting-state networks are inclined to reorganize into a 

more integrated topology as individuals age [139], [142], [143]. Multiple studies have 

found decreased functional connectivity within the default mode network with aging [131], 

[144], [145], [146], [147]. The DMN refers to a collection of brain areas that exhibit 

consistent activity when an individual is not focused on a specific task, including activities 

such as daydreaming, self-reflection, and mind-wandering. The DMN comprises several 

brain regions, including the medial prefrontal cortex (mPFC), posterior cingulate cortex 

(PCC), and the angular gyrus (AG), and is believed to be crucial for self-referential 

thinking, social cognition, and autobiographical memory [106], [105]. Results regarding 

sensorimotor and visual networks have been variable across studies. While some studies 

have reported increased FC within the sensorimotor and visual network, others have found 
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a decrease or no change [131], [139], [142], [144]. However, these studies have explored 

the resting-state fMRI over the lifespan, assuming that functional connectivity is stationary 

over time. However, it has been shown that functional connectivity is not constant, but 

instead changes over time [29], [90]. In addition to static connectivity, we explore 

functional connectivity in a dynamic manner. Although static functional connectivity has 

provided valuable insights, examining changes in brain connectivity over time can yield 

further valuable information about the dynamic connectivity of the human brain during 

aging. 

Moreover, we utilize graph theory and network science techniques to conduct further 

analyses. Specifically, we employ Gaussian graphical models (GGMs) to estimate and 

evaluate both static and dynamic brain graphs. GGMs demonstrate the conditional 

independence among multiple random variables, and non-zero elements in the precision 

matrix indicate that the corresponding variables (or nodes) are conditionally dependent 

variables given all other variables. Gaussian graphical models have some benefits 

including detecting conditional dependencies among variables, improving the 

interpretability of data, enabling efficient computation, and scalability to handle high-

dimensional data, which make them a valuable tool for analyzing multivariate data in 

various fields [148], [22], [149], [117]. We examine estimated brain graphs across the 

aging process using a range of graph metrics such as degree assortativity, global and local 

efficiency, transitivity, and modularity. Earlier studies on network analysis mainly 

concentrated on Pearson correlation-based matrices to assess the strength of association 

between nodes in a network. In contrast, GGM is employed to investigate the partial 

correlation structure of a group of variables and is a superior method for modeling a 
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complex network due to its interpretation of conditional dependence between two random 

variables after removing the effect of all other controlling variables. Pearson correlation, 

in contrast, disregards the influence of all other variables [22]. Generally, the analysis of 

both static and dynamic functional connectivity and the adoption of graph theory 

techniques to study static and dynamic brain graphs utilizing partial correlation provide 

complementary perspectives for comprehending and interpreting outcomes in studies of 

healthy brain aging. 

Additionally, we investigate the relationship between multiple behavioral and 

clinical measures and different graph metrics to gain a holistic understanding of the 

cognitive abilities exhibited by these extraordinary individuals. In the following sections, 

we delve into the methods employed to analyze centenarians' static and dynamic brain 

connectivity and compare them with younger adults. We also discuss the application of 

graph metrics on both static and dynamic GGMs. Furthermore, we explore the relationship 

between cognitive scores and graph metrics, offering a comprehensive understanding of 

the cognitive abilities of these remarkable individuals. 

This chapter is structured as follows: The Methods section outlines our approach, 

which includes information on data, preprocessing, ICN extraction, static and dynamic 

functional network connectivity analysis using GGM and analyzing the association 

between graph metrics and clinical measures. In the Results section, we present the 

outcomes of our approach on resting state fMRI data across age groups. We provide a 

concluding remark in the Discussion section. 

5.3 Materials and methods 
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5.3.1 Data Information, Preprocessing, and Intrinsic Connectivity Network Extraction 

We conducted an analysis on eyes-open resting-state fMRI scans acquired from a 

total of 725 participants in the Lifespan Human Connectome Project Aging (HCP-A) study, 

spanning ages 36 to 100 [150]. The fMRI data underwent preprocessing using a 

combination of FSL and the statistical parametric mapping (SPM12) toolbox available at 

http://www.fil.ion.ucl.ac.uk/spm/. Prior to motion correction, a distortion field was 

computed from the phase-encoding directions (PA and AP). Subsequently, a rigid body 

motion correction was applied using SPM to address any head movements present in the 

fMRI scans. The data were then normalized to the standardized Montreal Neurological 

Institute (MNI) space using an echo-planar imaging (EPI) template. To enhance the data, 

the resampled fMRI images were smoothed utilizing a Gaussian kernel. Lastly, a quality 

control (QC) process was conducted on all scans, resulting in 684 subjects passing the QC 

assessment. 

Utilizing fully blind ICA to extract ICNs may result in the identification of different 

components across the dataset. The presence of variability in the identified components 

could impede the replication or comparison of results. To address this challenge, we 

utilized the fully automated NeuroMark pipeline, which incorporates a priori-driven ICA 

guided by reliable network templates [94]. We utilized the Neuromark_fMRI_1.0 template 

accessible in GIFT and at http://trendscenter.org/data. To generate this template, a group 

ICA with a model order of 100 was executed individually on the human connectome 

project (HCP) and genomic superstruct project (GSP) data and matched using spatial 

similarity (correlation >= 0.4) as the determining factor. The network template was 

comprised of the ICNs that demonstrated reproducibility. A group of five neuroscience 

http://www.fil.ion.ucl.ac.uk/spm/
http://trendscenter.org/data
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experts undertook the identification of ICNs and the annotation of functional domains. 

More information about this NeuroMark templates is available in [94]. Following that, 

spatial maps and time courses (TCs) for the HCP-A dataset were acquired utilizing the 

network templates as prior information within a spatially constrained ICA algorithm. We 

employed the multivariate objective optimization independent component analysis with 

reference (MOO-ICAR) method, implemented in the GIFT toolbox from TReNDS 

(http://trendscenter.org/software/gift), to carry out the spatially constrained ICA algorithm 

based on its satisfactory performance observed in our prior studies [95], [96]. The 53 ICNs 

in the template were grouped into seven functional domains, namely auditory, visual, 

sensorimotor, sub-cortical, cognitive control, cerebellar, and default mode domains. 

5.3.2 Static and Dynamic Functional Network Connectivity 

We examined both the sFNC and the dFNC among 53 intrinsic connectivity networks 

in 684 participants. As the study encompassed a cohort of individuals spanning an age 

range from 36 to 100 years, we categorized the participants into seven distinct groups, each 

characterized by a unique age range. A comprehensive overview of the demographic details 

pertaining to these seven groups is provided in Table 4-1. We calculated the sFNC for each 

age group. To generate a sFNC matrix for each participant, we computed pairwise 

correlations utilizing the complete duration of the ICNs time courses. Subsequently, the 

mean sFNC matrices were computed across subjects within each age group. Next, we 

performed pairwise t-tests on all possible combinations of age groups to investigate any 

potential significant differences. We also computed dFNC using a sliding-window 

approach. Employing dFNC analysis enables us to examine the time-varying changes in 

FNCs among ICNs. ICNs’ time courses were localized by a sliding-window size of 20 TRs 
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and a window step size of 1 TR, which led to 448 windows. Next, we used the graphical 

lasso to estimate the inverse of the covariance matrix (precision matrix) for the windowed 

time courses of each subject. After obtaining the estimated covariance matrix, we 

computed the correlation matrix for each temporal window. 

Studies on resting state have demonstrated that the fluctuations in brain networks are 

non-random and exhibit repetition across and within individuals [90]. The dynamic brain 

states or patterns can be identified by clustering windowed-FNC using the k-means 

algorithm [28], [29]. As previously carried out [90], [29], initial clustering was performed 

on a subset of data with the highest deviation from the mean, referred to as subject 

exemplars. The clustering algorithm used the L1 distance function as the distance measure, 

with random initialization of centroid positions, and repeated 50 times to enhance the 

probability of escaping local minima. The reason for employing subject exemplars is that 

selecting the peaks as initialization provides a reasonable starting point, given the 

sensitivity of the k-means algorithm to the starting point. We opted for Manhattan distance, 

as it has been suggested that this distance measure may be more effective in estimating 

similarity measures for high-dimensional data [29]. Subsequently, all dFNC windows from 

all subjects were clustered using the initial centroids obtained from clustering the subject 

exemplars [29], [26]. The elbow criterion was utilized to determine the optimal number of 

clusters. 

Table 5-1 – Age group demographic 

Age group Size 
Sex Age 

mean ± std F M 

36-46 150 86 (57.33%) 64 (42.67%) 40.65 ±2.79 

46-56 154 94 (61.04%) 60 (38.96%) 51.19 ±2.99 
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Table 5-1 – continued 

56-66 136 74 (54.41%) 62 (45.59%) 60.90 ±3.07 

66-76 110 62 (56.36%) 48 (43.64%) 71.08 ±2.78 

76-86 101 56 (55.45%) 45 (44.55%) 81.12 ±2.64 

86-96 21 11 (52.38%) 10 (47.62%) 87.85 ±1.29 

96-100 12 10 (83.33%) 2 (16.67%) 100.00 ±0.00 

 

5.3.3 Occupancy Rates, State Transitions, and Dwell Time 

Next, we calculated the occupancy rates, the state transitions, and the dwell times, 

which enabled us to quantify and understand the temporal dynamics of functional 

connectivity within a network across all seven age range groups. These metrics served as 

valuable tools in elucidating the patterns and fluctuations of connectivity over time, 

offering insights into the underlying dynamics of the network.  

The occupancy rates are represented by the percentage of windowed FNCs that had 

been labeled for a specific state for each subject. The occupancy rate provides information 

about how frequently a specific state occurs over time. It helps identify the dominant states 

or connectivity patterns and their relative durations. The occupancy rates for each state 

were compared pairwise within groups to identify significant differences among age 

groups. Then, regression analysis between occupancy rates and age was performed within 

each state.  

Dwell time represents the average number of time points each subject stays in a 

connectivity state once entering it. In other words, it quantifies the amount of time that the 

brain spends in a particular state before transitioning to another state. Longer dwell times 

suggest more stable or persistent states, while shorter dwell times indicate more rapid 
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transitions between states. To investigate any differences in dwell time, we applied 

Welch’s t-test between each pair of groups for each state.  

The state transitions represent the total number of dynamic FNC changes between a 

pair of states for each subject. These transitions indicate shifts from one functional state to 

another and capture the dynamic nature of brain connectivity. To investigate any 

relationship between age and the number of transitions, we performed a regression analysis 

between the number of transitions and age.  

5.3.4 Analyzing Static and Dynamic Brain Graphs Using Gaussian Graphical Model and 

Graph Metrics 

In addition to functional connectivity measures, we employed the graph theory 

approach to investigate the aging process. A brain graph is comprised of nodes and edges, 

wherein nodes correspond to brain regions, while edges represent various forms of 

structural or functional interactions observed between these brain regions. To 

conceptualize the intricate network of the brain, a GGM was employed as the modeling 

framework. The GGM is an undirected graph that encapsulates the interrelationships 

among brain regions by leveraging partial correlation coefficients. 

To extract the static GGM, we applied graphical lasso in a cross-validated manner to 

the entire time courses. This process allowed us to estimate the precision matrix (inverse 

of the covariance matrix) and subsequently calculate the partial correlation for each subject. 

For dynamic GGMs, we estimated state graphs similarly for each subject using each state’s 

concatenated time points, which were resampled to the whole-time course.  
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Once the partial correlation matrix was obtained, a subsequent step involved 

applying a parametric test on the partial correlation coefficients. This statistical procedure 

served to identify significant edges within the network and derive an adjacency matrix. We 

established edges between nodes (representing ICNs) within the graph by applying a false 

discovery rate (FDR) correction and considering only those edges with associated p-values 

below the significance threshold of 0.05. 

Subsequently, a range of graph metrics were computed for each estimated graph, 

encompassing local efficiency, global efficiency, transitivity, degree assortativity, and 

modularity. Global efficiency is the mean of the efficiencies over all pairs of nodes. The 

efficiency between a pair of nodes is the inverse of the shortest path length between these 

two nodes. The local efficiency of a network is the mean of the local efficiencies over all 

nodes of the network. The local efficiency of a node is the inverse of the shortest average 

path length of all neighbors of that node among themselves.. Assortativity is a measure to 

quantify the correlation between the degree of a node and the degrees of its neighbors. 

Modularity is another network metric that recognizes modules of interconnected nodes that 

work together to achieve particular and distinctive functions. The connections within a 

module tend to be denser compared to the connections between different modules. 

Following that, regression analysis was performed to investigate the relationship 

between the age group and each graph metric, thereby exploring the potential associations 

between aging and these metrics. Furthermore, pairwise Welch's t-tests were employed for 

each metric within each state to identify and evaluate any statistically significant 

differences. 
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5.3.5 Association Between Behavioral and Clinical Measures and Graph Metrics 

We also tested for associations between different graph metrics (including local 

efficiency, global efficiency, transitivity, degree assortativity, and modularity) and 

multiple behavioral and clinical measures in the (HCP-A) study, spanning ages 36 to 100 

[150] including cognitive measures, emotion measures, positive emotions, motor 

measures, and experimental and behavioral measures and we correct for multiple 

comparison within each category. 

 Regarding cognitive measurements, we have considered both cognitive status and 

executive function/switching. In the (HCP-A) study, the assessment of cognitive status was 

conducted through the utilization of the Montreal Cognitive Assessment (MoCA) [151]. 

The MoCA is a standardized test designed to screen for mild cognitive impairment (MCI) 

by assessing various domains commonly affected by impairment. Administered verbally 

by an examiner, this assessment has a maximum score of 30 points and encompasses eight 

cognitive domains, including visuospatial abilities, short-term memory, executive function, 

attention, concentration, working memory, language, and orientation. Executive 

function/switching was assessed with the Trail Making test. Across parts A and B, this test 

offers insights into various cognitive functions, including visual search speed, scanning 

ability, processing speed, mental flexibility, and executive functioning. Notably, it 

demonstrates sensitivity in detecting cognitive decline associated with conditions such as 

Alzheimer's disease, making it a valuable diagnostic tool. Both Trails A and Trails B were 

administered to participants during each visit in the HCP-A study. 
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Regarding the measurement of emotions, our study has considered both negative and 

positive emotions. Negative affect refers to the range of unpleasant feelings or emotions 

that span from common and normal experiences of sadness, fear, and anger to more intense 

manifestations along the same continuum. Negative affect encompasses enduring 

dispositions such as neuroticism and negative emotional style, as well as more transient 

negative emotional states. This subdomain focuses on three primary negative emotions: 

sadness, fear, and anger. Sadness is characterized by diminished levels of positive affect 

and consists of affective symptoms (e.g., low mood) and cognitive indicators (e.g., negative 

perceptions of self, the world, and the future) associated with depression. Higher scores on 

the NIH Toolbox Sadness Survey indicate greater levels of sadness. Fear is primarily 

characterized by anxiety symptoms related to autonomic arousal and perceptions of threat. 

The NIH Toolbox Fear-Affect Survey, designed for self-report in adults aged 18 and above, 

assesses fear and anxious misery. Higher scores on this survey indicate heightened feelings 

of fearfulness and panic. Anger is characterized by attitudes of hostility and cynicism, often 

accompanied by experiences of frustration hindering goal-directed behavior. For self-

report assessment in adults, anger encompasses three components: anger as an emotion, 

aggression as a behavioral component, and hostility as a set of cynical attitudes and mistrust 

towards others and their motives. The measurement of anger is conducted through the NIH 

Toolbox Anger-Affect Survey, NIH Toolbox Anger-Hostility Survey, and the NIH 

Toolbox Anger-Physical Aggression Survey. The Anger-Affect Survey assesses anger as 

an emotional state, and higher scores indicate greater feelings of anger, irritability, and 

frustration. The Anger-Physical Aggression Survey evaluates aggression as a behavioral 
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component, and higher scores indicate a higher prevalence of reported physical aggression. 

The surveys related to anger were administered by HCP. 

In relation to positive emotions, our study encompassed several dimensions, namely 

positive affect, life satisfaction, meaning and purpose, and psychological well-being. 

Positive affect refers to the feelings that indicate a pleasurable engagement with the 

surrounding environment, including emotions such as happiness, joy, excitement, 

enthusiasm, and contentment. It is assessed by the NIH Toolbox. This self-report survey 

evaluates both the activated aspects of positive affect (e.g., happiness, joy) and the 

inactivated aspects (e.g., serenity, peace). Higher scores on the NIH Toolbox Positive 

Affect Survey indicate a greater presence of positive affect in individuals. Life satisfaction 

refers to an individual's cognitive evaluation of their life experiences, encompassing their 

overall assessment of whether they are content with their lives. This measure includes both 

general aspects, such as the perception that one's life is going well, and domain-specific 

aspects, such as satisfaction with family life. The assessment employed in our study was a 

self-report measure that evaluated participants' global feelings and attitudes toward their 

own lives. HCP administered this report. Higher scores on the NIH Toolbox General Life 

Satisfaction Survey indicate a higher level of general life satisfaction. Meaning and purpose 

represent the extent to which individuals perceive their lives as having significance or 

coherence. This construct was measured through a self-report instrument administered by 

HCP to participants. Higher scores on this measure indicate a greater self-reported sense 

of meaning and purpose in life. Psychological well-being encompasses both hedonic and 

eudaimonic aspects of well-being. Hedonic aspects are subjective and experiential in 

nature, focusing on pleasure and positive effects, such as happiness, serenity, and cognitive 
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engagement. Eudaimonic well-being, on the other hand, is more evaluative and emphasizes 

fulfillment and purpose, such as meaning and life satisfaction. Composite scores of 

psychological well-being were derived by combining measures of general life satisfaction, 

meaning and purpose, and positive affect. Overall, our study considered various facets of 

positive emotions, including positive affect, life satisfaction, meaning and purpose, and 

their contribution to psychological well-being. Regarding the assessment of motor 

measures, our study focused on evaluating endurance and locomotion within the HCP 

study. For the measurement of endurance, the 2-Minute Walk Test was employed. This test 

is an adaptation of the American Thoracic Society's 6-Minute Walk Test Protocol. Its 

purpose is to assess sub-maximal cardiovascular endurance by recording the distance that 

participants can walk on a 50-foot (out and back) course within a two-minute time frame. 

The participant's raw score is determined by the distance covered in feet and inches during 

the test. The administration of this test, including instructions and practice, typically takes 

approximately four minutes. Cardiorespiratory and muscle endurance are essential 

components of physical fitness, contributing to both performance and overall health status. 

The 2-Minute Walk Endurance Test provides an indication of an individual's endurance 

level, with a greater distance walked suggesting better endurance. Individuals with higher 

endurance are more capable of accomplishing daily tasks and engaging in leisure activities, 

as well as tolerating higher-intensity workloads. The clinical significance of endurance, as 

measured by timed walk tests, has been extensively documented in healthy and clinical 

populations across different age groups, demonstrating its association with morbidity and 

mortality outcomes. In terms of locomotion, a 4-Meter Walk Test was employed. This test 

is adapted from the 4-meter walk test included in the Short Physical Performance Battery. 
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Participants are instructed to walk a short distance of four meters at their usual pace. They 

complete one practice trial followed by two timed trials. Raw scores are recorded as the 

time in seconds required to walk the four-meter distance on each of the two trials, with the 

better trial used for scoring purposes. Higher computed scores on the 4-Meter Walk Gait 

Speed Test indicate better gait speed, with fewer seconds taken to walk the four-meter 

distance. This measurement serves as an indicator of an individual's walking ability and 

overall mobility. Regarding the assessment of experiential and behavioral measures, our 

study considered scores related to sleep quality, perceived stress, self-efficacy, 

companionship, and loneliness. The Pittsburgh Sleep Quality Index (PSQI) [152] was 

utilized as a self-reported scale to evaluate sleep quality and disturbances over a one-month 

period. It consists of 19 self-rated questions, excluding the five questions rated by the bed 

partner or roommate. The 19 self-rated questions cover various aspects of sleep quality, 

including sleep duration, latency, frequency, and severity of specific sleep-related issues. 

The completion of the entire index takes approximately 5-10 minutes for participants, with 

an additional 5 minutes for scoring. The 19 questions are categorized into seven component 

scores, each weighted equally on a scale of 0-3. These components include subjective sleep 

quality, sleep latency, sleep duration, habitual sleep efficiency, use of sleeping medication, 

and daytime dysfunction. The sum of these component scores yields a global PSQI score, 

ranging from 0 to 21, where higher scores indicate poorer sleep quality. The seven 

components of the PSQI align with areas routinely evaluated in clinical interviews of 

individuals with sleep and wake complaints. Perceived stress refers to an individual's 

perception of the nature of events and their relationship to personal values and coping 

resources. This measure assesses the extent to which respondents find their lives 
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unpredictable, uncontrollable, and overloaded. Higher scores on the NIH Toolbox 

Perceived Stress Survey indicate higher levels of perceived stress. Self-efficacy reflects an 

individual's belief in their capacity to manage functioning and exert control over 

meaningful events. It assesses respondents' overall sense of self-efficacy. Higher scores on 

the NIH Toolbox Self-Efficacy Survey indicate greater general self-efficacy. 

Companionship encompasses self-reported perceptions of the availability of friends or 

companions for interaction or affiliation (friendship) and perceptions of being alone, 

lonely, or socially isolated from others (loneliness). The NIH Toolbox Friendship Survey, 

NIH Toolbox Loneliness Survey, NIH Toolbox Social Withdrawal Survey, and NIH 

Toolbox Positive Peer Interaction Survey are employed to measure companionship. The 

self-report measures evaluate perceptions of friendship, loneliness, social withdrawal, and 

positive peer interaction. The HCP administered an 8-item fixed-length form for the NIH 

Toolbox Friendship Survey and a 5-item fixed-length form for the NIH Toolbox. 

Regarding loneliness score, the Loneliness Survey represents a self-report measure 

designed to evaluate individuals' subjective perceptions of loneliness. This survey was 

administered by HCP utilizing a fixed-length form consisting of five items. According to 

the established scoring protocol for the NIH Toolbox Loneliness Survey, elevated scores 

correspond to heightened levels of loneliness. 

5.4 Results 

5.4.1 ICN extraction 

Out of a total of 100 ICNs, a subset of 53 ICNs was selected for subsequent analysis. 

These ICNs were classified into seven functional domains. The seven functional domains 
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were identified as the auditory, sub-cortical, sensorimotor, visual, cognitive control, 

cerebellar, and default mode. Detailed information regarding the ICN numbers, 

corresponding labels, and their respective functional domains can be found in Table 4-2, 

while a visual representation of these domains is depicted in Figure 4-1. 

 

Table 5-2 – Fifty-three ICN numbers, labels, and domains 

ID Domain ICNs ID Domain ICNs 

1 Sub-cortical SC Caudate 26 Cognitive-control CC Inferior parietal lobule 

2 Sub-cortical SC Subthalamus/hypothalamus 27 Cognitive-control CC Insula 

3 Sub-cortical SC Putamen 28 Cognitive-control CC Superior medial frontal gyrus 

4 Sub-cortical SC Caudate 29 Cognitive-control CC Inferior frontal gyrus 

5 Sub-cortical SC Thalamus 30 Cognitive-control CC Right inferior frontal gyrus 

6 Auditory AU Superior temporal gyrus 31 Cognitive-control CC Middle frontal gyrus 

7 Auditory AU Middle temporal gyrus 32 Cognitive-control CC Inferior parietal lobule 

8 Sensorimotor SM Postcentral gyrus 33 Cognitive-control CC Left inferior parietal lobule 

9 Sensorimotor SM Left postcentral gyrus 34 Cognitive-control CC Supplementary motor area 

10 Sensorimotor SM Paracentral lobule 35 Cognitive-control CC Superior frontal gyrus 

11 Sensorimotor SM Right postcentral gyrus 36 Cognitive-control CC Middle frontal gyrus 

12 Sensorimotor SM Superior parietal lobule 37 Cognitive-control CC Hippocampus 

13 Sensorimotor SM Paracentral lobule 38 Cognitive-control CC Left inferior parietal lobule 

14 Sensorimotor SM Precentral gyrus 39 Cognitive-control CC Middle cingulate cortex 

15 Sensorimotor SM Superior parietal lobule 40 Cognitive-control CC Inferior frontal gyrus 

16 Sensorimotor SM Postcentral gyrus 41 Cognitive-control CC Middle frontal gyrus 

17 Visual VI Calcarine gyrus 42 Cognitive-control CC Hippocampus 

18 Visual VI Middle occipital gyrus 43 Default-mode DM Precuneus 

19 Visual VI Middle temporal gyrus 44 Default-mode DM Precuneus 

20 Visual VI Cuneus 45 Default-mode DM Anterior cingulate cortex 

21 Visual VI Right middle occipital gyrus 46 Default-mode DM Posterior cingulate cortex 

22 Visual VI Fusiform gyrus 47 Default-mode DM Anterior cingulate cortex 

23 Visual VI Inferior occipital gyrus 48 Default-mode DM Precuneus 

24 Visual VI Lingual gyrus 49 Default-mode DM Posterior cingulate cortex 

25 Visual VI Middle temporal gyrus 50 Cerebellar CB Cerebellum 

    51 Cerebellar CB Cerebellum 

    52 Cerebellar CB Cerebellum 

    53 Cerebellar CB Cerebellum 
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Figure 5-1 – Seven functional domains containing a total of fifty-three ICNs 

5.4.2 Static and Dynamic Functional Network Connectivity  

Figure 4-2-A displays the average of sFNC. By conducting pairwise t-tests across all 

possible combinations of the seven age range groups’ sFNC, a statistically significant 

difference was observed between the age groups (36-46) and (96-100) that can be seen in 

Figure 4-3-A. Specifically, this difference manifested between the default mode network 

and cognitive control.  
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The centroids of dFNC states are displayed in Figure 4-2-B. Notably, the elbow 

criterion was employed to ascertain the optimal number of clusters, which was determined 

to be four, as depicted in Figure 4-4. Several key variations in connectivity patterns were 

noted among dFNC states. State 2 exhibits the most robust connectivity pattern, both within 

and between the sensorimotor and the visual domains, although they are negatively 

correlated with various other functional domains, including the sub-cortical, the cognitive-

control, and the cerebellar. We also observe strong connectivity within and between 

subcortical and cerebellar regions. State 3 is the weakest state among other states and 

represents more than fifty percent of all windows. 

 

Figure 5-2 – Average of functional network connectivity from all subjects. A) static 

FNC. B) dynamic FNC’s states 
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Figure 5-3 – A statistically significant difference was observed between the default 

mode network and cognitive control network after adjusting for multiple 

comparisons between the age groups (36-46) and (96-100) (P < 0.05). The age group 

(96-100) exhibited a higher degree of anticorrelation between the visual network and 

both the cognitive control and default mode networks. Moreover, within the visual 

domain, the age group (96-100) demonstrated greater functional connectivity 

compared to the age group (36-46). The greater functional connectivity can be seen 

between default mode and cognitive control domains in (96-100) age range group. 
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Figure 5-4 – The optimal number of clusters was determined four using the elbow 

criterion. 

Occupancy Rates, State Transitions, and Dwell Time 

Figure 4-5 presents the outcomes of the pairwise t-test conducted to compare the 

occupancy rate between different age groups. Additionally, the figure demonstrates the 

results of the regression analysis, which explored the relationship between occupancy and 

age within each state. Regression analysis revealed a significant relationship between age 

and the occupancy rate within states 1 and 3. Table 4-3 presents the occupancy measure 

pertaining to a particular state, represented as the proportion of windowed-FNC instances 

associated with the cluster corresponding to that state. The occupancy measure is expressed 

as a percentage. The analysis revealed a positive association between age and the 
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occupancy level of state 1. Notably, the centenarian group exhibited a higher occurrence 

of state 1 compared to the other groups. This state was characterized by positive 

connectivity between the cerebellar and visual domains. Figure 5-6 illustrates the average 

number of transitions observed within and between the states for each group. To ensure 

comparability, the overall average, encompassing all age groups, was subtracted from each 

cell. 

 

Figure 5-5 – Dynamic FNC occupancy rate. Pairwise t-test between age groups for 

the occupancy rate and the regression analysis between occupancy and age in each 

state. The stars indicate the significance levels. (*) indicates a p-value of less than 0.05, 

(**) for a p-value of less than 0.01 and (***) indicates a p-value of less than 0.001. 

Regression analysis showcased a significant relationship between age and the 

occupancy rate within states 1 and 3. The observed trend exhibits consistency until 

approximately the age of 76. However, it is plausible to consider that the population 

in the older age groups might differ, potentially comprising individuals belonging to 

the distinguished category of centenarians. 

More transitions occur between state 3 and state 4 in younger groups than in older 

groups. Compared to other groups, near centenarians exhibit a greater tendency to 

transition between state 1 and state 3. Conducting regression analysis to examine the 
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relationship between the number of transitions and age yielded significant findings, 

particularly regarding the transitions from state 1 to state 1, state 1 to state 4, and state 3 to 

state 3, following false discovery rate (FDR) correction (refer to Figure 5-7). These results 

highlight a notable increase in the number of transitions "from and to" state 1 with 

advancing age. Furthermore, a regression analysis was conducted to examine the 

relationship between the total number of transitions between states and age, specifically 

excluding transitions occurring within states. As depicted in Figure 5-8, the analysis 

revealed a significant positive correlation between age and the total number of transitions 

observed between states. 

Table 5-3 – The occupancy rate of states 
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Figure 5-6 – The average number of transitions for each group between and within 

the states. the overall mean, considering all age groups, was subtracted from each cell. 

A higher frequency of transitions was observed between state 3 and state 4 in younger 

age groups compared to older age groups. Notably, near centenarians displayed an 

increased propensity for transitioning between state 1 and state 3 relative to the other 

groups. 
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Figure 5-7 – Regression analysis between the number of transitions and age between 

states.  
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Figure 5-8 – The regression analysis between age and the total number of transitions 

between states. 

The results of the dwell time analysis reveal statistically significant distinctions 

between the youngest group and the older groups in state 3. Furthermore, a significant 

difference was observed between the oldest group and three comparatively younger groups 

in state 4 (refer to Figure 5-9). 
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Figure 5-9 – Dynamic FNC dwell time analysis. Pairwise t-test between age groups 

for the dwell time in each state. The stars indicate the significance levels. (*) indicates 

a p-value of less than 0.05, (**) for a p-value of less than 0.01 and (***) indicates a p-

value of less than 0.001. 

5.4.3 Analyzing Static and Dynamic Brain Graphs Using Gaussian Graphical Model 

Various graph metrics were computed for both static and dynamic GGMs. 

Subsequently, a regression analysis was conducted to investigate the relationship between 

age groups and each graph metric. Within the static GGM, the regression analysis revealed 

notable findings. Specifically, a significant negative correlation was observed between 

aging and metrics such as local efficiency, transitivity, and modularity. Conversely, a 

significant positive correlation emerged between aging and global efficiency. For a visual 

representation of these associations, refer to Figure 5-10. Pairwise t-tests were conducted 

to compare the graph metrics across the seven age range groups. The results of these tests, 

along with the corresponding significant differences, are depicted in Figure 4-10 using 

boxplots. Significant differences were observed in the local efficiency, modularity, and 

transitivity metrics of the static GGM when comparing the centenarian and near-

centenarian groups to the younger age groups. On the other hand, there were no significant 

differences in the degree assortativity metric based on pairwise t-tests. The global 
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efficiency metric, however, showed significant differences between the 66-76 age group 

and the younger groups. 

 

Figure 5-10 – The local efficiency, global efficiency, transitivity, degree assortativity 

and modularity metrics analysis on estimated static GGM graph. The stars indicate 

the significance levels. (*) indicates a p-value of less than 0.05, (**) for a p-value of 

less than 0.01 and (***) indicates a p-value of less than 0.001. 

In the investigation of dynamic graphs, the timepoints corresponding to each state of 

dFNC were employed to estimate the state graph for each individual participant. 

Subsequently, a set of graph metrics was computed to characterize the properties of these 

state graphs. Figure 5-11 depicts the regression plot illustrating the relationship between 

age and five selected graph metrics. 

Pairwise t-tests were conducted among different groups for each state to explore 

potential differences. The findings indicated that state 4 exhibited the highest sensitivity to 

age. In states 3 and 4, the degree assortativity demonstrated a decline with age, suggesting 

a significant distinction between younger individuals and other age groups. The assessment 

of global efficiency in state 4 unveiled that the near centenarian group displayed lower 

global efficiency in comparison to the other groups. Furthermore, the analysis of 
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modularity and transitivity measures highlighted significant differences among different 

age range groups in states 3 and 4. Specifically, the centenarian group in state 4 exhibited 

distinctions from five of the younger groups. State 1, however, did not demonstrate 

significant values across these five metrics (refer to Figure 5-12 for further details). 

 

Figure 5-11 – The red rectangle indicates the significant p-value for regression 

analysis. As a result, we observed a significant negative correlation between aging and 

the local efficiency and degree assortativity in state 3. Similarly, we observed a 

significant negative correlation between aging and the global efficiency and degree 

assortativity in state 4. 
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Figure 5-12 - The local efficiency, global efficiency, transitivity, degree assortativity 

and modularity metrics analysis on estimated dynamic GGM graphs. 

5.4.4 Association Between Behavioral and Clinical Measures and Graph Metrics  

Table 4-4 presents a comprehensive summary of the outcomes derived from the 

examination of relationships between various graph metrics, namely local efficiency, 

global efficiency, transitivity, degree assortativity, and modularity, in conjunction with a 

range of behavioral and clinical measures after correcting for multiple comparison testing 

in each category using FDR. Among the investigated graph metrics, it was observed that 

local efficiency and transitivity showed higher sensitivity when examining the association 

between these metrics and behavioral and clinical measures.  

5.5 Discussion 

The exploration of the underlying neurobiological mechanisms of healthy aging in 

centenarians and near centenarians necessitates a comprehensive and interdisciplinary 

approach. In this study, we employed advanced neuroimaging techniques and 
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comprehensive cognitive assessments to investigate the brain's resilience in centenarians. 

To examine healthy aging in the near centenarian and centenarian groups, we utilized a 

range of methodologies. These methods encompassed the analysis of both static and 

dynamic brain connectivity in centenarians compared to younger adults, employing diverse 

graph metrics to investigate static and dynamic brain graphs through a GGM. Moreover, 

we explored the association between behavioral and clinical measures and graph metrics. 

By adopting these varied approaches, we gained complementary insights into the 

phenomenon. For instance, in the analysis of dFNC, we observed that centenarians spent 

less time in the weakest state of the brain compared to other age groups, whereas this state 

was more predominant in the younger age group. Additionally, centenarians tended to 

occupy a state characterized by stronger connectivity patterns between functional domains. 

This finding aligns with our graph theory analysis, as the static GGM analysis revealed a 

significant negative correlation between aging and modularity. The reduced modularity 

suggests that older individuals tend to occupy a state exhibiting stronger connectivity 

between functional domains. 

Dynamic functional network analysis showed the centenarian group tends to occupy 

one of the brain states more than other groups which is the only state where there is positive 

connectivity between the cerebellar and the visual domain. Also, we observed that the total 

number of transitions within and between specific states increased with age. The 

examination of dwell time revealed a significant differentiation between the youngest 

group and the other older groups in state 3 which is the weakest state among other states, 

whereas in state 4, there is a significant contrast between the oldest group and three other 

younger groups.  In static brain graph analysis, by applying GGMs, we modeled the human  
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Table 5-4 - Correlation coefficients and p-values for the associations between 

behavioral/clinical measures and graph metrics after correction for multiple 

comparison within each category. Note: *p < 0.05 (significant correlation). 
C

a
te

g
o

ry
 

Measure Graph Metrics Correlation 

Local efficiency Global 

efficiency 

Transitivity Degree 

assortativity 

Modularity 

r p r p r p r p r p 

c
o
g

n
it

iv
e 

m
e
a

su
r
e
s 

Montreal Cognitive Assessment 

(MoCA) 

0.026 0.603 -0.103 0.022* 0.035 0.637 0.034 0.561 0.074 0.155 

Executive Function/Switching Trail 

A 

-0.034 0.603 0.049 0.304 -0.027 0.637 -0.088 0.064 -0.043 0.399 

Executive Function/Switching Trail 

B 

-0.020 0.603 -0.019 0.615 -0.018 0.637 -0.021 0.579 -0.001 0.984 

e
m

o
ti

o
n

 m
e
a

su
r
e
s 

Sadness Survey 0.089 0.044* -0.011 0.783 0.083 0.076 0.013 0.874 0.048 0.552 

Fear-Affect Survey 0.096 0.036* 0.012 0.783 0.085 0.076 0.007 0.874 0.023 0.645 

Anger-Affect Survey 0.098 0.036* 0.029 0.783 0.100 0.045* -0.015 0.874 0.001 0.980 

Anger-Physical Aggression Survey 0.095 0.036* -0.030 0.783 0.113 0.026* 0.093 0.211 0.035 0.645 

Negative Affect Survey 0.125 0.024* -0.020 0.783 0.125 0.026* 0.007 0.874 0.056 0.552 

Positive Affect -0.045 0.272 0.014 0.783 -0.038 0.357 -0.009 0.874 -0.027 0.645 

Life Satisfaction -0.114 0.024* 0.042 0.783 -0.064 0.154 0.028 0.874 -0.068 0.552 

Meaning and Purpose -0.056 0.195 0.032 0.783 -0.047 0.281 -0.031 0.874 -0.027 0.645 

Psychological Well Being -0.085 0.054 0.048 0.783 -0.073 0.122 -0.009 0.874 -0.060 0.552 

m
o

to
r
 

m
ea

su
r
e
s 2-Minute Walk Endurance 0.097 0.044* -0.106 0.024* 0.104 0.028* 0.038 0.750 0.125 0.006* 

4-Meter Walk Gait Speed 0.021 0.608 -0.030 0.476 0.014 0.737 0.000 0.997 0.037 0.374 

e
x

p
er

im
e
n

ta
l 

a
n

d
 

b
e
h

a
v

io
ra

l 
m

ea
su

r
e
s.

 Pittsburgh Sleep Quality Index 0.000 0.993 -0.084 0.137 0.032 0.444 -0.045 0.642 0.108 0.024* 

Perceived Stress 0.128 0.009* -0.036 0.491 0.123 0.013* -0.007 0.860 0.072 0.198 

Self-Efficacy -0.002 0.993 0.013 0.756 -0.031 0.444 -0.016 0.860 -0.038 0.509 

Companionship -0.090 0.071 -0.035 0.491 -0.075 0.109 0.010 0.860 0.015 0.715 

Loneliness Survey 0.083 0.072 -0.036 0.491 0.106 0.024* 0.046 0.642 0.034 0.509 
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brain and calculated different graph metrics to investigate the brain networks during aging. 

The result showed local efficiency, transitivity, and modularity decrease with the aging 

process that is consistent with previous studies [137], [138] [153], [154]. In dynamic brain 

graph analysis, there was a significant negative correlation between aging and the local 

efficiency and degree assortativity in a brain state which is the weakest among the other 

states. Also, A significant negative correlation between aging and global efficiency and 

degree assortativity was observed in another brain state. Thus, aging affects functional 

connectivity between brain areas. 

The association between aging and global efficiency within brain networks remains 

an ongoing area of investigation, yielding varying outcomes across studies contingent upon 

the modalities considered and the utilization of probabilistic graphical models for brain 

modeling. Some studies have shown a decrease in global efficiency with advancing age 

[155], [156], [154]. However, our static GGM analysis revealed an unexpected increase in 

global efficiency with age, while the dynamic GGM analysis demonstrated a decrease 

specifically in state 4. It is important to note that these contrasting results may be attributed 

to methodological dissimilarities between our study and previous investigations. While 

previous studies predominantly employed Pearson correlation-based approaches to 

construct brain graphs and focus on structural MRI or diffusion MRI data, our analysis was 

based on partial correlations using resting-state fMRI data. This methodological distinction 

has implications for the underlying functional relationships captured by the respective 

correlation measures. The observed increase in global efficiency with age in our static 

GGM analysis suggests that the partial correlation-based graph construction may capture 

different aspects of the age-related changes in brain connectivity compared to the Pearson 
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correlation-based approaches employed in previous studies. These variations may reflect 

the unique patterns of conditional dependencies between brain regions revealed by partial 

correlations. Furthermore, the decline in global efficiency with age specifically in state 4 

during the dynamic GGM analysis aligns with previous research highlighting age-related 

alterations in functional connectivity patterns within specific states. This observation 

underscores the significance of considering the temporal dynamics and the functional states 

of the brain when examining age-related changes in connectivity. Overall, these 

discrepancies underscore the need for further investigation into the differential effects of 

different correlation measures on the characterization of age-related changes in brain 

connectivity.  

The analysis of association between graph metrics revealed that local efficiency and 

transitivity displayed a greater proportion of statistically significant p-values in relation to 

the association between these metrics and behavioral and clinical measures. These results 

suggest a heightened potential for local efficiency and transitivity to be strongly linked 

with the evaluated behavioral and clinical variables within the specific population under 

investigation. Such findings imply that local efficiency and transitivity may possess a 

closer relationship with the cognitive and clinical aspects being assessed, underscoring 

their relevance in characterizing the functional organization of brain networks. 

This study employed undirected graphs based on partial correlation. While the graph-

theoretical approach allows for the evaluation of both functional and effective connectivity, 

most studies focusing on human brain graphs have predominantly utilized undirected 

networks due to the inherent limitations associated with inferring directed graphs [2], [8], 

[112] . Future research exploring directed network analysis holds the potential to provide 
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further insights into the intricate connectivity of the human brain. Also, future 

investigations could employ multimodal studies that incorporate complementary 

neuroimaging techniques, such as structural MRI or diffusion MRI, in conjunction with 

resting state fMRI. This multimodal framework has the potential to provide a more 

comprehensive understanding of the intricate neural mechanisms underlying the preserved 

brain function observed in centenarians. 

5.6 Conclusion 

In conclusion, this study employed a comprehensive and interdisciplinary approach 

to explore the neurobiological mechanisms underlying healthy aging in near centenarian 

and centenarians. Through advanced neuroimaging techniques and comprehensive 

cognitive assessments, we gained valuable insights into the brain's resilience in 

centenarians. The analysis of static and dynamic brain connectivity revealed intriguing 

findings. Significant differences were found in static functional network connectivity 

analysis between the default mode network and cognitive control network in the age groups 

(36-46) and (96-100), with the older age group showing higher levels of anticorrelation 

between the visual network and both the cognitive control and default mode networks. 

Centenarians exhibited distinct patterns in terms of functional states and transitions, with a 

greater tendency to occupy a state characterized by stronger connectivity between 

functional domains. This aligns with the static graph theory analysis, which demonstrated 

a negative correlation between aging and modularity, suggesting a shift towards more 

integrated brain networks in older individuals. The dynamic analysis further revealed age-

related alterations in connectivity patterns. Furthermore, the association analysis revealed 

that local efficiency and transitivity exhibited a higher proportion of statistically significant 
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p-values, indicating a closer relationship between these metrics and the evaluated 

behavioral and clinical variables in the studied population. Overall, this study provides 

valuable insights into the preserved brain function observed in healthy centenarians. 
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CHAPTER 6. PATH-BASED DIFFERENTIAL ANALYSIS IN 

NEAR-CENTENARIANS AND CENTENARIANS BRAIN 

NETWORK 

In the preceding chapter, we delved into the subject of healthy aging among 

centenarians, employing a range of methodologies. In the current chapter, we harness the 

potential of our proposed Algorithm 3-1 to scrutinize disrupted pathways within the brain 

graphs of near centenarians and centenarians. This serves as yet another illustration of the 

practical utility of the algorithm we introduced in Chapter 3. 

6.1 Chapter overview 

Investigating brain networks in dementia-free centenarians may expose unique 

characteristics that aid in maintaining cognitive function into their eleventh decade of life. 

Graph theory techniques have found broad applications in the investigation of brain 

networks in aging studies. However, the primary emphasis has been on graph. In this study, 

we first estimate brain graphs for younger and centenarian groups using a Gaussian 

graphical model. Next, applying Algorithm 3-1, we identify edges in the centenarian group 

graph that trigger additional paths or absent paths compared to the younger group. Results 

showed two edges associated with disconnection within and between functional domains. 

One edge between the visual and the cognitive control domains, and the other within the 

cognitive control domain. 
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6.2 Materials and method 

6.2.1 Data information, preprocessing, and feature extraction  

We analyzed eyes-open resting-state fMRI scans collected from 725 subjects by the 

Lifespan Human Connectome Project Aging (HCP-A) (ages 36-100) study[9]. The fMRI 

data were preprocessed using a combination of FSL and statistical parametric mapping 

(SPM12) (http://www.fil.ion.ucl.ac.uk/spm/) toolbox. A distortion field was calculated 

from the PA and AP phase-encoding directions before motion correction. Next, to correct 

the head motions in fMRI scans, a rigid body motion correction was performed using SPM. 

Then data were normalized to the standard Montreal Neurological Institute (MNI) space 

by applying an echo-planar imaging (EPI) template. The resampled fMRI images were 

smoothed using a Gaussian kernel. We finally did the quality control (QC) on all scans, 

and 684 subjects passed the QC. 

Employing fully blind independent component analysis (ICA) to extract intrinsic 

connectivity networks (ICNs) could lead to varying components identified across data. The 

variability in the identified components could hinder the ability to replicate or compare 

results. To tackle this issue, we employed the fully automated NeuroMark pipeline [10], 

which utilizes a priori-driven ICA that is informed by reliable network templates. To create 

the utilized NeuroMark template and identify consistent and replicable ICNs, spatial ICA 

was performed on two extensive datasets of typical controls (the Human Connectome 

Project [HCP] with 823 selected subjects and the Genomics Superstruct Project [GSP] with 

1005 selected subjects). To obtain group-level components, a Group ICA with a model 

order of 100 was performed separately on each dataset. Using spatial similarity (correlation 
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>= 0.4) as the criteria, the independent components from HCP and GSP were matched, and 

the ICNs that exhibited reproducibility were chosen as the network templates. The 

identification of ICNs and labeling of functional domains were carried out by five 

neuroscience experts.  Subsequently, spatial maps and time courses (TCs) for the HCP-A 

dataset were acquired using the network templates as prior information within a spatially 

constrained ICA algorithm. To execute the spatially constrained ICA algorithm, we 

employed multivariate objective optimization independent component analysis with 

reference (MOO-ICAR), which was implemented in the GIFT toolbox from TReNDS 

(http://trendscenter.org/software/gift). We used the Neuromark_fMRI_1.0 template 

available in GIFT and at http://trendscenter.org/data. The 53 ICNs in the template were 

categorized into seven functional domains, which included auditory, visual, sensorimotor, 

sub-cortical, cognitive control, cerebellar, and default mode domains. Figure 6-1 shows 53 

ICNs. 

http://trendscenter.org/data
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Figure 6-1 - Seven functional domains containing a total of fifty-three ICNs 

6.2.2 Estimating GGM For younger and near centenarian/centenarians’ group 

We estimated a GGM for 362 younger individuals (ages 36-60) and 322 individuals 

of near centenarians (ages 60-100) using the concatenated ICNs’ time courses across 

subjects in younger and older groups. We used the joint graphical LASSO estimator [11] 

to estimate a precision matrix and applied a parametric test on the partial correlation to 
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determine significant edges. We considered an edge between brain graph nodes (ICNs) if 

the FDR-corrected p-value was significant (less than 0.05). 

6.2.3 Applying path analysis on estimated GGMs 

After estimating GGMs for younger and centenarian groups, we then compared and 

analyzed paths between these two graphs by leveraging Algorithm 3-1. We explored 

situations where there exists a path between two nodes in the younger group graph, but in 

the centenarian group graph, they are disconnected. We are examining edges in the 

centenarian group graph whose absence resulted in an absent path with reference to the 

younger group graph. We refer to this kind of edge as a disconnector. We also investigate 

cases where there is no path between two nodes in the younger group graph, but those two 

nodes are reachable from each other in the centenarian group graph. Our objective is to 

find new edges in the centenarian group graph that will create new paths, and we refer to 

these edges as connectors. 

6.3 Results 

We considered connections between two brain components if the corresponding 

FDR-corrected P-value for multiple comparisons was statistically significant (p<0.05). 

Next, we applied a path analysis approach on estimated brain graphs. The path analysis 

approach identified two disconnection-causing edges within and between functional 

domains: one between the visual and cognitive control domains, and another within the 

cognitive control domains. More detailed results are summarized in Figure 6-2. The edges 

(lingual gyrus, inferior frontal gyrus) and (inferior frontal gyrus, hippocampus) are two 

disconnectors associated with disconnection in the graph of the near centenarian group. 
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Abnormal integrations (new connections) were not observed in the graphs of the older 

group. It is important to note that not all missing links and additional links in the older 

groups are linked to disconnection or abnormal integration. For instance, eight additional 

links did not result in additional connections, and twelve missing links did not cause 

disconnections. 

6.4 Conclusions 

In sum, using GGMs, we modeled the human brain and applied a path analysis 

approach to investigate the brain networks during healthy aging. This algorithm enabled 

us to identify putative path-based biomarkers from brain networks and helps to compare 

brain networks beyond pairwise interactions. We detected two disconnection edges within 

and between functional domains in the near centenarian group graph. One of them was 

found between the visual and cognitive control domains, and the other was within the 

cognitive control domain. The observed cognitive changes during healthy aging have been 

widely reported in several studies. Our findings are in line with the previous literature and 

offer more comprehensive insights into the changes that occur during the healthy aging 

process. 
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Figure 6-2 - Path analysis approach results identified two links that trigger 

disconnection (solid red link). The abnormal integrations were not observed in the 

older group graph. Not all missing or additional edges are associated with 

disconnection or abnormal integration. Eight additional links did not trigger 

additional connections (green dashed link), and twelve missing links did not trigger 

disconnections (red dashed link). 
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CHAPTER 7. CONCLUSION 

In this comprehensive research endeavor, each chapter builds upon the previous, 

addressing intricate aspects of brain network analysis with a focus on identifying 

disconnectors and connectors associated with neurological conditions. The journey began 

in the second chapter, where we introduced a novel approach employing probabilistic 

graphical models. By leveraging multimodal data encompassing Fractional Anisotropy 

(FA), fractional Amplitude of Low-Frequency Fluctuations (fALFF), and Gray Matter 

(GM) features, we formulated a method to identify disconnector edges associated with 

disconnection in patient groups' brain graph. A significant advancement lay in our data-

driven methodology that eschews arbitrary correlation thresholds, prevalent in existing 

literature, in favor of a more robust estimation of graph edges. 

Expanding upon the groundwork laid in the second chapter, the third chapter saw the 

inception of a more comprehensive algorithm capable of identifying both disconnectors 

and connectors, facilitating a more holistic understanding of aberrant integration within 

brain networks. The inclusion of path analysis between specific brain components through 

covariance decomposition enriched our insights. The utilization of functional connectivity 

features derived from static and dynamic functional network connectivity (FNC) using 

resting-state fMRI data empowered our analysis of unimodal brain graphs in both static 

and dynamic contexts. 

To further enhance the applicability of our methodologies, the fourth chapter delved 

into the territory of static and dynamic multimodal brain graphs. By integrating FNC from 

fMRI data and Gray Matter (GM) features from sMRI data, we proposed an approach to 
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estimating static and dynamic multimodal brain graphs. This methodology, coupled with 

our algorithm, enabled the identification of disconnectors and connectors within the 

intricate web of neural pathways, presenting a valuable asset in the study of neurological 

conditions like schizophrenia.  

Chapter five marked a shift towards exploring the realm of healthy aging, specifically 

among centenarians. Employing an array of methodologies, we delved into static and 

dynamic FNC analysis using resting-state functional magnetic resonance imaging data. 

Through a network science and graph theory lens, we probed both static and dynamic 

networks at a global scale, uncovering the interplay between cognitive capacity and various 

behavioral and clinical metrics in centenarians free from dementia. 

Building upon the foundation of the previous chapters, the sixth chapter harnessed 

the potency of our proposed algorithm from chapter three. This facilitated an in-depth 

exploration of disrupted pathways within brain graphs of near centenarians and 

centenarians, showcasing the versatility and practical applicability of our approach across 

diverse neurological contexts. 

In culmination, this multifaceted research journey underscores the significance of 

our proposed methodologies in unraveling the complexities of brain network. From 

disentangling disconnectors and connectors in pathological states to illuminating the 

enigma of healthy cognitive aging, each chapter contributes to a deeper comprehension of 

the intricate neural networks that shape our cognitive experiences. As the curtain falls on 

this thesis, it opens avenues for future investigations, fueled by the innovative 

methodologies presented herein.  
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