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Abstract

Neurodegenerative diseases, most prevalently Alzheimer’s disease (AD), cause progressive

cognitive and intellectual decline, placing immense emotional and financial strain on families

and government services. Primary methods in the diagnosis of AD typically focus on cog-

nitive questionnaires, screening tests, medical history, and neuropsychological examinations.

However, early detection of AD remains difficult, with gaps in our understanding of how early

stages contribute to the disease’s progression. To this end, a range of neuroimaging methods

both structural, such as structural magnetic resonance imaging (sMRI) and diffusion tensor

imaging (DTI), and functional, including functional magnetic resonance imaging (fMRI) and

electroencephalography (EEG), have been used to study changes in the brain across the AD

continuum and uncover biomarkers of disease progression.

These advancements in brain imaging have facilitated a network-based model of the brain

where brain regions are linked according to anatomical connections or functional associ-

ations. This model captures the inter-dependencies and interactions between brain regions

that drive complex cognitive processes. These brain regional interactions can be modelled as

single-layer networks or as a collection of brain networks (multiplex networks) which evolve

across time or other indexed data. Brain networks organize and reorganize themselves in a

multitude of ways such as in response to task stimuli or as a result of damage due to disease.

Organizational topological structures, captured as modules (groups) composed of a collection

of brain regions, can be dynamically explored and are of particular interest for diseases such

as AD where progression causes abnormal altering of these modular structures. However,

modularity in its current state is limited in its use as a metric describing the total extent to

which the brain is segregated into distinct modules. It does not currently describe the individual

contributions of individual brain regions to overall brain modularity.

To tackle this, we introduce nodal modularity (nQ) as a novel graph measure that extends

classical modularity to individual nodes for both single-layer and multiplex networks. We as-

sess the novelty of nQ against other common single-layer and multiplex measures of node

influence. Additionally, we explore the hypothesis that nQ would yield novel insights into the

progression of amnestic Mild Cognitive Impairment (aMCI, a prodromal stage of AD) given

that global changes in modularity have been previously observed along this continuum. This

is investigated in single and multiplex networks of a visual short-term memory binding task

(VSTMBT – a cognitive biomarker of AD) constructed from DTI and task-fMRI data. The

results indicated that nQ could effectively characterize the transition point from MCI to AD
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(MCI converters, or MCIc). Additionally, results corroborated previously understood progres-

sion pathways of AD including the identification of key subnetworks affected by the disease

(visual, limbic and paralimbic), along with agreement with amyloid-β and tau deposition for

subjects with poor visual short-term memory binding.

Following the introduction of nQ, we expand the study to larger multiplex networks with a focus

on covering typical constructions in neuroimaging research. We verify that nQ is distinct from

other multiplex measures of node influence across a number of multiplex surrogate networks.

We find that, as network size and the number of network layers increase, that nQ captures

unique information distinct from other multiplex network metrics, reflecting nQ’s ability to cap-

ture more wide-reaching changes in network topology than the typical local measures used

(multiplex clustering coefficient, multiplex PageRank, and degree). Additionally, we explore

specific cases where nQ does not provide a significant advantage as a network measure over

the state of the art, largely driven by cases of highly modular networks with high within module

connectivity and low between module connectivity. Furthermore, we propose collapsibility as

a novel method of simplifying analyses of nQ in larger networks, explored in tandem with

multiplex flexibility. We apply these to multiplex frequency-based networks of source-space

EEG data during the VSTMBT, and analyse changes along the healthy to MCI progression

of AD. We found changes in nQ and collapsibility which agree with known changes in grey

matter and with abnormal functional connectivity around the thalamus as a result of MCI and

AD.

Lastly, we explore how nQ can facilitate the simulation of AD progression by developing novel

targeted attack models. Specifically, we investigate the current state of the art in targeted

attacks in our task-fMRI data in the modelling of healthy to MCIc progression. We find that

prior research in targeted attacks that focus on node degree were not sufficient in describing

this progression from healthy to MCIc for task-fMRI. To tackle this, we propose a brain lobe-

based targeting system informed by prior findings on nQ progression and established hypo-

theses on network damage in AD. Additionally, we confirm that improvements in simulated

progression using the lobe-based method are not explainable solely by preferential attacks

on long distance connections, achieved through the introduction of a targeted attack model

based on Euclidean distance. We then leverage nQ to improve the lobe-based model and

show that both lobe-based and nQ-based targeted attack models improve on the state of the

art.

In sum, this thesis highlights the importance of considering granular changes in network

topology to capture complexities in brain structure and function. Specifically, through the

establishment of a novel metric of granular community structure, nQ, providing methodological

considerations for the use of this measure in larger networks, and in exploring the simulation

of granular changes due to AD through novel targeted attack models. Given modularity’s
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widespread use as a global measure, nQ represents a significant advancement, providing a

granular measure of network organization applicable across disciplines. In regard to AD, this

thesis motivates additional study of nQ in characterizing the stages of MCI and particularly in

disentangling MCI from MCI converters during the VSTMBT.
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Lay Summary

Alzheimer’s disease (AD) is often preceded by amnestic (memory-related) mild cognitive

impairment (aMCI) where one’s memory is worse than it would be due to natural ageing.

Of those with aMCI, some go on to progress to Alzheimer’s disease (MCI converters) while

others do not. It is important to understand the biomarkers (measurable patterns that indicate

disease) of AD so that early detection becomes possible. Early detection of Alzheimer’s

disease is crucial, as treatments are more effective in the initial stages where less damage

to the brain has been done. One proposed biomarker of AD is the visual short-term memory

binding task (VSTMBT) which involves remembering coloured shapes. This task is particularly

difficult for people with aMCI and AD. The VSTMBT is often completed while the brain is being

recorded, such as with electroencephalography (EEG) which records the electrical signals

produced by the brain, or with functional magnetic resonance imaging (fMRI) which records

the blood movement in the brain (both EEG and fMRI are ways of measuring brain activity).

The brain activity recorded during the VSTMBT can help us to understand which regions of

the brain are involved in remembering the coloured shapes. Some of these regions affected

by AD show changes in brain activity, which allows us to understand why our memory declines

as a result of the disease.

The structure of brain activity can often be thought of as a network. Each individual brain

region plays a role in functions like memory, emotion, and movement, and the connections

between them reflect the interactions that create our thinking and behaviour. In this way, the

brain can be modelled as a network where nodes (brain regions) are connected by edges

(often representing how strongly they are working together). The brain is composed of sub-

networks (groups of brain regions that are working together) that help to support complex

abilities like decision-making. Modularity is a method of measuring how much the network

can be broken up into these separate groups. This is important to AD because, as the disease

progresses, the brain network becomes more divided. This means that brain regions mostly

communicate within their own groups and less across the whole brain, which can lead to worse

memory and overall brain function. Traditional measures of modularity look at how separated

the brain is as a whole. However, it was previously not known how individual regions of the

brain contribute to this change in modularity seen in AD.

This thesis introduces a novel extension of modularity, called nodal modularity, to individual

brain regions to explore MCI and AD along with other measures and models derived from

it. These were explored in brain networks constructed from fMRI, EEG, and diffusion tensor

imaging (DTI) which measures the white-matter networks in the brain which assist in the

communication between brain regions. Nodal modularity was also explored in two types of
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multiplex brain networks (multiple brain networks, also called layers, explored as one network).

The first combined network layers representing different stages of the VSTMBT, with one layer

representing the memorisation of the coloured shapes and the other representing the recall

of that memory, allowing us to study how brain organisation changes across the different

demands of the memory task. The second combined network layers representing different

frequency bands from EEG, capturing how brain organisation varies across different rhythms

of brain activity. Additionally, nodal modularity was tested in artificially created networks where

it was confirmed that it behaved as expected and captured novel information in comparison

to other network metrics. Additionally, we found evidence that suggests that nodal modularity,

and the other measures and models derived from it, are helpful in modelling the different

stages of AD. These advancements provide further evidence that the VSTMBT is a biomarker

of AD, and provides novel methods and models to facilitate the early-detection of AD.
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Chapter 1

Introduction

1.1 Motivation

Alzheimer’s disease (AD) is the leading cause of dementia, with the global prevalence of

individuals with cognitive impairment caused by Alzheimer’s disease estimated at 101 million

people [1]. The incidence of Alzheimer’s in people 85 years and older is consistently tripling

or quadrupling every 10 years, making it one of the most lethal diseases and causing an

immense emotional and financial burden for patients and their families, with an increasing cost

and strain on health services [1, 2]. This is of particular concern to many ageing populations

across the world, given that the strongest risk factor for AD is age [3].

Understanding the complex underlying biological processes that drive the longitudinal devel-

opment of AD is crucial to inform research on diagnostic methods and treatments of AD. Of

particular interest is Mild Cognitive Impairment (MCI) [4, 5]. While those with MCI are at a

greater risk, not all go on to convert to AD or other types of dementia. As such, there is

particular interest in understanding this crucial turning point of the disease to assess the risk

of AD in patients and provide treatment at this earlier stage before significant damage has

been done to brain structure and function.

To this end, biological biomarkers have been discovered that assist in understanding the

longitudinal progression of MCI and AD. Some examples include biomarkers for several types

of proteins and their accumulation in the brain (most notably amyloid-β and tau), neurode-

generation markers from volumetric magnetic resonance imaging (MRI) or more recently

neurofilament light (Nfl), measurements of synaptic dysfunction using fluorodeoxyglucose

positron emission tomography (FDG PET) and the presence of neurogranin in cerebrospinal

fluid (CSF)[6, 7, 8]. These, among other biomarkers, have been tracked along the AD con-

tinuum from preclinical changes in amyloid-β deposition, to clear changes in CSF, PET, and

neuroinflamation markers in MCI, to large changes in hippocampal volume toward the later

stages of disease [6].

1
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Additionally, other markers of AD have been developed such as neuropsychological tests

which are commonly included in the diagnostic criteria for AD [5], and genetic risk markers

such as APOE ε4 allele which results in a 3-4 fold increased risk of AD [2]. While the

combination of biological biomarkers, neuropsychological tests, and genetic risk markers can

allow us to pinpoint the progression of MCI to AD with high accuracy [9, 10], methods with

greater spatial localisation that explore the individual regions of the brain that drive this change

are needed.

The brain is known to be a connection of systems and subsystems that are not random, but or-

ganized and efficient on both local and global scales [11, 12, 13]. As such, the brain has been

modelled as a network, where anatomical and functional connections are modelled between

brain regions. Methods from graph theory applied to these networks have uncovered not

only the structural and functional organization of human brain networks [14, 15, 16], but also

distinct topological changes in these networks as a result of stimuli and disease [17, 18, 19].

For MCI this is no different. For example, various network metrics have been tracked through

the AD disease continuum with modularity being one of the most sensitive [20]. However, mod-

ularity has exclusively been explored at a global level. The extent to which individual regions

of the brain contribute to modular community organization in the brain and how this changes

due to stimuli or disease is not fully understood. This is despite clear evidence that modularity

is fundamental to brain structure and function [15, 21, 22, 11, 23, 20, 24, 25, 26, 27]. This

motivates the development of novel network metrics for AD and especially those sensitive to

the early-stages, where less damage has been done.

Furthermore, the impact of AD on functional networks (based on correlations in brain activity)

and structural networks (based on anatomical white-matter connections) is not fully under-

stood. This is particularly the case in recent extensions of classical brain networks to multiplex

models, which are composed of multiple networks (called layers), where each layer of the net-

work captures different types of connectivity such as functional and structural connectivity, or

brain dynamics across time or frequency [28]. In addition, research of human brain networks

for task-based data have seen significantly less study than research where subjects are at

rest. This is especially the case in the exploration of AD and multiplex networks, despite the

existence of tasks sensitive to the early-stages of AD [29] and where multiplex networks of

task-based data can yield novel insights beyond those of classical networks [17].

This thesis explores multiplex models of human brain networks for a visual short-term memory

binding task (VSTMBT) [29], a task sensitive to early-stage AD, and along the stages of MCI

(with emphasis on the turning point of MCI to AD conversion). Furthermore, it expands on

classical modularity, utilizing it for the development of novel network metrics to categorize

the stages of AD at a granular level. Modularity was selected for its known progression in

AD [20], along with its interpretability, since modular organization is a hallmark of human
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brain networks and its disruption reflects changes in network segregation due to disease [15].

Additionally, these novel network metrics which capture the stages of AD pave the way for the

simulation of damage to functional and structural brain networks over time and allow for the

potential to fingerprint subjects based on disease trajectory.

1.2 Aims and Objectives

This thesis aims to advance current methods of analysing and modelling human brain net-

works to improve our understanding of AD and how it progresses. This will be done specifically

through the development of novel network measures and models for single and multiplex

networks, providing a granular analysis of networks in fMRI, DTI, and EEG in early-AD, and

thus helping to categorize disease stages.

To this end, we introduce the following objectives.

1. To develop a novel measure of capturing localized modularity (overcoming its global

limitations) for a finer grain analysis of meso-scale network architecture in single and

multiplex networks.

2. To ensure that this novel measure is applicable to large multiplex networks for use in

neuroimaging and provide novel aggregate measures to improve interpretability.

3. To explore fine grain changes in neuroimaging data of AD.

4. Introduce novel targeted attack models which explore alternative methods of attacking

meso-scale network architecture for use in task-fMRI.

1.3 Contributions

Thus, the contributions of this thesis are the following:

Multiplex Nodal Modularity for the characterization of MCI for a working memory bind-

ing task. We introduce a novel measure of nodal community structure in single and multiplex

networks - Nodal Modularity. This extension of classical modularity enables a more granular

characterization of network organization, providing novel insights into nodal group structure

compared to the state of the art, and was made publicly available here: https://github.

com/AvalonC-C/Nodal_Modularity. We demonstrated its effectiveness in differentiating a

key turning point of amnestic MCI to AD conversion by exploring networks constructed from

single layer task-fMRI, DTI, and multiplex task-fMRI networks. Additionally, we carried out the

first network based exploration of the VSTMBT in fMRI. This contribution was published in

PLOS One [30] and it addresses the research objectives 1 and 3 in Section 1.2.
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Exploration of nQ and its variability in multiplex networks of EEG for a short-term

memory binding task in MCI. We quantified the utility of nQ in large multiplex surrogate

networks by exploring it and other multiplex network measures and showed that nQ maintains

novel behaviour as network size increased. Additionally, we introduced a novel aggregate

measure of nQ, collapsibility (made publicly available here https://github.com/AvalonC-

C/Collapsibility), and assessed the ability for nQ and collapsibility to detect granular

changes in MCI for larger networks constructed from VSTMBT-EEG in source space. We

found that changes in both nQ and collapsibility agreed with disease markers of MCI and

behaviour of the VSTMBT. This chapter addresses research objectives 2 and 3 in Section 1.2.

Simulation of disease progression via novel targetted attack methods. We develop three

novel targetted attack methods using nQ and brain-lobe based segregation for the simulation

of AD progression for VSTMBT-fMRI data. We explored how network disruptions due to AD

affect functional connectivity in task-fMRI networks and found that a prior state-of-the-art

model did not extend to task-fMRI of early-AD. However, lobe-based segmentation followed

by attacks on node hubs or nQ performed best in modelling the organizational changes in

functional connectivity that occurs in early-AD. This chapter addresses research objectives 3

and 4 in Section 1.2.

1.4 Structure of this thesis

Chapter 1 – Introduction. This chapter included the motivations, objectives, contributions,

and the structure of the thesis. It establishes the context for the remaining chapters.

Chapter 2 – Background. This chapter provides a detailed overview of the background

required for the thesis that includes Alzheimer’s disease, neuroimaging, and network neur-

oscience.

Chapter 3 – Multiplex Nodal Modularity: A novel network metric for the regional analysis

of amnestic mild cognitive impairment during a working memory binding task. This

chapter introduces a novel measure of nodal community structure in single and multiplex

networks - Nodal Modularity (nQ). This extension of classical modularity allows for a more

granular characterization of network organization and is applied to brain networks during the

VSTMBT. The chapter first provides a brief introduction on AD and the use of modularity in

network neuroscience. Then, it formally defines nQ, the VSTMBT, and describes the real-

world neuroimaging data and benchmark networks used to evaluate nQ. Further sections

describe the experimental validation of these methods and discuss how nQ can be used to

characterize the stages of MCI and the implications of this advancement.
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Chapter 4 – Exploration of nQ and its variability in multiplex networks of EEG for a

short-term memory binding task in MCI. In this chapter we quantify the utility of nQ and

a novel aggregate measure of nQ (collapsibility) in large multiplex surrogate networks and

real-world neuroimaging data. This chapter begins by providing background on the use of

multiplex networks in network neuroscience and the interpretation of nodal network measures

in this context. The following section describes the methodology around surrogate network

construction, novel aggregate network measures derived from nQ (collapsibility), statistical

methodology, and description of real-world neuroimaging data. Later sections present the

results of the research on surrogate networks, what this means for nQ and collapsibility, and

discussion on the application of these measures to VSTMBT-EEG in MCI.

Chapter 5 – Targeted attacks on occipital-frontal functional connections simulates AD

progression for a visual short-term memory binding task. This chapter presents the

development of three novel targeted attack methods using nQ and brain lobe-based segreg-

ation for the simulation of AD progression for VSTMBT-fMRI data. The chapter begins by

introducing the use of targeted attacks in AD research. The following section describes the

neuroimaging data, benchmark attack models, novel attack models, and network analyses

used in the research. Subsequent sections present the comparisons of the different targeted

attack models and discuss the application of targeted attack models to task-fMRI and the

implications from technical and clinical perspectives.

Chapter 6 – Thesis overview. This chapter covers the discussion, limitations, future work,

and conclusions of the thesis.



Chapter 2

Background

2.1 Characterization of AD through network science

This chapter covers the fundamentals for analysing and understanding biophysiological

systems such as the brain with a focus on the neurodegenerative processes that govern

Alzheimer’s disease (AD). More specifically, by exploring AD and its current challenges,

discussing neuroimaging methods as biomarkers, and finally, by using network science as

a methodology to extract meaningful insights from biomedical signals.

2.1.1 Alzheimer’s Disease

AD, the most common form of dementia, places immense emotional and financial strain

on families and public services. In the UK, there are approximately 850000 people with

dementia, aged 65 or older, projected to rise to 1.6 million by 2040. Furthermore, the total

cost, composed of health care, social care, and unpaid care, is expected to increase from 34.7

billion to 94.1 billion pounds [31]. AD causes progressive cognitive and intellectual decline,

affecting memory and reasoning and can lead to difficulties in communication, disorientation,

and loss of independence [2]. While AD primarily affects older adults, genetic risk factors

along with cardiovascular and general health can contribute to its progression. AD develops

gradually, where changes in the brain can begin up to 20 years before clinical symptoms

become apparent [32]. This leads to diagnostic challenges, especially given that AD is varied

among individuals and the exact cause of disease is still under investigation [2].

At a biological level, AD disrupts the complex cognitive processes of normal brain function.

Specifically, AD results in a gradual loss of neurons, synaptic dysfunction, and grey and

white matter shrinkage in key brain regions integral to memory such as the hippocampus,

with further brain wide atrophy in the later stages [2, 33, 34]. This results in abnormal brain

structure and function that interferes with the brain’s ability to process information efficiently,

leading to clinical symptoms that can be assessed for diagnosis.

6
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Diagnostic criteria for AD commonly includes clinical evaluations and cognitive testing through

neuropyschological tests. Patients can first present with mild cognitive impairment (MCI), of

which the memory-related subtype (amnestic mild cognitive impairment, aMCI) is considered

a prodromal stage of AD [5]. MCI is defined as a cognitive decline which is greater than

that caused by normal aging. It can be viewed along a spectrum, ranging from normal cog-

nition to dementia [4]. MCI diagnosis is typically achieved through a collection of cognitive

questionnaires, screening tests, and neuropyschological examinations [7]. These are used

to benchmark and assess changes in memory, visuo-spatial ability, language, and behaviour.

While not everyone with MCI goes on to develop dementia, those with MCI are at much greater

risk. Furthermore, progression happens quickly. Those who have a diagnosis of aMCI and

who convert to AD (MCI converters, or MCIc) typically do so at a conversion rate of 12% per

year [35]. Thus, disease detection in the early stages is crucial before significant damage has

been done. Additionally, early detection allows families and individuals to plan for the future,

initiate lifestyle changes and access support services [36]. In addition to improved disease

staging, understanding the early stages allows researchers to validate predictive models and

test disease-modifying treatments at crucial stages of the disease to determine the most

effective windows for intervention [37].

To understand these complexities, AD research has been explored across a vast array of

domains. For instance, genomics research has discovered both risk increasing and protective

genes (APOE ε4 allele and APOE ε2 respectively [2]). Pathophysiologically, abnormalities

observed in astroglia, microgila, and neurons [34] drive the progression of preclinical AD along

with increased neuroinflamation [38], and vessel [39] and glymphatic dysfunction [40].

In recent years, biomarkers have been a main focus of research for AD staging and un-

derstanding. This is due to AD having unique neuropathology, whereby current biomarkers

are sufficient for diagnosis even where clinical symptoms are not present [41]. However, it

should be noted that a large panel of biomarkers are needed to accurately diagnose AD.

Clinical, organizational, and budgetary constraints can limit biomarker access, meaning that

clinical diagnosis often focuses on obtaining the largest amount of information from the lowest

number of examinations [42]. So while biomarkers of AD can illuminate the underlying disease

pathology, clinical diagnosis of AD can be limited in its specificity and not entirely reflective

of the underlying pathological progression. Emphasis has been placed on optimizing clinical

workflows that promote consistent diagnosis of the disease [42], and especially in early de-

tection, where disease-modifying treatments are more effective and where the evaluation of

future disease modifying drugs can be supported.
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2.1.2 Biomarkers of Alzheimer’s Disease

The identification of biomarkers for AD represents a breakthrough in the understanding of

underlying disease pathology and has helped to determine the AD continuum. These include

biomarkers for several types of proteins and their accumulation in the brain (most notably

amyloid-β and tau), neurodegeneration markers from volumetric MRI or more recently blood-

based markers, neurofilament light (Nfl), and measurements of synaptic dysfunction using

fluorodeoxyglucose (FDG) Photon Emission Tomography (PET) and the presence of neuro-

granin in CSF [41, 6, 7, 8]. These, among other biomarkers, have been tracked along the AD

continuum from preclinical changes in amyloid-β deposition, to clear changes in CSF, PET,

and neuroinflamation markers in MCI, to large changes in hippocampal volume toward the

later stages of disease [6]. See Fig. 2.1 for an illustration of how biomarkers for AD progress

along the AD continuum.

Figure 2.1: Biomarker progression in AD. The pre-clinical stages of AD are described
by abnormalities in CSF measured amyloid-β . This is followed by abnormalities in CSF
measured phosphorylated-tau or PET measured tau and then increased CSF total tau and
atrophy of the hippocampus in the later stages. These changes in amyloid-β (A), tau (T),
and neurodegeneration or neuronal injury (N) comprise the ATN criteria used for the disease
staging of AD [43]. This figure was reproduced from Mankhong et al. [43].

Furthermore, several biomarkers, such as amyloid-β deposition and regional hypometabolism

indicating synaptic loss, can be assessed at a brain regional level allowing for improved

staging of disease severity. Research suggests that, for amyloid-positive subject groups, amyl-

oid deposition is most strongly found in the hetermodal association areas of the frontal,

parietal, and lateral temporal lobes [44]. Beginning in preclinical stages (for amyloid positive
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subjects), increasing through the pre-dementia stages (early to late MCI, or eMCI and lMCI)

and presenting most strongly in AD. Evidence also points to the medial temporal lobe (MTL)

as a key region in early-stage AD both in grey matter atrophy [44], and in functional activity

[45]. Studies suggest that the AD continuum begins with damage to the MTL followed by

broader damage to other networks such as those part of the frontal lobe [46, 47, 48].

While the combination of biological biomarkers, neuropsychological tests, and genetic risk

markers can allow us to pinpoint the progression of MCI to AD with high accuracy [9, 10],

methods with higher specificity (for instance neuroimaging methods with high spatial res-

olution such as function magnetic resonance imaging, fMRI, and diffusion tensor imaging,

DTI) that explore the individual regions of the brain that drive this change are needed. This

motivates the development of novel biomarkers for AD. Especially those sensitive to the early-

stages of disease, where less damage has been done.

In addition, current biomarkers face challenges in accessibility, geographical research bias,

and invasiveness [49]. Neuroimaging methods such as PET and MRI are costly, while CSF

is invasive, deterring clinical use. These factors contribute to a concentration of research in

high-income countries, causing geographical research bias in AD diagnosis and understand-

ing [49]. In contrast, blood-based markers present an exciting development due to their low-

cost and non-invasive nature [41]. However, blood-based markers often require compliment-

ary methods (i.e., neuroimaging) to increase diagnostic specificity or understand functional

disease progression [41].

A complimentary method of measuring functional brain activity which is both a cheap and non-

invasive technology is electroencephalography (EEG). EEG measures the electrical neural

activity in the brain as a result of normal brain function and how this changes due to dis-

ease [50]. However, EEG is challenging to apply effectively to early-stage AD due to high

inter-subject variability in the disease and EEG noise [2, 50]. To address this, task-based EEG

research aims to overcome this by targetting specific deficiencies in cognitive brain function

known to be affected in AD, and isolate these neural markers of progression [51]. One such

neurocognitive biomarker is the visual short-term memory binding task (VSTMBT) [29].

2.1.3 Working Memory and Cognitive Biomarkers

The VSTMBT, introduced by Parra et al. [29], is a task sensitive to early changes in AD, and

is composed of eight non-nameable shapes and colours with three phases named encoding,

maintenance, and probe. Participants are presented these shapes and colours on a screen

(encoding), must memorize this information (maintenance), and are then presented the same

or a different set of shapes and/or colours (probe) and must click a button in their left or right

hand indicating whether they are different or the same. It is important to note the distinction

between shapes and coloured shapes in the above as two separate tasks. From here on, the

binding task refers to coloured shapes, while the shape task refers to shapes only.
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The three stages (encoding, maintenance, and probe) of the VSTMBT aim to target a process

called feature binding in the brain. Feature binding refers to the formation and consolidation of

distinct features (i.e., visual features - colour, shape, orientation, etc.) for temporary storage

and retrieval [52]. During encoding, the brain must first break down the object into individual

features, hold these features in memory (maintenance), and then retrieve them (probe). It

is important to note that evidence suggests that the processes behind short-term memory

binding, such as those targeted in the VSTMBT, are distinct from the processes that govern

long-term memory [53, 54, 55], and which are subsequently affected differently by age and

brain damage [56, 57, 58]. This is an important distinction, given that long-term memory is

affected by normal aging.

For healthy individuals, aging typically results in a natural decrease in memory perform-

ance [59]. This can include losing track of the location of objects or forgetting names and

dates. This decrease in the ability to bind features in long-term episodic memory along with

associative deficits in working memory [60, 61] is suggested to be dependent on hippocampal

dysfunction [62, 63] as a natural result of functional and structural decline in the hippocampus

with healthy aging [64, 65]. However, conjunctions between certain features (such as between

colours and shapes) are not affected by natural aging.

This makes tasks which target short-term memory binding especially important for AD given

that they remain relatively unchanged with age while being highly sensitive to the disease [29].

This sensitivity is specific to AD where conjunctive short-term memory binding (i.e., between

colour and shape) is impaired as opposed to other, non-AD, dementias where this effect is not

observed [66]. Additionally, these performance impairments on the VSTMBT were observed

for both the preclinical stages of familial and early-stage sporadic AD [29, 56], where VSTMBT

performance was also seen to correlate with amyloid-β deposition [67, 68]. This evidence

suggests that deficits in short-term memory binding is a pre-clinical marker of AD.

As a consequence, it becomes natural to question whether the underlying neural activity

reflects these changes in short-term memory binding, which we explore in the next sec-

tion. By understanding underlying neural processes, cognitive biomarkers can be used to

enhance the understanding of AD neuropathology and improve disease staging and de-

tection. This is especially exciting in applications of the VSTMBT with EEG given that it

is a low-cost technology, non-invasive, and that the VSTMBT has been validated across

multiple regions [69, 70, 51, 48, 71] avoiding some of the previously mentioned geographical

bias [72]. This presents an exciting way forward as researchers explore the neural markers

of AD through neoroimaging methods in conjunction with the VSTMBT, leading to potential

improvements in clinical diagnosis and understanding of AD.
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2.2 Neuroimaging

The field of neuroimaging has been integral in the understanding of functional, structural, and

connective aspects of the central nervous system with a focus on the brain. In a clinical setting,

neuroimaging methods, such as MRI, provide invaluable diagnostic capabilities to detect a

plethora of abnormalities in the brain such as tumors, inflammation, and bleeding. Other

neuroimaging methods such as PET and magnetoencephalography (MEG, which measures

the electrophysiological activity of the brain) also show clinical use in the measurement of

amyloid-β and tau in AD [41] and screening for some types of epilepsy [73, 74], respectively.

To explore early-stage AD, this section provides an overview of three neuroimaging modalities

used in Chapters 3, 4 and 5 – functional magnetic resonance imaging (fMRI), Diffusion Tensor

Imaging (DTI), and electroencephalography (EEG). While these methods are not established

biomarkers of AD, they offer insight into how VSTMBT function changes with disease progres-

sion (in the case of fMRI and EEG) and explore the associated structural changes in the brain

(DTI).

2.2.1 fMRI

MRI is a method of acquiring structural images of soft tissue in the body through the use

of strong magnetic fields and radio waves. MRI has widely been used for its medical dia-

gnostic capabilities, but it was the emergence of fMRI that largely influenced neuroscience

research [75]. fMRI measures the haemodynamic activity in the brain, an action occurring in

response to neural activity. These changes in blood flow and oxygenation provide a blood

oxygen level-dependent (BOLD) signal which can yield insights into the neural function of the

brain, allowing us to study and understand aspects of the brain such as cognition, memory,

and sensory processing [75]. BOLD signal can be explored at rest (resting state fMRI or rs-

fMRI), or during a cognitive task (task-fMRI).

Locating changes in brain blood flow is made possible due to the precise spatial accuracy

of fMRI and whole brain imaging. However, fMRI has several drawbacks. For instance, fMRI

suffers from poor time resolution due to the time it takes for the haemodynamic response to

occur and reset [50]. That is, analysis methods must take into account the temporal delays

in blood movement in the brain. Additionally, fMRI typically has a repetition time (TR - the

amount of time to take a whole-brain image) of a few seconds [75]. This can limit the temporal

accuracy of BOLD signals, especially when some tasks illicit fast responses in brain activity.

Lastly, fMRI is costly and not widely available. This combined with uncomfortable conditions

within the scanner (claustrophobia and hard surfaces leading to movement and thus noise),

and potentially long scan times, means that data for patients with AD can be hard to find with

large sample sizes.
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fMRI can be combined with tools such as statistical parametric mapping (SPM), which uses

statistical maps to determine the probability of activity occurring in different locations in the

brain, allowing for the identification of abnormalities in BOLD signal as a result of AD. For

instance, for a verbal short-term memory binding task-based fMRI study, they identified re-

ductions in neural activity in key brain regions involved in encoding and retrieving stored

short-term memories [76]. Similar methods of SPM were also used to explore the activa-

tion maps of the VSTMBT for healthy subjects to understand whether holding objects within

working memory whose features need to be bound together would required dedicated neural

resources separate to those required for the individual features separately [77]. However,

fMRI-based studies of the VSTMBT are scarce, including in relation to AD. This is aside from

recent work in multi-modal DTI and fMRI network-based models co-authored and published

in tangent to this thesis [78, 79].

2.2.2 DTI

DTI stems from diffusion-weighted imaging (DWI), another MRI-based imaging modality, which

measures the displacement of water molecules in the brain. Due to the movement of these

molecules around white matter, consisting of neuronal fibers (axons), DWI can separate

grey and white matter in the brain, effectively mapping the structural connectivity between

each region [80]. From these images, DTI is formed through methods of tractography used

to trace and reconstruct white-matter fibres from the diffusion weighted images that carry

information on the direction and amount of water diffusion, given that water diffuses more

easily along the direction of the white-matter fibers. Using the reconstructed fibers of our

DTI, we can measure aspects of regional white-matter such as structural density (SD, white-

matter density), fractional anisotropy (FA, white-matter microstructure), and mean diffusivity

(MD) [80]. It should be noted that while DTI has high spatial resolution, it comes with some

similar drawbacks to other MRI-based imaging methods. Specifically, and like fMRI, DTI is

costly, not widely available, and can have long scan times (resulting in potential movement

leading to noise) [81].

By analysing regional measures of white-matter microstructure and density, DTI can be used

to understand changes in brain architecture due to brain related injury or disease [82]. For

instance, AD directly impacts these white-matter structures which facilitate information transfer

in the brain. Specifically, abnormalities in FA and MD are seen throughout the AD continuum

from early to late AD [83, 84, 85]. For instance, increased MD were consistently found in areas

with neurofibrillary tangles caused by AD pathology such as the hippocampus [86, 87, 88, 89].

Furthermore, studies have consistently shown that white-matter is altered in AD such as in

the degeneration of axons, and changes in myelin (the insulating sheath around axons) and

oligodendrocytes (the cells that produce and maintain myelin) [90, 91, 92]. Given the clear
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changes in white matter in AD, DTI shows potential for early-detection and understanding

of disease progression. Furthermore, and since DTI measures the white matter connectivity

between brain regions, research on DTI often focuses on network-based approaches which

will be described in Sections 2.3 and 2.3.4.

2.2.3 EEG

EEG is a measurement of the currents that form when there is an excitatory response from

the neurons and synapses in the brain. These are measured through sensors placed on

the scalp [50]. The most common sensor layout is the international 10-20 system, typically

consisting of 21 electrodes, although higher density versions with 64 or 128 electrodes ex-

ist as well [93]. While EEG has the ability to capture electrophysiological recordings at a

high temporal resolution (greater than other neuroimaging techniques such as MRI-based

methods), allowing for the study of fast dynamical changes in brain activity, it suffers in

spatial resolution as opposed to other methods such as MRI. Specifically, EEG is measured

through conductive electrodes placed on the scalp. Even with a large number of electrodes,

there are inherent limitations in measuring internal electrical sources at scalp-level, given the

effects of volume conduction [94]. However, these internal electrical sources can be estimated

with source localization techniques to obtain approximations of where scalp-level activity

originates, yielding higher spatial resolution (source-space EEG) [94].

EEG signals are typically broken up into specific frequencies, typically beta (>13Hz), alpha

(8-13Hz), gamma (4-8Hz), and delta (0.5-4Hz) [95]. These different frequency bands carry

unique information on brain-related activity such as beta wave dominance during wakefulness,

and delta during deep sleep. These changes are also seen in rs-EEG and task-EEG, where

stimuli can evoke complex changes in brain electrophysiology [50].

EEG has been extensively investigated as a tool for the understanding and diagnosis of AD.

The hallmark changes in EEG as a result of AD are a shift in electrophysiological activ-

ity from the faster beta and alpha rhythms to slower theta and delta [96]. As the disease

becomes more severe, so too do these abnormalities [97]. Additionally, a reduction in the

complexity of electrical activity [98, 96, 99], decreased synchronization as a result of reduced

connectivity between cortical regions [100, 101], reduced frontal delta/theta and posterior

alpha rhythms [99], among others, have been observed as a result of AD. These results are

posited to reflect the neuronal and synaptic losses and general brain atrophy observed in AD,

and which lead to abnormal electrophysiology. Thus, there is potential for EEG to become a

pre-screening tool for AD [7].
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The volume conduction and poor spatial resolution mentioned previously, combined with noise

already present due to eye blinks, movements, heartbeat and other environmental factors

leads to limitations. Despite these factors, EEG has found success in clinical research, in part

due to its relatively high availability and low cost [7]. Application of methods that work for EEG

data have the potential to be more widely available both locally and geographically, leading to

improvements in geographical biases and clinical accessibility.

While fMRI, DTI and EEG have been key to the understanding and diagnosis of AD, it is

still unknown how individual brain regions are engaged during the VSTMBT and how this

changes along the AD continuum. This is especially the case in how these interconnected

brain processes interact and dynamically change over time and with disease. Network-based

approaches to study these interactions within the VSTMBT have not yet been explored despite

the advent and growth of the field of network neuroscience in recent years [16].

2.3 Network Neuroscience

2.3.1 The brain as a network

The brain is a highly connected organ. Its network is composed of nerve cells as part of the

central nervous system (CNS – consisting of axons, synapses, and dendritic membranes),

located between individual neurons, and which propagate the electrical signals that neurons

generate [50]. While there are many individual systems in the brain that are highly connected,

such as the vascular and metabolic systems, CNS-based networks reflect brain activity (excit-

atory electrical responses to stimuli which propagate between neurons and synapses, and the

blood movement which supports this) and structural connectivity (neuronal fibres consisting

of axons) which can be captured in the fMRI, DTI, and EEG data used in Chapters 3, 4

and 5 [50, 16].

Modelling complex systems such as the brain can be challenging as they are composed of

multiple subsystems, layers of connectivity, evolving components, and many more [102]. To

represent this data, many domains use methods in network science and graph theory to both

model and explore the underlying mechanics in the interactions between objects such as

regions of the brain (defined anatomical structures such as the amygdala). To do this, we

can separate the data into their constituents (nodes) and relationships or interactions (edges)

between them, forming a network. Furthermore, edges can be directed (one-way relation-

ships) or undirected (two-way relationships), given a value (weighted), and nodes can be part

of different groups (based on shared properties such as similar patterns in connectivity) [16].

Many other methods of construction exist, some of which will be discussed below, to model

complex systems effectively and in accordance to their function. Once modelled in this way,

graph analysis techniques can be used to uncover underlying patterns in the data or network-

based changes due to disease [16]. The application of network science and graph theoretical
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methods to neuroscience has recently been coined network neuroscience. It represents a

direction in neurobiological research, pushed by the advent of big data in neuroscience,

and the need for advanced analytical techniques to understand the structural and functional

dynamics in the brain [16].

2.3.2 Graph theory

To model and measure the qualities of neurobiological networks requires us to explore formally

what is a graph. Graph theory is the study of graphs which capture the relationships between

objects. Here, we focus on formally defining undirected graphs which assumes a symmetric

relationship between regions. This reflects practical constraints in modelling connectivity in

the brain, given that many neuroimaging methods are unable to directly detect anatomical

or causal directionality [103]. As a consequence, while graphs constructed from the brain

are useful for characterizing network structure, they should not be interpreted as providing

evidence of causal interactions without additional assumptions or modelling considerations.

Formally, we define G = (V,E), as a weighted undirected graph composed of a finite set

of vertices (also known as nodes), V = {v1,v2, ...,vn}, and a two-element subset of V called

edges ({E ⊆{vi,v j}|vi,v j ∈V}, i ̸= j}) and where w : E →R is a function that assigns weights

to each edge (also defined as w({vi,v j}) or wi j denoting the weight between two vertices

vi,v j ∈ V ) [104]. When a pair of vertices share a single edge {vi,v j} ∈ E, we say that the

two vertices are adjacent to each other and that the edge is incident to each of our vertices.

In addition, we define the adjacency matrix, A ∈ Rn×n of G, as the symmetric matrix whose

entries are given by

Ai j =


wi j, if {vi,v j} ∈ E,

0, otherwise.

It is the application of graph theoretical approaches to real-world data that often differentiates

the study of network science from the study of graphs. Unless specifically discussing graph

theoretical methods and algorithms, from here on we describe the above formal definition of

a graph, in relation to neuroimaging, as a network. Similarly, we limit our use of "vertex" only

when describing formal graph-theoretical definitions, while "node" is used more generally for

discussions of networks.
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2.3.3 Applications to neuroimaging

Viewing the brain as a network allows for the exploration of how connectivity changes over

time, at rest, for a task, or with disease. In network neuroscience, networks typically model

brain regions as nodes, while the connections (edges) between them encode information on

the relationship between those regions’ function (functional connectivity) or structure (struc-

tural connectivity) [16]. In the case of fMRI, edges are often a measure of functional co-

activation between blood oxygen level dependent (BOLD) time-series between a pair of brain

regions [18]. Meanwhile, in DTI, an edge typically represents the fractional anisotropy (FA)

between regions (measuring white matter micro-structure), or streamline density (SD - repres-

enting white matter density) [21]. For EEG, edges often measure the functional co-activation

between time-series of electophysiological activity at the level of EEG sensors, or brain re-

gions (estimated from source localization) [105]. These models capture the topology of the

brain, revealing fundamental insights into how the brain is functionally and structurally organ-

ized, and how this changes due to disease.

In the case of functional network construction in fMRI, co-activations are often determined

by statistical measures of correlation, such as Pearson’s correlation, between functional time-

series of activity between brain regions [106]. In this way, connections between brain regions

are established based on the extent at which they are correlated (i.e., co-activating). This is

typically done between all pairs of brain regions, leading to the construction of a functional

network. Strong correlations in BOLD signal between brain regions have been observed

in a wide number of studies leading these co-activations to become a hallmark of human

brain networks [18]. For EEG functional networks, measures of phase such as the weighted

phase lag index (wPLI) are often used to avoid the issues with volume conduction mentioned

in Section 2.2.3 [107]. Once the functional network is constructed, some studies take the

weighted network as is, while others binarize the network edge weights above a threshold

or prune edges to avoid spurious connectivity [103]. This can help to reduce noise and

enhance interpretability. However, it also risks removing subtle patterns of brain connectivity.

The effects of these pre-processing choices depend on the specific network measures used,

as some metrics (such as modularity) may be more sensitive to edge density or topology and

where weighted networks provide complimentary aspects of network organization [108, 103].

Functional brain networks reveal important features of how the brain communicates. For

example, at rest, the human brain forms distinct sub-networks of functionally connected re-

gions [18]. These sub-networks are composed of a collection of brain regions that consistently

co-activate, and where each sub-network contributes to specific aspects of brain function. Of

particular note is the frequently reported on default mode network consisting of precuneus,

medial frontal, and inferior parietal and temporal regions [109, 110]. This sub-network has
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been linked to core processes in human cognition and emotional processing, and as such, is

of interest in exploring neurologic and psychiatric disorders [111]. In fact, it has been shown

that AD not only affects DMN connectivity, but also large-scale brain networks that extend well

past the DMN [112].

While research has focused on the study of resting-state fMRI to focus on describing an

intrinsic functional connectivity profile for subjects at rest, evidence suggests that task-based

fMRI shares some underlying intrinsic architecture with rs-fMRI, functional connectivity evoked

by specific tasks and some general changes shared among different tasks [113]. Understand-

ing these task-specific and task-general changes in functional connectivity can allow for the

targeting of specific functional networks and how these are damaged by diseases such as AD.

For example, there has been focus on targeting attentional networks in AD using three specific

task paradigms (animacy, memory, and Stroop tasks) [114], given that attentional networks

are among the earliest disrupted systems in AD and are closely linked to memory processes.

Disruptions in these networks may impair the allocation of attentional resources necessary

for effective encoding and retrieval, contributing to the memory deficits often observed in AD.

Similarly, it is natural to question how other cognitive biomarkers of AD, such as the VSTMBT,

present in networks.

Networks derived from EEG source-space analyses also display similar sub-network char-

acteristics at rest. For example, source-space networks constructed from high-density EEG

show connectivity resembling the DMN, visual, auditory, and attention networks, comparable

to those seen in fMRI [115]. However, source-space EEG networks have their own character-

istics due to a greater sensitivity to fast temporal dynamics and lower sensitivity to deep brain

signals (when compared to fMRI). For AD, these changes are observed as progressive disrup-

tions in functional connectivity, particularly in the alpha band, with notable reductions in long-

range connections such as those between frontal-parietal and frontal-temporal regions [116].

These disruptions are present across disease stages and worsen with AD progression. Since

attentional processes depend heavily on fronto-parietal networks, these changes may con-

tribute to early and persistent deficits in attention, memory and executive function in AD [117].

For structural brain networks of DTI, tractography naturally lends itself to their construction.

Specifically, tractography estimates the structural connectivity by quantifying the SD and FA

between regions, which form the edges of the network. From this point, the network is often

thresholded or filtered for spurious or biologically implausible connections [118]. Networks

constructed from DTI show consistent organizational patterns, such as small-world topology

and modular sub-networks, which are thought to support efficient information integration and

segregation in the brain (described in Section 2.3.10) [119, 120]. In the context of AD, these

structural networks undergo notable alterations, including overall decreases in white-matter
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connectivity strength, reduced global efficiency, and abnormal topological organization [119,

121]. These changes reflect a progressive decline in the brain’s ability to effectively commu-

nicate, potentially leading to some of the cognitive and functional impairments observed in

AD.

2.3.4 Network Metrics and Applications

Previously, we discussed how network-based methods of modelling are natural in capturing

the connected nature of brain function and structure. To understand how these networks are

topologically organized, this section will first describe some of the key network measures

used to understand brain topology – degree centrality, clustering coefficient, PageRank, path

length, node eccentricity and modularity – before exploring how insights derived from these

measures inform our understanding of the brain and how it changes due to disease.

2.3.5 Degree centrality

Degree centrality, often shortened to degree, is a measure of node importance defined as the

number of edges adjacent to a node [122]. For a weighted graph, this is analogous to the sum

of the weights adjacent to a node, also known as node strength. That is, for a weighted and

undirected graph G = (V,E), and for a vertex i ∈V with { j ∈V | ( j, i) ∈ E}, the degree, ki, of

i is:

ki = ∑
j∈V

wi j. (2.1)

Nodes with high values of degree are often considered of higher importance, or more central

within their networks, due to the multitude of connections the node has.

2.3.6 Clustering coefficient

Clustering coefficient is a measure of local connectivity, measuring the number of triangles

for a node in a graph divided by the number of possible triangles that could exist for that

node [122]. In essence, it is a measure of how likely a node’s neighbours are to also be

connected. For a weighted network, one of the most commonly used extensions is that based

on the average "intensity" (geometric mean) of all triangles associated with each node [123].

Formally, for a vertex i, let ŵi j be the normalized edge weight such that 0 ≤ ŵi j ≤ 1. The

weighted clustering coefficient Ci is defined as:

Ci =
1

ki(ki −1) ∑
j,m∈N(i)

j ̸=m

(ŵi j ŵim ŵ jm)
1/3 (2.2)

where N(i) is the neighbourhood of i (vertices that share an edge with i).
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2.3.7 PageRank

PageRank captures the behaviour of a random walker traversing nodes in a network [124]. To

calculate the PageRank centrality of a node i we follow two strategies: 1) to jump to a node

selected uniformly at random and, 2) to jump to a neighbouring node with probability α ∈ [0,1]

(called the dampening factor). The PageRank centrality for node i is then defined as the

frequency of repeat visits to itself along this random walk. Formally, the weighted PageRank

(xi) of a node i is defined as:

xi = α ∑
j

Ai j
x j

g j
+(1−α)

1
N

(2.3)

where g j = max(1,k j) and N is the total number of nodes. PageRank is another measure

which captures the centrality of a node based on the frequency a random walker would visit it.

2.3.8 Path length and eccentricity

The weighted characteristic path length quantifies the efficiency of information transfer in a

weighted network. Following the definition introduced by Stam et al. [125], we define the

weighted characteristic path length of a vertex i (PLi), as the harmonic mean of the shortest

path lengths from vertex i to all other vertices:

PLi =
1

1
N−1 ∑ j∈V

j ̸=i

1
Li j

(2.4)

where Li j is the shortest path length between vertex i and j, calculated from the weighted

adjacency matrix using the inverse of connection strengths as edge lengths. This definition

ensures that vertices with more efficient access to the rest of the network (via shorter paths)

will have a lower path length.

In addition, we define the node eccentricity of a vertex i, e(i), as the largest shortest path

between i and all other vertices in the graph (maxLi j) [126].

2.3.9 Modularity

Previously, in Section 2.3.3, we have discussed the importance of sub-networks in the under-

standing of functional and structural brain networks. To determine sub-networks, community

detection algorithms are employed to partition the graph into communities, also called groups

and modules, of vertices. These communities are groups of vertices which can share common

properties and/or play similar roles within the graph [122].



2.3. Network Neuroscience 20

Here, we focus on modularity maximization as one of the most common methods of com-

munity detection. The modularity quality function (Q) measures the number of edges that fall

within the groups (gi denotes the group assignment of vi), minus the expected number of

edges that would exist if placed at random [127, 128]:

Q =
1

2m ∑
i j

[
Ai j −

kik j

2m

]
δ (gi,g j). (2.5)

More specifically, for our graph G, we have the sum over all edge weights (Ai j) that exist

within the same group (δ (gi,g j) = 1 when ci = c j, and 0 otherwise), minus the expected edge

weight if edges were placed at random ( kik j
2m ). Here, ki denotes the degree of vi, and m is the

number of edges (sum of edge weights) in G. Q can take on values strictly less than 1, where

positive values denote a larger number of edges within groups than by chance, and negative

when there are less.

To find the optimal group assignment of nodes such that Q is maximized, we use a Louvain-

like greedy method based on [129], the most common method of modularity maximization,

due to its extension to multiplex networks [130] (described in Section 3.2.7) and its common

use in network neuroscience [17, 131, 132, 133, 134, 135]. This is done by applying two steps

iteratively.

1. We first aim to maximise local modularity. To do this, we assign each node in the

network its own community. Then, for each node, it considers how removing that node

from its own community, and adding it to one of the communities it is adjacent to,

would result in the maximum positive change in Q. This is repeated iteratively until

no individual movement of nodes results in an increase in Q.

2. A new network is built from the communities in step 1, where each community becomes

a node, and connections between these newly constructed nodes are defined by the

sum of weights between node communities.

Then, step 1 is applied to the network generated in step 2 and iterated until modularity is

maximized (and Q is returned along with the group assignment of the nodes). It is important

to note that this method of modularity maximization (for single and multiplex Louvain), among

many others, results in some variation in Q for individual runs [136, 137]. This is due to a

variety of factors such as those due to randomized seeding (the initial node community as-

signment). However, this can be combated by running the maximization process multiple times

as is standard in prior literature [138, 139, 140]. Furthermore, the algorithm is only "Louvain-

like" in the sense that it applies the same two steps iteratively as in the Louvain method, but

operates on a generalized modularity matrix (as in Section 2.3.16) and so sacrifices some

of the computational efficiency of the standard Louvain method for applicability to multiplex

networks [130].
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2.3.10 Network characteristics of the brain and AD

The healthy brain is commonly referred to as a small-world network, composed of integrated

clusters, allowing for a balance of efficient local and global processing [141]. More formally,

small-world networks are defined as networks with significantly more clustering than random

networks while maintaining approximately the same characteristic path length as them [103].

In network neuroscience, studies consistently find small-worldness, high efficiency (low path

length), modularity (segregated communities of densely interconnected regions), and network

hubs (high-degree) as conserved features of brain networks [142]. In addition, these network

hubs have a tendency to be more densely connected amongst themselves than to nodes

of lower degree – forming a rich-club organization [120]. This rich-club organization suggests

that hubs in the human connectome act as a strongly interlinked collective, perhaps improving

information transfer and allowing for greater robustness to hub failure. It should be noted that

small-world and rich-club organization is present in structural and functional networks of the

human brain [143, 120, 144].

The organization of the human brain is often described at three scales – local (nodes), meso

(communities), and global (whole network) scale [13]. In the context of network neuroscience,

the local scale is that of individual brain regions, mesoscale are that of sub-networks, and

global scale is whole brain network topology. Previously, we discussed how mesoscale sub-

networks, such as the DMN, provide key insights into fundamental processes of the human

brain such as cognition and emotion. In healthy humans, measures of brain network topology

also yield insights at local and global scales. For instance, higher global efficiency (shorter

path length) strongly predicted higher IQ in rs-fMRI [145], while local hubs (with higher node

degree) correlate with complex task performance [146, 120].

When the brain is damaged due to disease or otherwise, network measures can capture the

local, meso, and global scale changes in function and structure. In fact, AD is often charac-

terized as a disconnection syndrome primarily due to its effect on brain networks [147]. As

AD progresses, changes in functional brain activity and structural networks have been asso-

ciated with lower brain efficiency and reduced connectivity between brain sub-networks [148,

149, 150, 151, 152]. In addition, modularity has been shown to increase along the disease

spectrum of AD [20]. This resting-state fMRI (rs-fMRI) study found that changes in key net-

work metrics, and prominently modularity, indicate a reduced ability to integrate information

distributed across brain regions and in-between module communication as a result of AD. In

addition, modularity was highlighted as a more sensitive network measure to MCI and AD

than other more frequently used measures like clustering coefficient and path length [20]. It is

important to note that while modularity is sensitive to AD progression, it is limited as a global

measure representing how segregated the network is. Quantifying to what extent individual

ROIs play a role in modular network organization is not fully understood.
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It should also be noted that while brain networks often exhibit small-world structure, this can

coexist with other diverse organizational structures (such as hierarchical modular networks)

and possess dynamic features [153]. Furthermore, brain networks are not static, but dynamic-

ally change in time [17]. Additionally, interactions between structure and function, or frequency

bands in brain networks add additional complexity in understanding brain organization [28].

This motivates the development of novel models to capture the dynamic nature of brain

networks.

2.3.11 Multi-layer networks

With the advent of multi-scale, multi-modal, and spatio-temporal datasets of the human brain,

multi-layer networks have gained popularity [154]. While many methods of multi-layer con-

struction exist, such as temporal networks, a typical multi-layer network is achieved through

the linking of many individual networks (layers) to measure the interactions between them [102].

For example, in a social network, each layer could be used to separate types of relationships

such as friendship, colleagues, kinship, etc. with inter-layer (between layer) edges denoting

a person who falls under multiple relationship types such as a colleague and a friend. In

neuroimaging, layers can encode individual aspects of the data such as time or frequency

band, and/or each layer representing an imaging modality [28]. The benefit of such a network

construction is the ability to apply generalized graph theoretical algorithms, such as multi-layer

modularity, to explore interactions between layers or how the brain dynamically organizes

itself in time [28]. These models have been used in a variety of studies, providing insight and

improved performance in the classification of AD subjects, of biomarkers for epilepsy, and

many other results in areas ranging from economics to ecology [28, 155, 102].

2.3.12 Formal definition of multi-layer networks

We formally define a multi-layer network as a pair M =(G ,C ) where G = {Gs;s∈{1, ...,M}}
is a family of graphs Gs = (Vs,Es) (in our case weighted and undirected and also called the

layers of M ) and C = {Esr ⊆ Vs ×Vr;s,r ∈ {1, ...,M},s ̸= r} is the set of edges between

nodes of different layers (called inter-layer edges) Gs and Gr with s ̸= r. The edges in each

layer of M , Es, are called the intra-layer edges of our multi-layer network. [102]. A multiplex

network is a type of multi-layer network in which V1 = V2 = ... = VM = V (all layers have an

equal number of nodes) and the only inter-layer connections occur among node replicas, i.e.,

Esr = {{v,v};v ∈V} for every s,r ∈ {1, ...,M},s ̸= r.

Multiplex networks lend themselves especially well to brain network modelling as we can

consider the same set of nodes (areas of the brain), and choose each layer depending on

other aspects such as time or frequency band [28]. In the case of time, a temporal network

(G(t))T
t=1 can be represented as a multiplex network with a set of layers {G1, ...,GT} where
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Gt = G(t),Esr = /0 if r ̸= s+1, while Es,s+1 = {{v,v};v ∈Vs ∩Vs+1}. In other words, inter-layer

connections exist sequentially in time and only when a node replica exists [28]. Note that this

model is not limited to integer time as in the above definition. For example, multiplex frequency

networks where layers are typically ordered from lowest frequency band to highest.

Next, we explore the extensions of the previously mentioned network measures to multiplex

networks.

2.3.13 Multiplex degree

To maintain degree as a local measure, multiplex degree is often calculated on each layer

separately so that nodal hubs can be tracked in time or otherwise. While some studies choose

to define multiplex degree as an aggregated measure across network layers with various

methods sacrificing layer specific understanding for simplicity or improving layer wise impact

on the measure of degree [156], we keep the nodal definition of multiplex degree to stay

aligned with the granular theme of this thesis. Thus, we maintain Eq. 2.1 and apply it to each

individual layer to track degree in a multiplex network over indexed data such as time.

2.3.14 Multiplex clustering coefficient

For multiplex networks, clustering coefficient is defined differently. In this case, multiplex

triangles are described across two layers, with two edges of the triangle existing in one layer

and the remaining edge existing in the other (defined as a two-triangle). More formally, it is

a measure of the ratio of the number of two-triangles and the number of one-triads (three

connected nodes on one layer with two edges) for a node [156]. That is, for a multiplex graph

Gs with M ≥ 2 layers, the multiplex clustering coefficient for a node i (Cmultiplex(i)) is defined

as:

Cmultiplex(i) =
∑s ∑r ̸=s ∑ j ̸=i,m̸=i Asi j Ar jm Asmi

(M−1)∑s ksi(ksi −1)
(2.6)

2.3.15 Multiplex PageRank

In multiplex networks, the PageRank centrality of a node on one layer influences the centrality

on another [124]. For instance, consider a dual-layer multiplex network. For network A, we

evaluate PageRank x = {x1, . . . ,xN} using Eq. 2.3 with dampening factor αA > 0. We then

express the multiplex PageRank centrality, X = {X1, . . . ,XN}, of the vertices in network B with

respect to the PageRank of network A (x), and vice versa.

Formally, we define the multiplex PageRank centrality Xi of node i as:

Xi = αB ∑
j

x[β ]j Bi j
X j

G j
+(1−αB)

x[β ]i

N⟨x[β ]⟩
(2.7)
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where G j = ∑r Br j x
β
r +δ

(
0,∑r Br j x

β
r

)
, δ (a,b) is the Kronecker delta, αB > 0 is small enough

to guarantee that the relation can be satisfied, and the exponents α,γ ≥ 0. α and γ control

the influence of the layers on one another and lead to four important cases to consider in

calculating multiplex PageRank [124]:

• Additive multiplex PageRank: β = 0, γ = 1 where the effect of network A on network B

is the addition of centrality in B in proportion to how central they are in A.

• Multiplicative multiplex PageRank β = 1, γ = 0 where the effect of network A on net-

work B is the multiplication of centrality in B in proportion to how central they are in

A.

• Combined multiplex PageRank β = 1, γ = 1 where the effect of network A on network

B is both additive and multiplicative.

• Neutral PageRank β = 0, γ = 0 where there is no effect of network A on network B and

multiplex PageRank collapses into classical PageRank (Eq. 2.3).

This equation can be expanded to multiplex networks with more than two layers by calculating

the first and last layers as in Eq. 2.7 and calculating middle layers with the average influence

of the preceding and following layers.

2.3.16 Multiplex modularity

Typical community detection considers static single layer networks. However, it is also possible

to consider these communities over indexed data, such as time, to see how these communit-

ies dynamically change and evolve. First, we formally define the extension of modularity to

multiplex networks introduced by Mucha et al. [157], before discussing how it is maximized.

Formally, the multislice, or multiplex modularity quality function (Qmultislice), is defined as:

Qmultislice =
1

2µ
∑
i jsr

[
(Asi j − γs

ksiks j

2ms
δsr)+δi jCsr j

]
δ (gsi ,gr j). (2.8)

Like standard modularity in Eq. 2.5, multiplex modularity describes the observed number of

edges existing within groups compared to if they were placed at random. Our random null

model is now described for each layer s,
ksi ks j
2ms

, but is now modified by the intra-layer resolution

parameter, γs, which can modify the size of communities within each layer. Specifically, values

of γs > 1 favour the detection of smaller, more fine-grained communities, while values of γs < 1

favour larger, coarser communities [158]. γs can also be adjusted independently per layer,

allowing communities to be tuned to individual layer characteristics, which can be especially

valuable when layers differ substantially in their density or connectivity structure. In most

cases, γs is set to the default value of 1 for simplicity [157]. δsr and δi j facilitate the calculation

of intra-layer and inter-layer edges separately. In this case, (Asi j − γs
ksi ks j
2ms

δsr) describes the

multiplex version of the observed number of edges minus the expected number for intra-layer

edges on each layer. In the case of inter-layer edges, these are handled by Csr j (inter-layer
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coupling parameter) which is the weight of a node connected to itself across layers s and r.

Typically, all inter-layer edges are equal and set to a default value of 1. The inter and intra-layer

weights are included in the sum when nodes share group assignment (groups can exist both

within and across layers), δ (gsi ,gr j), and multiplied by 1
2µ

where

µ =
1
2 ∑

jr
k jr (2.9)

which comes from the steady-state probability distribution used to obtain the multislice null

model, detailed here [157].

The aim is to maximize our multiplex modularity quality function which partitions our network

into sets of disjoint nodes. In the following, multiplex maximum modularity will be defined

under three conditions [137]:

• Nodes are inter-layer coupled only when they are the same entity (composing a multi-

plex network).

• The network layers are ordinal (inter-layer edges exist only for consecutive layers).

• Inter-layer connections are uniform (they have the same weight).

Further definitions that are needed are the following: we denote T = {A1, ...,A|T |} as a

sequence of adjacency matrices (layers). In this case, the multiplex network is defined on the

set of nodes {11, ...,N1;12, ...,N2; ...;1|T |, ...,N|T |}. Furthermore, we refer to the inter-layer

edge weight by w ∈ R with w ≥ 0. We define a partition C ∈ C of the network into K sets of

nodes {C1, ...,CK} where C is the set of all possible N-node network partitions. We define

the partition matrix S ∈ {0,1}N×K as Si j = δ (ci, j) where δ is the Kronecker delta function

with j ∈ {1, ...,K} and ci = j means that node i lies in C j. Lastly, we define the multi-layer

modularity matrix:

B =



B1 wI 0 · · · 0

wI
. . . . . . . . .

...

0
. . . . . . . . . 0

...
. . . . . . . . . wI

0 · · · 0 wI B|T |


where Bs is a single-layer modularity matrix computed on layer s, Bsi j denotes the (i, j)th

entry of Bs, and I is the identity matrix. We now define the multiplex modularity maximization

method as follows [137]:

max
C∈C

[
|T |

∑
s=1

N

∑
i, j=1

Bsi j δ (csi ,cs j)+2w
|T |

∑
s=1

N

∑
i=1

δ (csi ,cs+1 j)

]
. (2.10)
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It then follows that the Louvain method described in section 2.3.9 can be adapted to mul-

tiplex models by using the multiplex modularity matrix B as input instead of the single-

layer counterpart. This general Louvain method of modularity maximization has been made

publicly available at [130]. It should be noted that current measures of classical and multiplex

modularity are limited as a global measure of network segregation and group assignment. It

is currently unknown to what extent individual nodes contribute to these measures.

2.3.17 Multiplex networks and their applications

Recent work has shown that multiplex models of the brain can reveal distinct relationships

inaccessible in single-layer analyses. For instance, [159, 155] use dual layer DTI and fMRI

networks to analyse multi-layer motifs in healthy individuals at rest, epilepsy disease progres-

sion, or in one case a tri-layer set up with DWI, MEG, and fMRI in the analysis of AD [160].

Multi-modal applications of multiplex, frequency-based, network constructions show that each

low-frequency band carries unique topological information and that multiplex-derived hubs

differ from those in conventional single-band networks [161]. These multiplex hubs have been

shown to be impacted by AD. For example, in studies of multiplex frequency networks of MEG,

AD networks showed a selective breakdown of multiplex inter-frequency hubs in key ROIs and

sub-networks even when single-band networks did not indicate such losses [162, 163]. Lastly,

temporal networks are an important approach in the analysis of imaging data. They allow us

to explore the temporal evolution of our data, such as the role of each brain region in relation

to the overall functional system.

While various network analyses techniques, such as measures of modularity, centrality, and

influence, can be determined in a single-layer model, a temporal multilayer model insures the

continuity of these measures over time [28]. For example, using aspects of modularity for a

multiplex temporal model with fMRI, it has been shown that the functional connectivity of the

brain during learning is inhomogeneous [17]. The brain is instead organized into communities

which perform unique functions. In time, nodes in these communities show varying allegiance,

showing high flexibility (frequency of group changes) in some areas and low in others. In the

study, the amount of flexibility could be used to predict the participants ability to learn, an

indication of the utility of using multiplex measures to explore brain function [17]. In a single-

layer analysis of the functional connectivity of AD, changes in community structure of the

brain show disturbances in brain functional systems from healthy to MCI to AD [27]. Their re-

search focused on the interaction between the frontalparietal (FP) and DMN networks, where

functional connectivity differences within and between them become less segregated and

more intertwined as AD progressed [27]. This is important, as the interactions between these

two networks are highly correlated with complex cognitive tasks. Furthermore, disruptions

in the dynamic interactions between regional networks in the brain are linked to lapses in

attention and lowered performance in otherwise healthy individuals [164, 165, 166]. As such,
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it is natural to question how modelling the dynamic temporal changes in brain organization for

AD, elicited by complex tasks such as the VSTMBT, improve our understanding of the disease.

The VSTMBT has been explored in networks constructed from EEG data [51, 69], but has yet

to be explored in fMRI-based networks.

It is important to note here the natural construction of multiplex networks for task-based data.

Brain networks can be broken up into equal intervals of time, such as in [131], or where

each network represents a task phase. Furthermore, the weighting of edges in a multiplex

network requires careful consideration as they are a determining factor in the formation of

communities. While the weighting of intralayer connections typically follow from the data used

(correlation strength of the BOLD-signal for fMRI, FA for DTI), weighted inter-layer connections

in time pose a different challenge. Typically, the inter-layer weight is a free parameter, chosen

as constant, and adjusted in accordance to the data [161, 131].

2.3.18 Network-based Simulations of Alzheimer’s Disease

Previously, we have shown that many key network measures change as AD progresses. Thus,

it becomes natural to question how these topological changes can be predicted. In functional

brain networks, simulations of AD progression typically follow through the manipulation of

healthy brain networks to mimic disease. These network manipulations can be focused on

damaging connectivity involving key brain regions (targeted attack methods) and then com-

pared to random attack models as a benchmark. For example, in [125], targeted attacks and

random failure models are explored to describe the progression of the disease over time

in MEG. These targeted and random attack models selectively or randomly reduced the

edge weights between nodes in the network to simulate damage. They found that targeted

attacks, specifically around highly connected nodes, provided the best results in simulating

the progression of AD when comparing the approaches. Not only this, but they observed

a shift from small-world topology to more closely resemble a random network suggesting a

vulnerability of healthy brains to hub attacks, and lowered brain network resilience in AD.

This effect was similarly seen in an attack model of AD in rs-fMRI [167]. This model used a

similar method of targeting hub nodes, but where random edges were added to the network to

increase the loss of small-worldness. Attacks on hubs in rs-fMRI data also describe the loss

of global connectivity that occurs in the stages of autosomal dominant AD (a genetic variant

of the disease) [168].

Reduced small-world topology and lowered resilience is also observed in structural brain

networks. [169] tested the robustness of structural networks against targeted and random

attacks through the removal of nodes and edges. Rather than simulating AD networks from

healthy subjects, as in the previous studies of functional networks, they tested the robustness

of both the healthy and AD networks separately and explored their topological changes in

response to these attacks. They found that while AD networks were about as robust to random
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failures as the healthy networks, that they were considerably more vulnerable to targeted

attacks. Additionally, simulations of targeted and random attacks in healthy DTI networks

targeting rich-club connections resulted in a significant reduction in network efficiency as

opposed to random or random attacks against non rich-club hubs [120]. While only healthy

networks were explored in this study, reduction in rich-club organization and global efficiency

have been observed in AD as previously discussed in Section 2.3.10.

In sum, these simulation-based approaches are valuable for understanding the high-level

mechanisms of AD. Simulation models of AD may be used to test how network decline may be

slowed by identifying critical nodes and connections whose preservation could maintain cog-

nitive function, guiding hypotheses for clinical intervention and early diagnosis. Additionally,

as AD phenotyping improves [41], simulation models may be able to assist in understanding

topological fingerprints in the disease continuum. However, research is needed to refine

simulation models of AD as better methods of targeting (such as more accurate measures

of centrality) become available, and our understanding of topological changes due to AD

improves.

2.4 Conclusions

As populations around the globe live longer, AD presents a significant threat due to its pro-

gressive impact on brain function. These changes in brain structure and function can be

captured by neuroimaging methods, allowing for the development of disease biomarkers. In

this chapter, we explored how single and multiplex networks can be used to model changes in

neuroimaging data, where network metrics quantified topological changes due to disease or

could be used to simulate its progression. However, a key metric sensitive to AD progression,

modularity, lacks granularity, fMRI network-based modelling has not been applied to a cognit-

ive biomarker of AD (VSTMBT), and simulation models of AD progression require refinement

to more closely match the topological changes occurring due to AD. The following chapters

aim to address these gaps to improve our understanding and predict AD progression, and

contribute network metrics and models which are broadly applicable across disciplines.



Chapter 3

Multiplex Nodal Modularity: A novel

network metric for the regional

analysis of amnestic mild cognitive

impairment during a working memory

binding task

This chapter’s contributions have been published in PLOS One [30].

3.1 Introduction

Alzheimer’s disease (AD) often progresses from mild cognitive impairment (MCI), where the

amnestic (memory-related) subtype (aMCI) is often considered a prodromal stage [4, 5]. While

the combination of biological biomarkers, neuropsychological tests, and genetic risk markers

can describe the progression from MCI to AD with high accuracy [9, 10], methods with higher

specificity which describe how individual regions of the brain drive this change are needed.

This motivates the development of novel biomarkers for the early-stages of AD, where less

damage has been done.

One such neurocognitive biomarker is the Visual Short-Term Memory Binding Task (VST-

MBT), introduced by Parra et al. [29]. The VSTMBT targets visual memory binding deficits

that occur in MCI and AD, and specific to AD opposed to non-AD dementias [66]. Using

neuroimaging methods such as functional magnetic resonance imaging (fMRI) or electro-

encephalography (EEG), the dynamics in brain activity during a cognitive task, such as the

VSTMBT, can be measured. As AD progresses, changes in functional brain activity have been

associated with lower brain efficiency and reduced functional connectivity between brain sub-

networks, leading to the naming of AD as a disconnection syndrome [148, 149, 150]. This

29
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has been further explored in measures of white-matter density and microstructure, measured

using Diffusion Tensor Imaging (DTI) [170]. For instance, in [149], white matter structures in

the frontal and temporal lobes were found to be vulnerable in early-stage damage caused by

familial AD with associated impairments in memory-binding.

More recently, brain networks have been extended to multiplex networks in order to capture

additional complexity. Multiplex brain networks can be modelled with each layer representing

windows of time in an fMRI scan or individual frequency bands in EEG [28]. In this way,

multiplex networks have revealed insights into how the brain reorganizes itself in time during

a learning task [17], modelled the cross-frequency dynamics of brain networks [171], and

explored its structure-function relationship [159].

Methods which model functional and structural connectivity are important as brain networks

are not random but organized and efficient at both local and global scales [11, 12, 13].

To capture the complex interactions between brain regions, their topology, and how these

networks dynamically change and reorganize in time, community detection algorithms are

employed [156]. The aim of such approaches (such as modularity maximization) is to segreg-

ate the network into communities or modules (groups of nodes), where connections within

modules are more dense, to describe the underlying organization of the system. Modularity

has been explored extensively for many single-layer biological networks, and in how these

evolve and adapt due to age or disease [15]. However, the extension of modularity from single

to multiplex networks was only achieved recently, and thus has seen less study [157]. For

single-layer networks, modularity has been shown to increase along the disease spectrum of

AD [20]. This resting-state fMRI (rs-fMRI) study found that changes in key network metrics

(prominently modularity) indicated a reduced ability to integrate information distributed across

brain regions as a result of AD. In addition, modularity was highlighted as a more sensitive net-

work measure to MCI and AD than other more frequently used measures such as clustering

coefficient and path length [20].

A limitation of modularity in single and multiplex networks is that it has been exclusively

studied at a global scale. It is not fully understood how individual regions of a network,

such as the brain, change in modularity due to disease, cognitive task phase, or dynamically

change in time. Parra et al. showed that not only did the VSTMBT require specific memory

binding regions, but also interacting and/or overlapped brain Regions of Interest (ROIs) for

object recognition [77]. While global measures of modularity could allow us insight into the

overarching structure of the VSTMBT, it is the extent that these individual ROIs interact and

work together that is not well understood. As such, we hypothesized that a novel extension of

modularity to individual ROIs, and applied to a multiplex framework, would yield novel insights

into the regional modularity of the VSTMBT and how an ROI’s contribution to modularity

changes as a result of AD. Please see A.1 for the code and data availability for this study.
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The contributions of this chapter are:

• Introduction of a novel measure of nodal group structure for both single-layer and

multiplex networks called nodal modularity (nQ).

• Verification of nQ against other single-layer and multiplex measures of node influence.

• Application of nQ to multiplex networks of the VSTMBT-fMRI and single-layer DTI re-

vealing that nQ characterizes a key transition stage of MCI to AD conversion.

3.2 Materials and methods

3.2.1 Participants

Participants were recruited from the Psychology Volunteer Panel at the University of Edin-

burgh, volunteers from the Scottish Dementia Clinical Research Network interest register, and

referrals by old age psychiatrists based at the NHS Lothian and NHS Forth Valley. Eligibility

followed from a variety of criteria such as an age over 55, no neurological or psychiatric

diseases effecting cognitive function, and normal or corrected to normal vision [48].

MCI patients had to demonstrate the capacity to consent, were provided with an information

sheet informing participants to the longitudinal nature and assessments involved, and signed

a consent form prior to involvement in the study. Approval was obtained from the NHS Multi-

Site Research Ethics Committee (reference number 06/MRE07/40) and was given approval by

local NHS R&D offices (Lothian R&D: 2006/P/PSY/22 and Forth Valley: FV682). Please see

additional details in [48]. Furthermore, access to this dataset for the research described in this

paper was obtained from NHS Lothian under study number 2006/P/PSY/22 on 17/11/2021.

This longitudinal study assessed participants with a battery of neuropsychological tests com-

monly used to asses dementia, such as the Addenbrooke’s Cognitive Examination Revised

(ACE-R) and the Hopkins Verbal Learning Test Immediate Total and Delayed Recall, and a

novel VSTMBT, grouping subjects into early Mild Cognitive Impairment (early MCI), MCI, and

those who converted to Alzheimer’s disease after a 2-year follow up (MCI converters). Further

information on this dataset is available here [48].

From these subjects, a subset underwent fMRI (during which they performed the VSTMBT)

and diffusion MRI (dMRI) scanning. Refer to Table 3.1 for those who met this criteria and

passed pre-processing requirements detailed in the following fMRI and DTI sections. For

insight into the neuropsychological tests completed and a statistical analysis of these variables

between disease groups see A.9.
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Table 3.1: Demographic variables of MCI patients and healthy controls at initial
screening. After a 2-year follow up, 6 MCI subjects had converted to AD.

MCI early MCI Healthy Controls
(N = 16) (N = 7) (N = 8)
M±SD M±SD M±SD

Age 74.81±6.09 79.71±5.82 79.5±5.15
Years of Education 12.81±3.54 16.57±3.91 15.0±3.54
Sex 9 men; 7 women 5 men; 2 women 2 men; 6 women

Note: N = number of subjects; M = mean; SD = standard deviation.
Anova results on Age: F(2,28) = 2.62, p = .09, η2 p = .15
Anova results on YoE: F(2,28) = 2.86, p = .07, η2 p = .17

3.2.2 Visual Short-Term Memory Binding Task

Two tasks were explored in our study using non-nameable shapes and non-nameable colours

derived by Parra et al. [29]. We refer to the first task as shape, where only the shapes are

presented to the subject. The second we call binding, where coloured shapes are presented

to the subject. In both cases, the experimental procedure follows as in Fig. 3.1.

Figure 3.1: Task procedure. Trials were conducted as follows. A warning screen for 2500ms,
a fixation period of 3000ms where a white cross turns from white to black, a blank grey screen
for 250ms, a reminder of the instructions for 2000ms, the shapes or shapes with colours
(depending on shape or binding task) are displayed for 2000ms (encoding phase), a blank
grey screen is displayed for a variable time of (2000, 4000, 6000, or 8000ms) due to the fMRI
design optimisation [77] (maintenance phase), a second set of shapes or shapes with colours
are displayed for 4000ms (probe phase), and lastly an inter-trial interval of 2000ms. Repeat.
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During the probe phase of the procedure, subjects would click a button in either their left or

right hand indicating whether or not they believed that the new set of shapes/coloured shapes

were different or the same (in 50% of the trials the new set of shapes/coloured shapes would

be different). Trials in which the subjects made an incorrect choice were omitted from our

analysis as they could stem from lack of engagement or attention. Correct trials were more

consistent in capturing the underlying cognitive processes of the VSTMBT due to greater

participation with the task itself.

3.2.3 DTI

dMRI data were collected at the University of Edinburgh Brain Research Imaging Centre

through a GE Signa Horizon HDxt 1.5T clinical scanner: 3 T2-weighted (b = 0s mm−2) and

sets of diffusion-weighted (b = 1000s mm−2) single-shot spin echo-planar (EP) volumes ac-

quired with diffusion gradients applied in 32 non-collinear directions. Subsequent volumes

were acquired in the axial plane (field of view, fov = 240 × 240mm; matrix = 128 × 128;

thickness = 2.5mm), giving voxel dimensions of 1.875× 1.875× 2.5mm. The repetition and

echo times were 13.75s and 78.4ms, respectively. In the same session, T1-weighted inversion-

recovery prepared, fast spoiled gradient-echo (FSPGR) volumes were acquired in the coronal

plane with 160 contiguous slices and 1.3 mm3 voxel dimensions.

To obtain a set of network nodes across the subjects, each T1-weighted brain was parcellated

into 85 ROIs with the Desikan-Killiany atlas’ 34 cortical structures per hemisphere [172, 173]

with additional regions added per hemisphere via sub-cortical segmentation: accumbens

area, amygdala, caudate, hippocampus, pallidum, putamen, thalamus, ventral diencephalon,

and the brainstem [118]. This volumetric segmentation and cortical reconstruction was per-

formed with FreeSurfer v5.3.0 using default parameters. For further pre-processing detail

please refer to Buchanan et al. [118].

Briefly, pre-processing was conducted with the FSL v6.0.1 toolkit. dMRI data underwent eddy

current correction, diffusion tensors were fitted at each voxel and FA was estimated, skull

stripping and brain extraction were performed, cross-modal nonlinear registration was used

to align neuroanatomical ROIs to diffusion space, and the tractography was based on the

probablistic method and white matter seeding approach as in [118].

Of note, the DTI weighted networks were constructed using the streamlines connecting each

pair of the 85 grey matter ROIs. The weights of these edges were determined using the mean

FA along the interconnecting streamlines [118].
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3.2.4 Task-fMRI

fMRI data was collected during the same appointment, acquisition protocol and with the

scanner outlined in the prior DTI section. Once localisation scanning was completed, a struc-

tural T1 weighted sequence was acquired (5 contiguous 5mm coronal slices; matrix = 256×
160; fov = 240mm; flip angle 8°). During the VSTMBT, contiguous interleaved axial gradient

EPI were collected alongside the intercommissural plane throughout two continuous runs

(TR/TE = 2000/40ms; matrix = 64 × 64; fov = 240mm; 27 slices per volume; thickness =

3.5mm; gap = 1.5mm). This yielded 9-minutes of scan in total, comprising 534 volumes (the

first three volumes were discarded at the start of shape and binding trials). For clarity, this

resulted in 267 volumes for each of the shape and binding tasks per subject.

Using SPM12, fMRI pre-processing follows as in [77]. Outlier detection was used to detect

slices with a variance greater than 5 standard deviations [174]. Outlier slices were replaced

by an averaged image of the previous and consecutive scans. These images were removed

when constructing the network (0.75% of total scans). To account for movement, realignment

of each fMRI image to the mean volume of the scan session through B-spline interpolation was

done. Slice-timing correction was completed to account for differences in time when acquiring

each voxel signal (temporal sync interpolation). Images were then coregistered to their struc-

tural T1 images. Lastly, normalization to the MNI space was conducted using segmentation

parameters and Diffeomorphic Anatomical Registration Through Exponentiated Lie Algebra

(DARTEL) mapping functions [175, 176]. fMRI images were also visually inspected for noise

and artefacts and subjects who did not pass inspection were removed from the study.

3.2.5 Functional network construction

We use the modified Desikan atlas obtained for each subject (as in the DTI section) to define

ROIs and resampled to fit the voxel dimensions of the fMRI data. This was done with SPM12

using nearest-neighbour interpolation to ensure that voxel resizing maintained correct ROI

mapping. These atlases were also visually inspected to check for proper fitting. For each ROI,

the mean signal time-series was extracted from the fMRI images by taking the average signal

across voxels defined by the ROI. This was repeated for each image and ROI across the

9-minute scan resulting in time-series of average brain activity at each of our 85 ROIs.

Next, we apply a 0.06Hz high-pass filter to the signals with a sampling rate of 0.5Hz to

match our TR of 2s. This was done to account for fMRI signal drift in the very low frequency

range [177], and the choice of 0.06Hz relates to the lowest frequency occurring for our

longest task trial of 16s. We chose not to low-pass our signal given that, in some cases, our

encoding/maintenance task phase is very fast, and thereby in close proximity to the signal’s

Nyquist frequency.
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We define two task stages for our network construction – ‘encmaint’ and probe. We define

encmaint as a combination of the encoding and maintenance phases of the task described

earlier in Fig. 3.1. Due to an encoding phase and TR of 2s, this combination of the two phases

improves our construction in two ways. It improves our measure of correlation between brain

regions for network construction (higher number of samples) and additionally allows us to

capture the peak of the haemodynamic response function (HRF) that occurs approximately

5s after stimuli onset (further details in A.2 and A.3). The probe phase, described in Fig. 3.1,

is shifted forward 2s to decrease the overlap between encmaint and probe phases, improve

the capture of peak HRF, while introducing minimal noise from the following inter trial interval.

After defining the task phase windows for each task (binding and shape), we reconstruct our

time-series from the repetitions of task phases across the 31 trials. More specifically, the

time-series for the probe phase is assembled from the windows corresponding to each probe

phase within a trial, in sequential order. The same is done for the encmaint phase. From these

time-series, we construct an 85×85 connectivity matrix for each task phase by calculating the

Spearman correlation between each ROI pair.

Typically, studies of fMRI brain networks use Pearson correlation in the construction of con-

nectivity matrices. However, it is expected that some noise and outliers may remain in fMRI

data. These factors, along with additional pre-processing, task windows which could not be

constructed perfectly due to inherent limitations of fMRI or the task itself, and other confound-

ing factors such as those present due to the calculation of the mean time-series of regional

data, made us select the more conservative Spearman’s correlation for our analysis due to

its robustness to outliers [178], and suitability for non-normally distributed data [179, 178]. We

also acknowledge a recent study which discovered brain wide increases in functional con-

nectivity with fMRI scan duration [180]. However, we expect this effect to be minor given that

our analysis focuses on comparisons between subject groups (where this effect is ubiquitous)

and reduced by randomized presentations of shape and binding tasks over the course of the

scan.

To model the dynamics between the two task windows, we construct a dual-layer matrix from

each of the two encmaint and probe matrices as in Fig. 3.2a. This is done by connecting each

node in one layer to its spatial replica in the other via an edge. These edges are weighted

equally and set to 1 as is standard in prior studies on multiplex brain networks [17, 159, 25].

The choice to use weighted graphs, rather than binary, was due to the preservation of the

strength of functional association which is complementary to network organization [103].
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Figure 3.2: Multiplex network of the VSTMBT and nQ example. a) Networks for the
two task phases of the VSTMBT, encmaint and probe, are constructed from the functional
co-activations (correlation in time-series) between all pairs of ROIs. Spatial replicas are
connected via an inter-layer edge, as seen in the above figure (light grey edges between
the two layers), allowing for continuity of network topology in time. b) Here, multiplex nodal
modularity (nQ) has been calculated for each node in our network as in Eq. (3.1) (refer to
the following section). Each colour represents a separate module (obtained from standard
multiplex modularity [157], where modules can exist within a layer (blue and red nodes) or
across layers (green nodes). We note that values of nQ are influenced by, but not entirely
dependent on, layer and module assignment. For instance, node 2 undergoes a decrease in
nQ from the encmaint to probe layer due to a change in connectivity despite no change in
module (green). On the other hand, node 1 undergoes an increase in nQ from the encmaint
to probe layer due to increased connectivity within its module while also undergoing a change
in module assignment (blue to green). While both node 1 and 2’s changes in modularity are
largely driven by changes in connectivity tied to that node, to illustrate how changes in module
assignment influence nQ consider node 3. Node 3 undergoes no change in connectivity.
However, it observes a decrease in nQ due to an increase in connectivity of node 1. While
modularity in general has increased (nQ1(blue) + nQ3(blue) < nQ1(red) + nQ3(red)), the role of
node 3 within its module has decreased. It is this interplay between connectivity, modules,
and how these change across the layers of the network that influence each node’s nodal
contribution to classical multiplex modularity.

3.2.6 Nodal Modularity

Formally, we define G = (V,E), as a weighted undirected graph composed of a finite set of

vertices, V = {v1,v2, ...,vn}, and a two element subset of V called edges {E ⊆{vi,v j}|vi,v j ∈
V} [104]. When a pair of vertices share a single edge {vi,v j} ∈ E, we say that the two vertices

are adjacent to each other and that the edge is incident to each of our vertices. In addition,

we define the adjacency matrix, A of our graph G, as the symmetric (n × n) matrix of all

vertex pairs where entries Ai j ̸= 0 if {vi,v j} ∈ E and Ai j = 0 otherwise. Furthermore, we

define a multi-layer network as a family of graphs Gs = (Xs,Es) (in our case weighted and

undirected), also called layers, with E = {Esr ⊆ Xs ×Xr;s,r ∈ {1, ...,M},s ̸= r} as the set of

connections between nodes of different layers Gs and Gr with s ̸= r. The elements of each Es

are called the intra-layer (within layer) connections and the elements of each Esr (s ̸= r) are

called the inter-layer (between layer) connections [102]. A multiplex network is a type of multi-

layer network in which X1 = X2 = ... = XM = X (all layers have an equal number of nodes)

and the only inter-layer connections occur among node replicas, i.e., Esr = {{x,x};x ∈ X} for
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every s,r ∈ {1, ...,M},s ̸= r. As a reminder, for this study, the entries of Ai j are defined by

the correlation in fMRI signal time-series between all pairs of brain regions in the case of our

functional networks. For our structural networks, entries of Ai j are defined by the mean FA of

white matter between all pairs of brain regions.

In network neuroscience, community detection algorithms are often used to obtain a global

measure of how modular the network is, how many modules there are, and in multiplex cases,

the flexibility of each node (how often a node switches community through the layers of a

network) [13]. However, aside from flexibility, the measure of modularity lacks granularity. The

use of modularity as a global measure, while useful as a marker of whole brain changes due

to disease, fails to capture to what extent these modular subsystems change in time, due to

disease, or otherwise.

To tackle this, we extend the standard multislice (multiplex) modularity quality function, Qmultislice

[157], to individual nodes as in [181]:

Qi =
1

2µ
∑
jsr
[(Asi j − γs

ksiks j

2ms
δsr)+δi jCsr j ]δ (gsi ,gr j). (3.1)

More specifically, we use the multiplex version of modularity (refer to [157]) to calculate the

optimized group assignment, g, a priori. It follows that, for a node vi on our graph G, its nodal

contribution to modularity (Qi) is defined as follows. For all edges of node vi that exist within

the same group (δ (gsi ,gr j) = 1 when gsi = gr j ) on layers s and r, we have the sum over all

edge weights (Asi j ) minus the expected edge weight if edges were placed at random (
ksi ks j
2ms

).

Here, ksi denotes the degree of vi (the sum of edge weights incident to vi) and ms is the sum

of all edge weights on layer s. γs is the standard intra-layer resolution parameter, which can

modify the size of communities within each layer. In this paper, we set this to the default value

of 1 [157] for simplicity. δsr and δi j facilitate the calculation of intra-layer and inter-layer edges

separately. Thus, (Asi j − γs
ksi ks j
2ms

δsr) describes the multiplex version of the observed number

of edges minus the expected number for intra-layer edges on each layer. In the case of inter-

layer edges, these are handled by Csr j (inter-layer coupling parameter) which is the weight of

a node connected to itself across layers s and r. Typically, all inter-layer edges are equal and

set to a default value of 1. The inter and intra-layer weights are included in the sum when the

nodes share the same group assignment (groups can exist both within and across layers),

δ (gsi ,gr j), and multiplied by 1
2µ

which is defined in Eq. (2.9).

The modularity at each node, Qi, can then be calculated using Eq. (3.1) with g as an optimized

group assignment, defined a priori and discussed in the following section. In this way, we

calculate each node’s contribution to global multiplex modularity as

Qmultislice = ∑
i

Qi. (3.2)



3.2. Materials and methods 38

From now on, we refer to nodal modularity as nQi = Qi, and note that nQ can just as easily

be defined for single-layer networks. In this case, the expression for multiplex Qi in Eq. (3.1)

reduces to

Qi =
1

2m ∑
j
[Ai j −

kik j

2m
]δ (gi,g j). (3.3)

3.2.7 Modularity maximization

In this study, we determine the optimal group assignment g using the iterated version of

the multiplex general Louvain algorithm [130] with default settings aside from ‘moverandw’,

where a node moves to a new community when the probability of choosing that move is

proportional to the increase in modularity that it results in. This setting helps to mitigate some

of the undesirable behavior in ordinal multiplex networks discussed in [137]. The iterated

version of the general Louvain algorithm was used to reduce some of the inherent variability

in individual runs present in modularity maximization [136, 137], and is similar to consensus

clustering [182]. Specifically, it uses the group assignment from the general Louvain method

as the initial partition of each subsequent iteration of the algorithm. Convergence is reached

once the general Louvain method’s output group assignment has not changed between two

successive iterations. Additionally, we further improve the stability of Q by performing multiple

runs as is standard in the literature [138, 139, 140]. Furthermore, the networks in this study

are both small and weighted, where issues in Q variability are much less severe [136]. It

is of note that, while the Louvain method has been defined for both positive and signed

networks [15], we choose to consider negative weights as equal to positive weights for modu-

larity maximization. Negative weights have been argued to be neurobiologically relevant [15],

but interpreting the differences between modules constructed from negative and positive

weights separately is not well understood. We worried that per subject differences in the

proportion of positive to negative weights could lead to large changes in modularity that would

be difficult to interpret, especially for individual nodes. It is of note that, in all following mentions

of maximised modularity, that we use the aforementioned iterated version of the algorithm

with 100 repetitions, choosing the community assignment that corresponds with the highest

modularity from those runs. For our data, we found modularity to be tightly distributed over

each run.
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3.2.8 Experimental setup

In this section, we outline the methodology used for studying nodal modularity, and how this

measure interacts with the stages of disease in our functional and structural networks.

Modular behaviour of the VSTMBT

Initially, we verify the behaviour of modularity for the shape and binding tasks of the VSTMBT.

To accomplish this, we compare the modularity (Q) of our shape and binding networks to

random and Stochastic Block Model (SBM) surrogate networks. The aim of this experiment

is to verify that the VSTMBT exhibits community structure better than random and that Q is

similar or higher than a structured surrogate network (the SBM).

For this, we first construct our random networks by taking an edge in our network and ran-

domly rewiring the edge using the Brain Connectivity Toolbox (BCT) [103]. Single-layer Q

is then maximized on the randomized shape and binding networks. We also considered

the SBM, a variation of the random graph above but with defined community structure. In

essence, it takes a defined set of community labels, and a symmetric matrix defining the

probability of connections existing between nodes and randomly constructs a network under

these conditions [183]. Here, we construct the SBM with freely available code [184] from our

shape and binding networks using the group assignment acquired from maximising Q on the

non-surrogate networks. In this way we obtain structured, binary, surrogate networks from our

shape and binding tasks. We then compare the modularity of our shape and binding networks

against their surrogate counterparts to explore their modular behaviour.

Comparison of nQ with other nodal graph measures

To explore nQ as a measure, we compare it to several graph measures within three datasets.

Specifically, we compare nQ against other measures of nodal community structure: single

and multiplex versions of degree, clustering coefficient, and PageRank algorithms. Single-

layer versions of these measures were calculated with the BCT. Multiplex versions of these

measures are defined as follows. We calculate multiplex degree as standard, but with the

addition of inter-layer edges. For the multiplex clustering coefficient, multiplex triangles are

described across two layers, with 2 edges of the triangle existing in one layer and the remain-

ing edge existing on the other (defined as a two-triangle). More formally, it is a measure of

the ratio of the number of two-triangles and the number of one-triads (3 connected nodes

on one layer with 2 edges) for a node. Refer to Eq. (22) in [156] for further information. For

multiplex PageRank, the Pagerank centrality of a node on one layer influences the centrality

on another. In brief, we choose to use the combined multiplex PageRank algorithm defined

in [124], where centrality in one layer adds bias to both strategies 1 and 2 in calculating the

PageRank centrality of a node in a separate layer.
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For each of our tasks, binding and shape (for our controls), we construct a dual-layer network

from the encmaint and probe phases. We maximize multiplex modularity using the previously

mentioned iterated method and, using this community assignment, we calculate multiplex nQ

at each node using Eq. (3.1). We then compare nQ to the other multiplex nodal measures of

community structure, discussed above, and plot the per node scatter plots.

Next, we explore these comparisons for the two other publicly available datasets – the NKI-

Rockland cohort and Zachary’s Karate Club. See A.4 for more detail. For the neuroimaging

data (NKI-RS), we construct multiplex, dual-layer, fMRI-DTI networks for each subject by

connecting nodes in the fMRI network to their spatial replicas in the DTI network. We maximize

Qmultiplex and calculate nQ in the same way as discussed in the prior paragraph for our

dataset, and compare nQ to the same graph measures.

For Zachary’s Karate Club, we maximize the single-layer version of Q using the iterated

version in [130]. We then calculate single-layer nQ (Eq. (3.3)) from the community assignment

corresponding to the maximized Q in the previous step. Lastly, we compare the single-layer

versions of degree, clustering coefficient, and PageRank to nQ.

Application of nQ to investigate local-scale changes in MCI

Here, we detail how comparisons are made between control and disease groups, single and

multiplex network constructions, and binding and shape tasks to validate the utility of nQ in

the characterisation of MCI.

For each of our subject groups (control, early MCI, MCI, and MCI converters), and for each of

our shape (shape only) and binding tasks (coloured shapes), we explore single-layer encmaint

and probe networks and their corresponding dual-layer network. Furthermore, we construct

single-layer DTI networks for each subject.

For all of the above networks, we calculate nQ with the appropriate single or multiplex methods

as described previously. We then compare the differences in nQ between control and disease

for each network and task using two statistical tests: permutation test and receiver operating

characteristic (ROC).

The permutation test is a method of hypothesis testing widely applicable to a variety of use

cases [185]. In brief, given two sets of labelled data (such as control and disease), the

permutation test computes the test statistic (in our case a two-sided test of the difference of

means between the two samples) across many permutations of the labels of the two groups.

For each permutation of the labels, we calculate the difference of means between the newly

permuted groups and the difference of means for our original group. In total, our p-value is

the proportion of sampled permutations where the absolute difference is different from the

absolute value of our original observed difference in means. In our study, we calculate p-
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values with 10000 permutations using code from [186]. The code also computes the effect

size using Hedges’ g, a bias-corrected version of Cohen’s d measuring the standardized

difference in means between two groups, which provides a less biased estimate of the effect

size, particularly for small sample sizes [187].

The receiver operating characteristic (ROC) is a diagnostic measure of accuracy [188]. ROC

plots are a measure of sensitivity vs. specificity, and typically, values of the area under the

curve (AUC) generated this way is a measure between 0.5 (no apparent distributional differ-

ence between the two groups of test values) and 1 (perfect separation of the test values of

the two groups).

We use the permutation test and ROC, for each of the models, to explore the effectiveness

of nQ at categorizing the stages of disease in single vs. multiplex constructions and binding

vs. shape tasks. We do this for each node in our network, comparing the values of nQ for

healthy controls to each of our groups (early MCI, MCI, and MCI converters). That is, for

each of the previously mentioned networks, we calculate permutation tests in the following

way. For each node (brain region), we take the nQ calculated for each subject in the control

group, compare the difference in means with the permutation test and the accuracy of the

ROC in classifying disease and control groups to obtain the p-value, effect size, and area

under the curve (AUC) of the ROC. Due to our small sample size, we take a conservative

approach, reporting the regions where p ≤ 0.05 and where p-values passed Benjamini-

Hochberg false discovery rate (FDR) correction as regions exhibiting significant difference in

nQ when comparing control and disease groups. FDR was conducted with the Multiple Testing

Toolbox in Matlab [189] and visualizations of ROIs which passed this test and their statistical

results are given as tables or visualized on a brain mesh using the BrainNet viewer [190].

FDR was used to control for the existence of potential false positives given our large number

of statistical comparisons (85 in single-layer and 170 in dual-layer) [191], and plots of this

correction for our results are given in A.5. This was applied to our p-values at a threshold of

α = 0.2, indicating that we accept up to 20% of our statistically significant results to be false

positives. We note that a requirement for FDR to properly control false positives is independent

or positively dependent comparisons. Given that nQ is a nodal measures of group structure

(within module comparisons are expected to be positively correlated) and Q increases across

the stages of AD, we expect this requirement to be met in the majority of cases. However,

due to the complexity of biological networks and AD’s effect on brain network reorganization,

we cannot rule out the possibility of some negative dependencies between p-values and

acknowledge this as a limitation of this study. Alternative methods to control false positives for

multiple comparisons under arbitrary dependency are either inappropriate for this study [192],
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or are known to be too conservative [193]. This is especially the case given that our small

sample size limits the size of our p-values, limiting the effectiveness of applying conservative

FDR approaches. However, [194] argues that discriminative power is more linked to effect size

and variability than group size, motivating us to report the ROC AUC for completeness.

We perform a similar, per node analysis of our DTI data. Specifically, we explore nQ calculated

on our single-layer FA-weighted DTI networks. We do the same group comparisons of control

vs. disease with permutation test and ROC as in the previous section, reporting regions where

p ≤ 0.05 and where p-values survived FDR correction at α = 0.2.

Lastly, we explore ROI changes in nQ for early MCI vs. MCI and MCI vs. MCI converters for

our fMRI multiplex and DTI single-layer networks. This is done in the same manner as above

by calculating the nQ for each of the ROIs in our networks, then comparing the differences in

this measure with our statistical tests.

3.3 Results

In this Section, and following the methodologies described previously, we verify the behaviour

of Q for our task-fMRI, perform nQ benchmarking, and apply this measure to our shape and

binding task-fMRI and DTI to explore changes in nQ along the AD continuum.

3.3.1 Modular behaviour of the VSTMBT

Initially, we verify that Q behaves as expected for our shape and binding tasks. We compare

Q in our shape and binding networks separately, and in random and SBM surrogate networks

in Fig. 3.3. Each of the shape and binding networks exhibited a better modular structure than

random and similar modularity to our SBM surrogate networks, as expected. This verifies that

both the shape and binding tasks of the VSTMBT exhibit a modular structure. Of note is the

slightly increased modularity in the SBM surrogate networks. This is likely due to the binary

weighting of the surrogate networks leading to a more defined group structure. Regardless,

the modularity of the fMRI and SBM surrogate networks, along with the significantly improved

performance over the random networks, suggests that the functional networks constructed

from the shape and binding tasks exhibited modular group structure as expected.
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Figure 3.3: Random and SBM null models for comparisons of modularity in shape and
binding tasks. Above are the violin plots of the modularity distribution for the shape and
binding tasks. This is also explored for our random and SBM surrogate networks. Violin plots
were generated with publicly available code [195].

3.3.2 Independence of nQ with other nodal graph measures

Next, we explore whether nQ captures distinct information compared to other nodal graph

measures for our dual-layer fMRI data, for each of our tasks, and in two additional datasets,

NKI-RS and Zachary’s Karate Club.

For our dual-layer fMRI networks and our cognitively normal subjects, we find that, for the

binding task, there are moderate negative correlations between nQ and degree and clustering

coefficient (−0.54 and −0.6, respectively), and a slight negative correlation (−0.23) with

PageRank as seen in Fig. 3.4. Interestingly, we observe clear boundaries in the degree and

multiplex clustering coefficient comparisons. In the case of degree, we see a sloped lower

bound, reflecting that modular importance is directly constrained by decreased connectiv-

ity leading to a lower number of within-module connections. For high-degree nodes, while

they initially permit higher values of nQ through increases in within-group connectivity, highly

connected nodes are more likely to span multiple modules, diluting their within-module con-

nectivity which results in a reduction in nQ and leads to the upper left to lower right boundary

observed. For the multiplex clustering coefficient, a higher value indicates stronger multiplex

triangles between the encmaint and probes phases of the task. Similarly to degree, this

initially permits higher nQ through an increase in within-module connectivity and limited by an

increased degree which can yield a larger number of multiplex triangles but with diluted within-

module connectivity. However, it is possible for a node to have both high nQ and multiplex

clustering coefficient when two high nQ node replicas (across the two layers) have strong
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within-module connectivity and similar connectivity patterns. As such, the result in Fig. 3.4

also reflects a differing modular organization driven by a difference in the functional demands

of the encmaint and probe phases of the task. In the multiplex PageRank comparison, we no

longer observe the sloped upper bounded behaviour of the previous two comparisons, but see

a similar sloped lower bound. This is consistent with PageRank, where a higher nQ means

increased within-module connectivity to nodes that are likely to be well-connected themselves,

and thus lead to an increased PageRank. This lower bounded slope may be influenced by the

additive and multiplicative nature of the multiplex PageRank algorithm, where the random

walker’s movements are biased in favour of nodes with high PageRank in the other layer.

Figure 3.4: nQ vs. other graph measures. Scatter plots of Degree, PageRank (PR), and
Clustering Coefficient (CC) vs. nQ. These measures were calculated in our dual-layer binding
task-fMRI networks for cognitively normal subjects. The Pearson correlation between these
comparisons is given by r.

In Zachary’s Karate club, we find that single-layer nQ is strongly correlated with Degree and

PageRank (r = 0.77 and r = 0.78 respectively), but not with Clustering Coefficient (r =−0.27)

as seen in Fig. 3.5a. Since community structure in this network largely centres on the leaders

of the two clubs, this could explain the similarity between the degree of a node and its nQ

(contribution to group structure), while PageRank behaving similar to degree in this case could

be a result of the network being fairly regular (each node in the network having a similar

degree).

In NKI-RS, for the rs-fMRI and DTI dual-layer networks, we find a fairly strong correlation

(r = 0.69) between nQ and degree, while close to no correlation (r = 0.07) in PageRank and

a moderate negative correlation (r = −0.53) in Clustering Coefficient as seen in Fig. 3.5b.

Here we see a similar triangular bounding as in the dual-layer fMRI networks. Specifically,

where increases in degree can yield higher within-module connectivity, leading to an increase
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Figure 3.5: Behaviour of nQ in ZKC and NKI. Scatter plots of Degree, PageRank (PR),
and Clustering Coefficient (CC) vs. nQ for Zachary’s Karate club (a) and NKI-RS (b). r is the
Pearson correlation coefficient.

in nQ, but only to a point where increases in degree would necessitate between-module

connections and thus a decrease in nQ. In the case of multiplex clustering coefficient, we

observe an L-shaped behaviour where high nQ nodes have low clustering coefficient and

vice versa, reflecting the differences in modularity between rs-fMRI and DTI in this dataset.

Specifically, the modularity of the DTI layer is much higher than the fMRI layer. Therefore, we

would expect that the nodes that interact most with the DTI layer rather than the fMRI layer

would result in the highest nQ. Since multiplex triangles require integration between both

layers, a high multiplex clustering requires strong integration with the fMRI layer which could

result in a decreased nQ. This is in contrast to a strongly connected node in the DTI layer with

a weak connection to the fMRI layer resulting in high nQ and low multiplex clustering. This

could explain the behaviour seen in CC vs. nQ in Fig. 3.5b. In the comparison to multiplex

PageRank, we observe a decreasing upper bound, with no appreciable lower bound. This

behaviour can be explained by the additive and multiplicative nature of the algorithm, as

mentioned previously. Here, nodes with high nQ are strongly connected within communities

which substantially differ across the two layers. This results in a reduced PageRank given that

the biased jumps, influenced by the modular structure of the network, are poor locations for

calculating PageRank on the other layer’s substantially different topology. As nQ increases,

this effect strengthens, leading to the observed upper bound on PageRank.
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In sum, all three datasets (with single and dual-layer constructions), exhibited different rela-

tionships between nQ and the various graph measures. While not an exhaustive list, these

tests, along with the formulation of nQ such that ∑i nQi = Q, add reassurance to the inde-

pendent and novel behaviour of nQ as a measure for exploring granular group structure in

networks. Additionally, studies which calculate nQ either in binary single-layer networks or

multiplex networks where layers contain a high difference in structure and/or network density

should consider the potential overlap between the measures of node influence explored here.

In these instances, computationally more efficient measures may be beneficial to prioritize

while remaining similarly informative.

3.3.3 Application of nQ to explore local-scale changes in MCI

Here, we explore the changes in nQ across the stages of AD using the previously described

permutation test and the area under the curve of the ROC, reporting regions that pass the

thresholds of p ≤ 0.05 and where p is FDR controlled at α = 0.2.

fMRI

First we explore comparisons between controls and eMCI, MCI and MCI converters. We

find that in single and multiplex constructions, for only the binding task and not shape, that

the number of regions that exhibit statistically significant changes in nQ occur only for our

comparisons between control vs. MCI converters (25 ROIs across encmaint and probe task

phases exhibited abnormal nQ for multiplex, 20 ROIs for single-layer). See Fig. 3.6c for a

visualization of these ROIs for the multiplex model and see A.6 for a comparison between

single and multiplex models. For our multiplex binding model, we find moderately low p-values

(range: [0.001 - 0.029]) and high effect sizes (range: [1.149 - 2.363]) and ROC AUC (range:

[0.792 - 0.979]), see Table 3.2 for these results and A.7 for a visualization of select ROC

plots. Note that since we are applying FDR at α = 0.2 that up to 20% of our ROIs may

be false positives (equating to 5 ROIs in the multiplex model and 4 ROIs in the single-layer

case). Furthermore, given that no ROIs survived FDR correction for the shape task (for both

single and multiplex models) and multiplex modelling resulted in improved performance, we

focus on reporting fMRI results for the binding task as a multiplex network. Additionally, in our

comparisons of eMCI vs. MCI and MCI vs. MCI converters for fMRI shape and binding, no

p-values survived FDR correction.
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Figure 3.6: Changes in nQ for multiplex fMRI binding. Using BrainNet Viewer, we visualize
encmaint and probe (left and right brain respectively) layers of our network. Here, nodes in
blue represent loss of nQ while those in red represent gains in nQ. The size of the nodes
represent the magnitude of this change, while labeled nodes are those that passed p ≤ 0.05
and FDR controlled at α = 0.2. Labels follow the form task phase (e or p), followed by brain
hemisphere (l or r), then a shortened version of the ROI (i.e. LIN refers to the lingual). Refer to
Table 3.2 for a more detailed breakdown of the ROIs present in this figure. Furthermore, only
1.5% of edges are visualized for clarity. Note the magnitude of the gains in nQ for the later
stage disease comparisons.
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Table 3.2: fMRI multiplex binding for controls vs. MCI converters. This table displays the
ROIs which passed p ≤ 0.05 and where p-values are controlled by FDR at α = 0.2. These
ROIs reside in either the encmaint (EM) or probe (P) layers of our multiplex network and in
left (L) or right (R) hemispheres of the brain. Standard p-value and effect size is displayed
following permutation test and the area under the curve (AUC) of the Receiver Operating
Characteristic (ROC).

ROIs p effect size ROC AUC
EM R-caudalanteriorcingulate 0.002 2.362 0.938
EM L-caudalanteriorcingulate 0.006 1.924 0.875
EM L-lingual 0.007 1.883 0.896
EM R-lingual 0.010 1.774 0.896
EM L-middletemporal 0.008 1.708 0.896
EM L-pericalcarine 0.012 1.659 0.854
EM R-parsopercularis 0.007 1.634 0.813
EM R-lateralorbitofrontal 0.006 1.624 0.875
EM L-parsorbitalis 0.010 1.614 0.875
EM L-cuneus 0.014 1.556 0.896
EM L-parsopercularis 0.016 1.483 0.833
EM L-fusiform 0.020 1.453 0.792
EM R-fusiform 0.029 1.394 0.813
EM L-lateralorbitofrontal 0.026 1.149 0.792
P R-caudalanteriorcingulate 0.001 2.363 0.979
P L-caudalanteriorcingulate 0.003 2.039 0.917
P L-bankssts 0.001 1.722 0.958
P L-lateralorbitofrontal 0.003 1.702 0.917
P R-lateralorbitofrontal 0.006 1.663 0.896
P L-parsorbitalis 0.002 1.64 0.938
P L-pericalcarine 0.012 1.626 0.833
P R-lingual 0.015 1.531 0.854
P L-fusiform 0.014 1.453 0.854
P L-medialorbitofrontal 0.026 1.444 0.813
P R-bankssts 0.027 1.382 0.833

DTI

Next we look at changes in white matter microstructure in our DTI networks for comparisons

between controls and our disease groups. We find, like in our fMRI networks, that the largest

number of ROIs that exhibit statistically significant changes in nQ occurs in our comparison of

controls and MCI converters as expected (4 ROIs for controls vs. MCI converters and 2 ROIs

for controls vs. MCI), shown visually in Fig. 3.7. These ROIs also exhibited moderately low

p-values (range: [0.001 - 0.007]) and high effect sizes (range: [1.504 - 2.390]) and ROC AUC

(range: [0.863 - 0.958]), as seen in Table 3.3.
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Figure 3.7: Changes in nQ for single-layer DTI. As before, blue indicates a loss of nQ while
red represents a gain. Here we also see an increase (node size) in nQ for later stage disease
comparisons. Furthermore, 1.5% of the network edges are displayed for clarity. Additionally,
to reiterate, the DTI networks are constructed based on white matter microstructure. As such,
we have a static (no temporal element like in the fMRI networks) single-layer network in this
case where the single layer of the network is represented visually by one brain.

Table 3.3: DTI for control vs. disease. This table displays the ROIs which passed the
thresholds of p ≤ 0.05 and where the p-values were FDR controlled at α = 0.2. L and R
indicate the left or right hemispheres of the brain respectively. Standard p-value and effect size
is displayed following permutation test and the area under the curve (AUC) of the Receiver
Operating Characteristic (ROC).

Controls vs. ROIs p effect size ROC AUC
MCI R-postcentral 0.004 1.637 0.863

R-isthmuscingulate 0.003 1.539 0.888

MCI converters R-cuneus 0.001 2.390 0.958
R-precentral 0.001 2.046 0.958
R-superiorparietal 0.002 1.730 0.938
R-postcentral 0.007 1.504 0.875

Unlike our comparisons between early MCI vs. MCI for our fMRI models, we find that two

ROIs pass our statistical thresholds for our DTI networks. Specifically, the right postcentral

and precentral which were also observed in our prior comparisons of control vs. disease, see

Fig. 3.8a. As before, these ROIs exhibited moderately low p-values and high effect sizes and

ROC AUC, see A.8.



3.3. Results 50

Figure 3.8: Comparisons of nQ for early MCI vs. MCI and MCI vs. MCI converters for
single-layer DTI. Figure generation and details follow from Fig. 3.7. a) Here note the large
(node size) increase (red nodes) in nQ in the parietal lobe.

3.4 Discussion

The following sections explore how nQ reflects aspects of neuropsychology, multiplexity, and

neuroanatomy in AD.

3.4.1 Binding and Shape tasks

Parra et al. [29] found that when the demands of the tasks are adjusted to the capacity of the

patients, the binding condition was highly sensitive to the disease, while the performance on

the shape-only task did not change significantly between controls and familial AD. Our results

strongly confirm this behaviour. We were unable to detect any statistically significant results for

our shape task across all control and disease comparisons, while observing a high number of

ROIs exhibiting abnormal nQ in the binding task for both the single-layer and multiplex models

when comparing controls vs. MCI converters. These results indicate that nQ may be detecting

binding task-specific changes in our brain networks at a crucial turning point of AD.

3.4.2 Single-layer vs. multiplex networks

We explored whether modelling the two task phases (encmaint and probe) as a multiplex

temporal network yields a greater sensitivity to AD. We found that multiplex modelling resulted

in a higher number of ROIs which pass our statistical thresholds (25 vs. 20 for single-layer),

and showed generally improved p-values, effect sizes, and ROC AUC. This is in agreement

with other multiplex temporal network studies which show that multiplex constructions yield

insights beyond the analysis of each layer individually [17, 28, 25]. We expect that network
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models of AD using nQ that were constructed with additional layers would see even more

drastic differences when comparing single-layer and multiplex network constructions. How-

ever, the benefits of this approach and its connection to diseases such as AD require further

study.

3.4.3 Neuroanatomical exploration of fMRI

Before exploring the neuroanatomical implications of our results, we first explore the interpret-

ation of nQ in this setting. When considering nQ in the context of graph theory, an increase

in nQ can indicate an increased involvement or specialization of a node within its own group

and/or a reduction in between group connectivity. For the brain, this can be interpreted as a

combination of reduced communication between brain subnetworks, and/or increased activity

within key brain regions. Similarly, an increase in nQ in our DTI networks would reflect struc-

tural reorganization. Either an increase in white-matter microstructure between a specific ROI

and those within its structural group, or a reduction in between group connectivity. When

comparing healthy and impaired brain networks, these changes in nQ convey nodal aspects

of functional and structural reorganization due to damage or disease. Such compensatory

functional reorganization has been reported in the early stages of AD for both MRI [196]

and EEG [69]. Additionally, many key sub-networks, like the default mode network, have

shown to be key in understanding the brain at rest [110]. nQ could prove to be invaluable

in understanding the role of individual ROIs both within and between their sub-networks.

Previously, we hypothesized that since Q has been shown to increase over the stages of AD

in fMRI [20], that a more granular analysis of AD with nQ would uncover key insights into the

individual stages of AD. Additionally, the binding task targets visual memory binding and the

temporary retention of complex objects (coloured shapes in this case) and we hypothesized

that key ROIs integral to these processes would be impacted, given that the VSTMBT is a

cognitive biomarker of AD. Our results reflect this (see Fig. 3.6 and Table 3.2).

We observe extensive changes when comparing controls to MCI converters and explore the

fine grain changes in nQ. Specifically, we find dysfunction centred in the limbic, paralimbic,

and visual systems - lingual, caudal anterior cingulate, lateral orbitofrontal, fusiform, cuneus,

pericalcarine, and medial orbitofrontal. These functional changes in nQ in the visual, limbic,

and paralimbic systems comprise 18/25 (72%) of the ROIs identified. This suggests a potential

increased activity in visual, limbic, and paralimbic systems and/or reduced communication

between these subnetworks and others within the brain. These increases in nQ may be

driven by impairments in brain wide communication between or within functional groups as

compensation for performance deficits due to AD. Notably, these increases in the visual-

memory system could reflect the diversion of functional resources away from hippocampal

or entorhinal structures, regions critical to memory formation and impaired in AD [197, 198],

as neighbouring ROIs within the system compensate for the resulting deficits in perform-
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ance. Furthermore, the increases in nQ in the visual, limbic, and paralimbic systems are

also common locations for the accumulation of tau and neurofibrillary tangles associated

with Braak stages III-IV. Braak stages describe the sequential progression of Alzheimer’s

disease based on the regional spread of tau pathology in the brain, and it is at stages III-IV

where MCI typically becomes observable [199]. Additionally, recent research in the VSTMBT

suggests that the lingual, fusiform, middle temporal, and pericalcarine are areas of increased

amyloid-β deposition in cognitively unimpaired adults with poor memory binding [71], creating

a compelling connection between the VSTMBT and a common biomarker of AD. This is

especially interesting given that these regions were all seen in the encmaint phase (where

binding occurs), but not all in probe (missing the middle temporal, and cuneus) as expected.

This connection between amyloid-β deposition and poor memory binding performance may

explain some of the increased compensatory functional reorganization (reflected by increases

in nQ) in these regions.

It should be noted that, while Braak staging is well described at a population level [200, 201],

recent research suggests that there is variation at the individual level and that this traject-

ory appears to vary along at least four archetypes of tau spread in the brain [200]. We

acknowledge this as a limitation and encourage the use of nQ in exploring AD sub-typing

and connection to tau deposition in larger, multi-modal, datasets. Despite this, the connection

between observed ROIs with classical tau deposition and amyloid-β remains encouraging.

Additionally, it is important to highlight the stark difference when comparing the results from

our comparisons of controls vs. MCI and controls vs. MCI converters (0 vs. 25 ROIs). The

differentiation between subjects with MCI and those who will convert to AD (in this case after

2 years) is important both for understanding the disease and in its early detection before

damage has been done. While limited by sample size, this stark contrast in our comparisons

between controls vs. MCI and MCI converters warrant further exploration of nQ in larger

datasets.

3.4.4 Neuroanatomic exploration of DTI

Similar to our fMRI results, we find that the number of ROIs that exhibited changes in nQ

increased with disease severity (2 in control vs. MCI and 4 in control vs. MCI converters), in-

cluding increases in effect sizes and decreases in p-values. DTI results were fairly distinct from

fMRI aside from the cuneus which was identified when comparing controls vs. MCI converters

in both modalities (however note the difference in laterality - left cuneus in fMRI and right

cuneus in DTI). Interestingly, it is specifically the right cuneus that has been observed to have

increased amyloid-β deposition among adults with poor memory binding, complimenting our

fMRI results [71]. Additionally, [202] found that Braak staging was associated with reduced FA

in many of the regions, and specifically in limbic pathways connecting the medial temporal lobe

to subcortical grey matter and medial parietal lobes. Reduction in FA in pathways connecting
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the medial temporal lobe to the parietal lobe could directly result in increased nQ in these

regions, which we observed in the parietal lobe (post central and superior parietal). Such

changes have been found in the brains of patients with MCI who are at the highest risk to

progress to dementia. For example, Parra et al. [149], observed that white matter integrity

of the frontal lobe in carriers of the mutation E280A of the PSEN-1 gene [203] correlated

with performance when they were assessed with either an associative memory task (i.e., a

form of relational binding in long-term memory, see [29] for details) or the VSTMBT. While

we observed an increase in nQ in one frontal region (precentral gyrus), perhaps the most

interesting finding is the laterality across our comparisons (all identified ROIs were in the right

hemisphere). Parra et al. [149] observed that the genu of the corpus callosum accounted for

VSTMB impairments and the hippocampal part of the cingulum bundle accounted for long-

term memory binding deficits. The corpus callosum is often cited as an interface for cross-

hemispheric communication in the brain, and damage to this structure could result in right

dominant structural reorganization and reflected in our nQ results.

3.4.5 Conclusions

In neuroimaging, modularity has been largely limited by its use as a global metric. This is

despite its utility in describing biological networks such as the brain, for which modularity is

a core characteristic. Changes in modularity can be observed as the brain responds to task

stimuli by dynamically reorganizing itself over time and when compensating for diseases such

as AD [15, 20]. However, this reorganization is not yet fully understood.

To tackle this, we introduced nQ as a method to measure the specific contribution of an ROI

to modularity. We explored this measure in the VSTMBT, which is known to require functional

activity in specialized and distinct brain regions, along with communication between these

regions, to drive cognitive functions such as encoding and retrieval in short-term memory

binding [77]. We found that nQ captured the fine grain changes in visual, limbic, and paralimbic

functional networks, and were in agreement with tau and amyloid-β deposition for poor memory

binders. This trajectory was further supported in our DTI networks where results complimen-

ted previously understood changes in white matter integrity in poor memory binders in frontal

and parietal lobes. Furthermore, nQ was able to distinctly differentiate two key stages of AD

(MCI from MCI converters), encouraging further study of nQ as a potential diagnostic measure

of AD. While limited by a small sample size, the results were consistent across hypotheses

relating to single and multiplex constructions, DTI and fMRI, AD biomarker locations, and

shape and binding tasks.

As changes in modularity are also observed in EEG and MEG [24, 22], future analyses of

these granular changes using nQ could not only lead to a greater understanding of how

functional reorganization occurs in AD, but have the potential in characterizing disease stages

in a more widely available imaging modality (EEG). Additionally, given the wide spread use
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of classical modularity in the research of real world networks, we expect nQ to improve these

analyses by providing insight into local-scale group structure. For instance, in the explora-

tion of granular group structure in protein-protein interaction, ecosystems, and many other

biological networks [204], in understanding how individuals in static and dynamic interaction

networks influence disease spread [205], or in improving the resilience of power grids by

identifying vulnerable nodes to mitigate the impact of cascade failures [206].

In sum, the results of this research motivate further study of nQ in AD, network-based analyses

of the VSTMBT, and the application of nQ to other diseases and networks beyond those

biological to understand changes in modularity at local and mesoscales.



Chapter 4

Exploration of nQ and its variability in

multiplex networks of EEG for a

short-term memory binding task in

MCI

4.1 Introduction

Previously, we introduced nodal modularity (nQ) as a method of quantifying granular contri-

butions to community structure in networks. This was motivated by the understanding that

biological networks, most notably the brain, display altered topological structure when injured.

It was shown that modularity, when applied at a global brain level, is sensitive to the stages

of Alzheimer’s disease (AD) [20] and we hypothesized that an extension of modularity to

individual nodes would provide novel insights into the progression of the disease. We found

that nQ was sensitive to a key turning point of the disease (in differentiating mild cognit-

ive impairment, MCI, from MCI converters). However, in this study we explored single and

dual-layer networks only, due to the temporal resolution restrictions in functional magnetic

resonance imaging (fMRI) and diffusion tensor imaging (DTI).

In network neuroscience, multiplex networks can range in size based on the number of nodes

(typically determined by the choice of brain atlas) or number of layers (limited by the temporal

or frequency resolution of the data). Atlases that parcellate on the scale of brain regions are

popular choices for ROI-based analyses of the human brain [207]. Commonly used atlases

include the 68 ROI Desikan-Killiany atlas [172], the 112 ROI Harvard-Oxford atlas (part of

the FSL toolbox) [208, 209], and the 90 or 116 ROI versions of the Automated Anatom-

ical Labelling atlas (AAL) [210]. While higher-resolution parcellations for the human brain

exist [211, 207, 212], network-based studies of them remain rare with a systematic review

finding that 25% of the studies used an atlas with 90 nodes (most commonly the AAL) with

other parcellation sizes having less than 5% frequency [212]. For the number of network

layers, studies which construct multiplex networks from neuroimaging data typically range

55
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from multi-modal studies of two layers (i.e., exploring structure-function relationships) [159], 2-

7 layers based on frequency band subdivisions (i.e., delta, theta, alpha1, alpha2, beta1, beta2,

and gamma) [171, 162, 163, 213], or 2+ layers for temporal multiplex networks (where the

upper limit is often determined by the temporal resolution) [17, 214, 215, 216]. For instance,

Bassett et al. [17] explored the temporal dynamics of brain activity in fMRI during a learning

task using multiplex networks with 112 ROIs and 25 layers. It should be noted that there are

often limitations in temporal resolution in network neuroscience due to the modality (i.e., fMRI

acquisition time) [75], disease of study (long scan times may present ethical concerns due

to patient comfort) [217], and/or task of interest (task duration limits the number of temporal

subdivisions). This leads to a reduced number of potential network layers in multiplex network

studies with neuroimaging data.

One difficulty in exploring nodal values such as nQ in networks with a large number of nodes

and layers is the number of values with which comparisons can be made. The complexity

of these nodal relationships, along with the statistical risk of inflated false positives in the

face of multiple comparisons, can lead to difficulties in deriving meaningful observations

from the data. Typical approaches focus on the aggregation of network measures or edge

weights across layers, but this can discard meaningful relationships between the constituents

of the network [156]. However, careful methods of aggregation that capture variability of these

relationships across layers, such as node flexibility which measures the rate at which a node

changes group assignment across layers, can provide meaningful insights into the dynamics

of brain topology [17]. In this chapter, we propose a novel metric, collapsibility, which quantifies

the variability of nQ across the layers of a network and simplifies the study of nQ in large

networks.

Thus far, nQ has only been explored in VSTMBT-fMRI and DTI data as in Chapter 3. However,

MRI based datasets are both costly and have low temporal resolution. EEG is more affordable,

widely available and has higher temporal resolution [50], allowing for the capture of faster

dynamical changes in brain activity and facilitating the construction of multiplex networks with

a greater number of layers.

In this chapter, we explored nQ and collapsibility in multiplex networks of the visual short term

memory binding task (VSTMBT) in EEG data. This was done to determine whether changes

in nQ in MCI were still expressed in EEG, thus facilitating larger studies of nQ in AD. We

determine whether nQ remains robust and distinct (in comparison to other common measures

of node influence) in multiplex networks with a greater number of nodes and layers. For

these larger networks, we provide methodological considerations and definitions to improve

interpretability. Furthermore, we explore nQ in VSTMBT-EEG data of MCI patients. Lastly,

code used to compute collapsibility has been made publicly available at https://github.

com/AvalonC-C/Collapsibility.
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The contributions of this chapter are:

• Validation of nQ in a range of synthetic networks covering typical network constructions

in neuroimaging and confirming that nQ maintains novel behaviour.

• Aggregation methods for nQ to simplify granular analyses of community structure in

large multiplex networks.

• Application of these methods in VSTMBT-EEG data, revealing that nQ and a novel

aggregate measure, collapsibility, are abnormal in MCI and reflect changes in grey

matter and frequency markers of MCI and AD observed in other studies.

4.2 Materials and Methods

4.2.1 Exploration of nodal graph measures in larger surrogate networks

In this section, we describe the methodology used to explore the stability of nQ in large net-

works and introduce novel definitions of collapsibility as a method of quantifying nQ variability

in multiplex networks.

Surrogate network construction

Surrogate networks to explore large multiplex networks typical of neuroimaging studies were

achieved with a Stochastic Block Transition Model (SBTM) using freely available code [218,

184]. The SBTM is a method of constructing dynamic networks (i.e., for multiplex network

construction) that is inspired by classical stochastic block models (SBM). In short, the SBTM

is a method of exploring how group structure in networks evolves over time by modelling

dynamical changes in edges and node group assignment over time. While other methods

of constructing dynamic SBMs exists, such as the dynamic extension of the infinite relation

model [219], they typically rely on hidden Markov-type approaches where it is assumed that

network edges at different time points are independent. However, in many real-world examples

such as social networks, edge probabilities at later time points are influenced by those at prior

time points [218]. This can also be the case for brain networks constructed from EEG or fMRI

data given that both modalities experience temporal autocorrelation [220, 221], and that some

studies elect to use sliding windows in the construction of their multiplex networks [222].

To generate our SBTM surrogate networks, we construct networks across a wide range of

network parameters:

1. Nodes: number of network nodes.

2. Layers: number of network layers.

3. Communities: number of communities.

4. pin: percentage of edges existing between nodes within the same community in the first

layer of the network.
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5. pout : percentage of edges existing between nodes of different communities in the first

layer of the network.

6. probNew: probability of new edges forming within communities in the next layer.

7. probExist: probability of edges being retained within communities in the next layer.

8. ClassChangeRate: probability of a node switching group assignment across layers.

See Table 4.1 for details of the values explored for each parameter.

Table 4.1: Parameter Ranges for Surrogate Network Construction. All combinations of the
following parameters were used to construct surrogate networks using the SBTM. Note that
pin and pout are explored in tandem given that they together describe the proportion of edges
that exist within communities vs. between communities.

Parameters Range of Values
Nodes 60, 80, 100, 120, 140
Layers 2, 4, 8, 12, 20, 30
Communities 2, 4, 6, 8, 10
[pin, pout ] [0.9, 0.1], [0.1, 0.9], [0.75, 0.25], [0.25, 0.75]
probNew 0.1, 0.3, 0.7, 0.9
probExist 0.1, 0.3, 0.7, 0.9
ClassChangeRate 0.1, 0.3, 0.7, 0.9

Using these parameters, we generate SBTMs with the generateSbtm function in [184] where

the inputs are the following:

1. Class: initial class assignment for layer 1 follows a standard block construction of equal

group size, and the following layers have each node maintain that community assign-

ment or change to a random community with probability ClassChangeRate (iteratively

for the number of layers).

2. probInit: this matrix of edge probabilities (communities X communities) was determined

by pin and pout where pin exists along the main diagonal (representing the probability

of edges being within a community).

3. probNew and probExist: these follow from the prior list of parameters and we maintain

these probabilities uniformly for each generated layer. However, note that we explore

some specific network constructions which change probExist for different layer trans-

itions to explore a simulated example of task-based network dynamics in Section 4.2.1.

4. Directed: this input is set to the default value of "false" to explore undirected SBTM

networks.

We construct SBTM networks with the above inputs across all combinations of the paramet-

ers, and repeat this twice to reduce variability, yielding 153600 surrogate networks. These

networks are used in the following sections to explore the behaviour of various nodal graph

measures.
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It should be noted that the inter-layer edges are uniformly set to 1 in the SBTM networks.

Given that these networks are binary (edge weights are all 0 or 1), this means that the between

and within layer edges carry the same influence on the calculation of our network measures.

However, inter-layer edges have substantially less influence because they are far fewer in

number than the intra-layer edges. While the number of inter-layer edges is fixed at N(L−1)

where N is the number of nodes and L are the number of layers, intra-layer edges depend

on the initialized parameters of the network and fluctuate from layer to layer based on the

combination of probNew, probExist and ClassChangeRate. For the initial layer, the expected

number of intra-layer edges is

E[edges] = c
N
c (

N
c −1)
2

pin +

(
N
c

)2 c(c−1)
2

pout =
N(N

c −1)
2

pin +
N2 − N2

c
2

pout

where c is the number of communities, and the coefficients of pin and pout represent the

maximum possible within-community and between-community edges, respectively. Although

substantial restructuring can occur in subsequent layers of the network that may reduce the

number of intra-layer edges in individual layers, the expected number of intra-layer edges

remains dominant, scaling as O(LN2) compared to the O(LN) scaling of the inter-layer edges.

Network measures and methods of granular aggregation

In this section we explore several established network measures and provide novel definitions

to assist in exploring aggregated values of nQ in large networks.

Specifically, we explore several known multiplex versions of node influence – degree, clus-

tering coefficient, and PageRank. See Sections 2.3.13 - 2.3.16 for details. In addition, we

use nQ (introduced in Section 3.2.6) and information on methods for maximizing modularity

(Section 3.2.7). These measures are explored consistently and in a similar manner to methods

used in Chapter 2.

Additionally, we introduce several novel definitions of collapsibility as an aggregation method

to explore the variability of nQ in multiplex networks.

Definition 4.2.1 (Collapsibility). For a multiplex network Gs = (Vs,Es) with layers

s,r ∈ {1, ...,M}, we say that nQ is collapsible for the node replicas {(i,s),(i,r)}, with s < r

and i ∈V , if

|nQsi −nQri |< εnQi, s ̸= r,

where ε is defined as the collapsibility threshold and

nQi =
1
M

M

∑
s=1

nQsi .
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We also define the collapsibility index, ci, as the fraction of layer pairs that are collapsible for

node i:

ci =
1(M
2

) ∑
s<r

δi, δi =


1, if |nQsi −nQri |< εnQi,

0, otherwise.

Furthermore, the collapsibility of the entire network is defined as the mean across all nodes

C = 1
N ∑

N
i=1 ci. An example of collapsibility is given in Fig. 4.2.

Definition 4.2.2 (Totally collapsible). When all layer pairs are collapsible for a node i, we say

that nQ is totally collapsible across all node replicas i. That is, δi = 1, ∀s,r ∈ {1, ...,M}, with

s < r and i ∈V .

Definition 4.2.3 (Totally non-collapsible). Where |nQsi − nQr j | > ε ¯nQi for all pairs of layers

s and r, we say that nQ at all node replicas i are totally non-collapsible. That is, δi = 0,

∀s,r ∈ {1, ...,M}, with s < r and i ∈V .

The above definitions of collapsibility were inspired by the measure of flexibility in multiplex

networks introduced by Bassett et al. [17].

Definition 4.2.4. The flexibility of a node fi equates to the number of times that node changes

group assignment across the layers of a multiplex network, normalized by the total number

of consecutive layer pairs [17]. The flexibility of the overall network is defined as the mean

flexibility over all nodes F = 1
N ∑

N
i=1 fi [17].

In this study, we explored flexibility in conjunction with collapsibility given that they are both

derived from nodal group assignments obtained from the maximization of modularity. Where

collapsibility is calculated based on the variability of nodal contributions to modular group

structure, flexibility is calculated from the variability of modular group assignment. In this

study we will explore the interactions between these two measures to test the extent in which

collapsibility is similar to flexibility.

Verification of nQ and collapsibility

Previously, in Chapter 3, we compared nQ to other common measures of node influence

in several datasets. While we found the behaviour of nQ to be unique for two dual-layer

neuroimaging datasets and a single-layer social network, we also explore the behaviour of

nQ in larger surrogate networks to determine, as network nodes and layers increase, whether

nQ’s behaviour remains unique.
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For this purpose, we calculate multiplex clustering coefficient, degree, and PageRank in all

153600 surrogate networks as standard. We also calculate nQ as in Chapter 3 but now with 10

iterations for stability when performing modularity maximization. The reason for the reduction

in iterations was due to limitations in computing speed when calculating modularity in a large

number of surrogate networks with a high number of nodes and layers. However, given that

these networks are binary, the variability in Q over each run was reduced and thus had a tight

distribution.

For each network, we calculate Pearson correlation between nQ and clustering coefficient,

PageRank, and degree, reporting the mean correlation as the number of nodes and layers in

the surrogate networks increase. Additionally, we explore the cases where r > |0.6| to determ-

ine what network parameters drive correlations between nQ and the other network measures.

This threshold represents the lower range of "moderate" correlation and was chosen to assess

trends in the parameters of the SBTM [223]. Additionally, we explore collapsibility for our

networks for different collapsibility thresholds (ε) and compare them to standard flexibility as

the size of the network increases. We then report on recommendations for picking ε .

Lastly, using insights from correlations between the graph measures above, we explore a

variation of our surrogate networks that mimics task dynamics in functional brain networks.

The purpose of this experiment was to question whether some of the high positive and

negative correlations between nQ and the other graph measures were driven more by SBM

block construction or by network parameters. This is achieved by changing the probExist

and classChangeRate parameters every 3 layers to simulate periods of stability followed by a

restructuring to mimic the interplay of stimuli and rest in task-based studies of fMRI and EEG.

4.2.2 Application to EEG

In this section we explore the application of nQ and collapsibility to VSTMBT-EEG multiplex

networks.

Participants

The participants were those explored in this study [70] consisting of 215 subjects recruited

from Southern Colombia and following “An Inclusive Approach to Recruitment in Underrep-

resented Populations” [70]. Participants had to pass strict inclusion criteria relating to physical

and psychological health, alcohol/drug history, and had to have an MMSE ≥ 24. Subjects

underwent screening with a battery of neuropsychological tests (see [70]) and EEG acquisition

at the Universidad Surcolombiana and Universidad de la Amazonía in Southern Colombia.

After accounting for any technical failures in EEG acquisition, 107 were Healthy Controls (HC)

and 108 met the criteria for Mild Cognitive Impairment (MCI). See Table 4.2 for further detail.
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Table 4.2: Demographic variables of healthy controls and MCI subjects. Note that this
table was recreated from the table by Gonzalez-Montealegre et al. [70] which contains further
information on the neuropsychological data. Furthermore, note the correlation in age and
years of education between the healthy controls and MCI.

All (N = 215) HC (N = 107) MCI (N = 108) p valuea

Age, years 60.9 (6.6) 59.5 (6.4) 62.2 (6.5) 0.002
Years of education 10.5 (6) 13 (5.6) 8 (5.4) 0.001
Gender (female) 79% 82.4% 75.7% 0.227b

Note: HC = healthy controls, MCI = mild cognitive impairment, N = number of subjects
a = Student’s t-test
b = Chi-squared test

During the EEG session, participants completed the same VSTMBT as in Chapter 3, where

shapes or coloured shapes are presented (encoding - 2000ms), must be remembered (main-

tenance - 1000ms), and the same or a new set of shapes/coloured shapes are presented

(probe - 4000ms or until an answer) where the participant must determine whether the new

set is the same or different, followed by an inter-trial interval of 1000ms. The analysis only

considered trials with correct responses. Again, we refer to the shape only task as shape

and the coloured shape task as binding. Of note, the experimental design consisted of a

brief practice session for each condition followed by 100 test trials per condition (shape and

binding).

EEG pre-processing

EEG data was recorded using 64 channels with ActiveTwo equipment (Biosemi, Amsterdam,

The Netherlands), with two external electrodes for EOG (VEOL and HEOR). Signals were

recorded at a sampling rate of 1024Hz, and EEG data was pre-processed using FASTER

(version 1.2.4 [224]) and EEGLAB (version 2022.1). Signal pre-processing steps were as

followed: the signal was filtered to 1-30Hz and down-sampled to 250Hz, ICA for oculormotor

artifact removal (including visual inspection), epoched to -250 to 1300ms locked to stimulus

onset (encoding and probe) with remaining artefactual epochs manually removed, and yield-

ing waveforms for each individual and for each trial of the shape and binding tasks. For more

detailed information see [70].

To improve spatial resolution, EEG source localization methods attempt to pinpoint the internal

sources of these electrophysiological signals [94]. This is done through two stages, the forward

problem and the inverse problem. To solve the forward problem, an approximation of the

head (including aspects such as conductance) is modelled through various methods such as

the finite or boundary element methods (FEM and BEM). To solve the inverse problem is to

estimate the location of a greater number of sources than given electrodes causing it to be

an ill-posed problem [225]. Several methods exist to solve these such as the minimum norm
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method (MN) [226] and low resolution brain electromagnetic tomography (LORETA) [227], but

note that while some newer methods (i.e., exact LORETA – eLORETA) have been developed

for better localization of deep sources [225], spatial resolution and signal strength is still

limited.

In this study, source space estimation was completed with EEGLAB (v2024.2.1) with the

FieldTrip (Fieldtrip-lite v20240111) and dipfit (v5.5) plugins. For each of the subjects, tasks

(shape and binding), and each of the two task phases (encoding and probe) the following is

done: EEG electrodes are aligned to the standard 10-05 electrode positions using EEGLAB.

We construct the source model using a grid with 4mm3 resolution and define the non-zero

entries based on the Automated Anatomical Labelling atlas (AAL, and included in FieldTrip)

warped to dipfit’s standard MRI (Colin27 MRI). We then use this source model with the

standard BEM head-model (included in dipfit) to calculate the lead field. The covariance

matrix is calculated from the pre-stimulus data and used in the following step to compare

post-stimulus source activity to baseline. Source space estimation is then achieved using the

lead field and head models described previously, with exact low resolution brain electromag-

netic tomography (eLORETA) for improved sub-cortical source estimation [225], as many of

these regions are heavily impacted in AD (i.e., the hippocampus). Each trial’s 3D virtual time

series is reconstructed using the spatial filter calculated from the source space reconstruction

multiplied by the raw time series. From the source estimation, power time series is calculated

from the 3D moments as standard (the sum of the squared current moments). The AAL atlas

is then interpolated (using the nearest-neighbour method) to match the dimensions of our

source estimation and the time-series are averaged across atlas ROIs.

Network construction

To calculate functional connectivity, we use the source estimated activity from the pervious

step to perform time-frequency analysis using the standard ft_freqanalysis function with the

(multi-)tapered fast Fourier transform (mtmfft) method, with a single-taper (Hanning window)

for each of the two task phases (encoding and probe) and the following frequency bands with

2Hz resolution – delta (2-4Hz), theta (4-8Hz), alpha (8-12Hz), and beta (12-30Hz). We then

obtain the cross-spectral density and use this to calculate the de-biased weighted phase lag

index (referred to as wPLI from here on) [107]. We used wPLI for its robustness to volume

conduction, and the de-biased version to avoid potential positive or negative bias in the

imaginary component of coherence [107]. In total, for each of our subjects and each task

(shape and bind) we have 8 adjacency matrices representing wPLI connectivity between each

of our 85 ROIs for encoding, probe, and the 4 frequency bands.
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For each task (shape and binding) and task phase (encoding and probe), we construct mul-

tiplex frequency networks by connecting each ROI to their spatial replicas in consecutive

frequency bands (as in Fig. 4.1). These edges are set to 1 as is standard in prior studies on

multiplex brain networks [17, 159, 25].

Figure 4.1: Multiplex frequency networks. Each layer of the network is composed of nodes
(ROIs) and weighted edges determined by the wPLI between each pair of ROIs for a specific
frequency band. These networks are connected to each other consecutively via inter-layer
edges (light grey) that connect each ROI to itself in the following frequency band. This
multiplex frequency network is constructed for each of our tasks (binding and shape) and
each task phase (encoding and probe).

Experimental procedure

In this section, we outline the exploration of nQ, collapsibility, and flexibility in our multiplex

frequency VSTMBT-EEG networks. For our healthy controls and MCI subjects, we calculate

nQ, collapsibility, and flexibility for each of our multiplex frequency networks – encoding in

binding, encoding in shape, probe in binding, and probe in shape. Note that modularity is

maximized with 100 iterations for both the calculation of nQ and flexibility using Eq. 3.1 and

Definition 4.2.4, and follows the methodology in Section 3.2.7 on modularity maximisation.

However, note that wPLI is positive (range [0,1]), so no adjustment is needed to handle
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negative edge weights as was needed in the prior chapter when exploring correlation-based

networks of fMRI data. Collapsibility is calculated from our nQ values as in Definition 4.2.1,

with a collapsibility threshold of 0.2 based on our surrogate network results in the following

section. See Fig. 4.2 for a visualization of module assignment in multiplex networks and

discussion of these measures.

We then compare our controls to MCI, for each ROI, using two statistical tests – permutation

test and the Receiver Operating Characteristic (ROC). Note that p-values derived from the

permutation test are controlled with the Benjamini-Hochberg false discovery rate (FDR) to

control for false positives for multiple comparisons.

These methods are the same as those used in Section 3.2.8. In brief, we calculate the

permutation test with 10000 permutations using publicly available code [186]. The p-value of

the permutation test represents the proportion of sampled permutations where the absolute

difference in means is different from our originally observed difference in means [185]. We

apply FDR to these p-values to control for the potential for false positives in the data given the

large number of statistical comparisons for each ROI in our networks (116 ROIs in collapsibility

and flexibility as these values are calculated across the four layers of our network, and 464

ROIs for our nQ comparisons representing all nodes from each layer). FDR correction was

performed with the Multiple Testing Toolbox in Matlab [189]. We apply FDR with a threshold

of α = 0.2 which corresponds to the acceptance of up to 20% of the statistically significant

results (p≤ 0.05) as false positives. In addition, we calculate the area under the curve of

the ROC (ROC AUC) which is a measure of sensitivity vs. specificity where the AUC ranges

from 0.5 (no apparent distributional difference between the two groups of test values) to 1

(perfect separation of the test values of the two groups) [188]. ROC AUC was calculated

using the built in perfcurve function in Matlab. We report ROIs that pass the permutation test

at p≤ 0.05, survive FDR correction at α = 0.2, and report the ROC AUC for completeness.

We then visualize these results on a brain mesh using BrainNet Viewer [190].
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Figure 4.2: Modular multiplex frequency networks. Visualized is a multiplex frequency
network for the 4 frequency bands – delta, theta, alpha and beta. Multiplex modularity has
been calculated for the network and nodes have been given a group assignment based
on colour. To visualize flexibility in this network consider node one. Node one swaps group
assignment twice (blue→orange then orange→green) of 3 consecutive layer pairs giving it
a flexibility of 2

3 . For collapsibility, consider node two in the beta layer. We compare the nQ
(contribution to modularity) for this node to its spatial replica in the other layers and count
the number of times where the difference in nQ is less than our collapsibility threshold ε

multiplied by the average nQ across these node replicas (nQi). For instance, compare node
two in the beta layer to node two in the alpha layer. Both nodes share similar topology and
group structure and thus do not have very different values of nQ. On the other hand, node
two in the beta layer has substantially different topology to node two in the theta layer. In this
case, the difference in nQ would require a large ε to count towards our value of collapsibility.
It follows that we compare all nQ across all layer pairs and determine the proportion of nodes
where the difference in nQ is under εnQi, and normalized by all layer pairs in the network.
For a recap and more detailed explanation and visualization of nQ see Fig. 3.2 in the prior
chapter.
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4.3 Results

In this section, we present the results of our analysis of the surrogate networks as in Sec-

tion 4.2.1 and application to VSTMBT-EEG data described in Section 4.2.2.

4.3.1 Surrogate network results

Initially, we explored the behaviour of nQ in comparison to other common measures of node

influence (degree, multiplex clustering coefficient and multiplex PageRank) with increasing

network size (both nodes and layers) across our SBTM surrogate networks. We find that, as

the number of layers increases, that the mean correlation between degree and nQ increases

from a weak negative correlation (r =−0.3) to close to no correlation at layer 30 (r =−0.16),

as in Fig. 4.3a. Similarly, the correlation between nQ and the multiplex clustering coefficient

approaches no correlation as the number of layers increases (r = 0.3 → r = −0.05) as in

Fig. 4.3b. On the other hand, the correlation between nQ and PageRank decreases with the

number of layers (r = −0.036 → r = −0.054) but remains close to no correlation and has a

slight increase when going from 2 to 4 layers as seen in Fig. 4.3c.

When exploring these dynamics as the number of nodes increases, we observe a decreases

in nQ vs. degree (r = −0.2 → r = −0.243) and multiplex clustering coefficient (r = 0.075 →
r = −0.005) in Fig. 4.3a and 4.3b, while nQ vs. PageRank increases (r = −0.057 → r =

−0.035).

In sum, all three comparisons show a very low mean correlation with increases in both the

number of layers and nodes. In addition, the variability in all cases is high and will be explored

in more detail in the following analyses.
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(a) Degree vs. nQ

(b) Clustering Coefficient vs. nQ (c) PageRank vs. nQ

Figure 4.3: Mean correlation between network measures. Here, we visualize the mean
correlation across our surrogate networks between our measures of node importance and
nQ as a function of network size (number of nodes and number of layers). In addition, the
standard deviation for each comparison is represented by bars.

Similarly, we also look at the mean correlation between flexibility and collapsibility in our

surrogate networks as the number of layers increases for various collapsibility thresholds.

As visualized in Fig. 4.4, for all collapsibility thresholds, the correlation decreases with the

number of layers but remains close to zero. The correlation become slightly stronger with an

increasing collapsibility threshold with the strongest negative correlation occurring for ε = 0.9

and at layer 30 where r = −0.1. In general, correlations between collapsibility and flexibility

remain close to zero across the number of layers and collapsibility thresholds.
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Figure 4.4: Collapsibility vs. flexibility as network size increases. Here we explore
the mean correlations between collapsibility and flexibility as the number of layers in the
network increases. This is done for a range of collapsibility thresholds (ε). While collapsibility
and flexibility become more negatively correlated as the number of layers increases, this
correlation remains very small.

Additionally, we look at the distributions of collapsibility for nodes in the network as the col-

lapsibility threshold (ε) increases. As expected, as ε approaches 1, more nodes in the network

are collapsible and the collapsibility of the network also approaches 1. However, notice that

the largest change in distribution happens between ε = 0.1 and ε = 0.3 and that further

increases in ε result in smaller changes in distribution, as seen in Fig. 4.5.
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Figure 4.5: Distributions of collapsibility for different collapsibility thresholds. We
visualize the distributions of average network collapsibility for different collapsibility thresholds
(ε), using violin plots from publicly available code [195]. As we increase ε , average network
collapsibility approaches 1 as expected (that is all nodes become totally collapsible). Interest-
ingly, the jump in average network collapsibility sees the biggest increase from ε = 0.1 → 0.3.
Increases in network-wide collapsibility decreases as ε approaches 1, indicating that ε values
between 0.1 and 0.3 may be most suitable in determining node level changes in nQ variability.

We wanted to explore these distributions for low values of ε in more detail. We do so in

increments of 0.05 for the range ε = 0.05−0.3. We find that incremental increases of ε in this

range result in proportional increases in mean collapsibility as seen in Fig. 4.6. As such, and

given the large increase in collapsibility from ε = 0.1 and ε = 0.3, we choose an ε = 0.2 for

our analysis of the EEG data in the next Section 4.3.2.



4.3. Results 71

Figure 4.6: Collapsibility distributions in finer detail. Expanding on the results visualized
in Fig. 4.5, we explore the distributions of average network collapsibility for ε in the range
[0.05, 0.3].

Returning to the correlations between nQ and the other graph measures, we wanted to

explore these distributions in more depth. Specifically, observe the correlations between nQ

and multiplex clustering coefficient and degree as the number of layers increases as seen in

Fig. 4.7 and 4.8. We can see that, while the mean correlation may have been low, that some

of the surrogate networks contain high positive and negative correlations.
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Figure 4.7: Correlations between nQ and multiplex clustering coefficient in SBTM
surrogate networks. Here we visualize correlations between nQ and multiplex clustering
coefficient (CC), and the frequency of their occurrence, as the number of layers in the
network increases. While the majority of correlations remain low for all layer constructions,
the presence of high negative and positive correlations decreases with network size.

Figure 4.8: Correlations between nQ and Degree in SBTM surrogate networks. Visual-
izations of the correlations between nQ and degree, and the frequency of their occurrence,
in the multiplex SBTM surrogate networks as the number of layers increases. Similar to our
multiplex clustering coefficient results, we observe a decrease in the presence of high positive
and negative correlations as the number of layers increases as expected. Note however that
there are more high correlations for degree than clustering coefficient. This may be due to the
simplicity of stochastic block modelling along with construction with high modular structure
(nodes within these modules have high connectivity leading to both a high nQ and degree).
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We explore what parameters drive these high and low correlations by calculating the mean of

the parameters for positive and negative correlations that pass r ≥ |0.6|. We find that, for the

multiplex clustering coefficient, 4 parameters drive both the positive and negative correlations

– pin, pout , probNew, and probExist. Specifically, network constructions with high pin with low

pout (indicating a highly modular network), and a low number of communities (decreasing with

the number of layers), drive the significant negative correlations between nQ and multiplex

clustering coefficient as seen in Table 4.3. This suggests a key structural distinction between

nodal modularity and multiplex clustering coefficient. Specifically, nodes with high nQ in larger

multiplex networks with few communities tend to be strongly embedded within modular struc-

ture across layers and are therefore more robust to changes in local connectivity (driven by

probNew and probExist) that may disrupt multiplex triangles. In contrast, nodes with a high

number of multiplex triangles do not necessarily contribute strongly to modular structure and

may therefore exhibit lower nQ, particularly in larger multiplex networks where the impact on

modularity of a node with a high number of multiplex triangles carries less weight due to the

local nature of the measure. This distinction between nQ and multiplex clustering coefficient

helps to explain the negative correlations observed. It should be noted that the 2 and 4 layer

constructions also exhibit lower probNew and probExist (only probExist is lower in the 4

layer case and with a low classChangeRate). That is, less edges are retained and not many

new edges form which could lead to some network constructions with a lower number of

multiplex triangles but where some nodes are still important to modular structure (high nQ).

This behaviour in the 2 and 4 layer constructions but not for a higher number of layers may

be due to the first layer in the SBTM having high modularity (high pin and low pout ), where

nQ would still remain high even though modular structure is disrupted in subsequent layers

(leading to a proportionally higher reduction in multiplex triangles).
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Table 4.3: Parameters for high negative correlations between nQ and multiplex clus-
tering coefficient. This table presents the average of each parameter for nQ vs. multiplex
clustering coefficient correlations with r ≤−0.6 as the number of layers in our SBTM networks
increases. Each parameter is listed, followed by the overall mean, then the average for each
specific layer setup with standard deviation. Note that negative correlations occur almost
always in highly modular networks - the highest choice for pin (within module connections)
and lowest pout (between module connections), and with a low number of communities.

Parameters Mean 2 layers 4 layers 8 layers 12
layers

20
layers

30
layers

Nodes 100 106 ±
27.3

110 ±
25.8

117 ±
23.2

119 ±
22.3

120 ±
21.1

122 ±
19.4

Communities 6 3.23 ±
1.85

2.49 ±
0.864

2.82 ±
1.23

2.68 ±
1.11

2.58 ±
1.06

2.46 ±
0.903

pin 0.5 0.733 ±
0.242

0.9 ± 0 0.891 ±
0.0356

0.887 ±
0.0418

0.889 ±
0.0391

0.895 ±
0.0281

pout 0.5 0.267 ±
0.242

0.1 ± 0 0.109 ±
0.0356

0.113 ±
0.0418

0.111 ±
0.0391

0.105 ±
0.0281

probNew 0.5 0.354 ±
0.304

0.579 ±
0.185

0.564 ±
0.210

0.581 ±
0.228

0.590 ±
0.241

0.604 ±
0.238

probExist 0.5 0.208 ±
0.145

0.151 ±
0.0878

0.528 ±
0.352

0.590 ±
0.344

0.647 ±
0.330

0.656 ±
0.329

classChangeRate 0.5 0.468 ±
0.315

0.200 ±
0.156

0.476 ±
0.320

0.464 ±
0.316

0.462 ±
0.315

0.462 ±
0.316

On the other hand, positive correlations are largely driven by less modular networks, with low

pin and high pout (aside from the 2 layer networks), and with a higher number of communit-

ies on average (see Table 4.4). Furthermore, we see probExist decreasing and probNew

increasing substantially from layer 4 onwards indicating that positive correlations are also

driven by layer dynamics which lead to large changes in network structure. This could lead

to the formation of multiplex triangles where edges which form part of the multiplex triangle

disappear on one layer to then close the triangle on the next layer. The closing and unclosing

of multiplex triangles caused by a high probNew and a low probExist could lead to nodes that

have a high multiplex clustering coefficient and high nQ (repeated structures forming cross-

layer modules). However, this behaviour seems to have a limit as from layer 20 onwards we

saw no significant positive correlations within the surrogate networks. This could be explained

by the multiplex clustering coefficient being a more local measure of connectivity than nQ

where more layers can result in more complex modular structure that is less influenced by

local dynamics captured by the multiplex clustering coefficient.
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Table 4.4: Parameters for high positive correlations between nQ and multiplex clus-
tering coefficient. Here, we present the average of each parameter for nQ vs. multiplex
clustering coefficient correlations with r ≥ 0.6 as the number of layers increases. Each
parameter is listed, followed by the overall mean, then average for each specific layer setup
with standard deviation. Note that positive correlations occur almost always in highly non-
modular networks - the lowest choice for pin (within module connections) and highest pout

(between module connections). However, this is not the case for 2 layer networks where
high positive correlations exist for modular network constructions. This could be due to how
multiplex clustering coefficient is calculated for networks with 2 vs. 3 or more layers, discussed
below. Additionally, positive correlations exist in networks with a larger number of average
communities (∼ 5) unlike the negative correlations.

Parameters 2 layers 4 layers 8 layers 12 layers
Nodes 104 ± 27.6 109 ± 26.8 116 ± 23.6 140 ± 0
Communities 5.84 ± 2.57 5.24 ± 1.91 4.95 ± 1.29 5 ± 1.41
pin 0.708 ± 0.294 0.104 ± 0.0247 0.1 ± 0 0.1 ± 0
pout 0.292 ± 0.294 0.896 ± 0.0247 0.9 ± 0 0.9 ± 0
probNew 0.697 ± 0.242 0.827 ± 0.0963 0.887 ± 0.0497 0.9 ± 0
probExist 0.533 ± 0.316 0.154 ± 0.0887 0.1 ± 0 0.1 ± 0
classChangeRate 0.493 ± 0.317 0.488 ± 0.314 0.453 ± 0.298 0.5 ± 0.283

In sum, we see a pattern where significant positive or negative correlations are largely driven

by both ends of the extreme in modular or non-modular networks. It should also be noted

that networks constructed from two layers have slightly different behaviour for our multiplex

measures other than nQ. This is due to their definitions considering both the following and

preceding layers in their calculation. For networks with three or more layers, the central layer

has both following an preceding layers considered in calculation while the first and third layers

only have either one preceding or one following layer influencing its value.

Next, we explore the parameters that drive the significant positive and negative correlations

between nQ and degree.

For both the negative and positive correlations we see increasing pin and decreasing pout with

the number of layers along with a decreasing number of communities as seen in Table 4.5

and 4.6. However, positive correlations occurred where the number of communities was lower

and probNew and probExist were significantly smaller. This suggests that positive correla-

tions occurred where the modular network underwent less dynamic change across layers,

whereas negative correlations occurred where modular structure was more disrupted in sub-

sequent layers.
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Table 4.5: Parameters for high negative correlations between nQ and degree. This table
shows the average parameters used to construct SBTM networks when correlations between
nQ and degree have r ≤ −0.6. Similarly to multiplex clustering coefficient, as the number of
layers increases, these negative correlations occur largely in high modularity networks with
high pin and low pout , and decreasing community size.

Parameters 2 layers 4 layers 8 layers 12
layers

20
layers

30
layers

Nodes 104 ±
27.9

107 ±
27.2

108 ±
26.9

109 ±
26.5

110 ±
26.3

111 ±
26.2

Communities 5.93 ±
2.59

5.47 ±
2.43

5.09 ±
2.33

4.81 ±
2.27

4.45 ±
2.20

4.19 ±
2.10

pin 0.684 ±
0.310

0.776 ±
0.236

0.832 ±
0.151

0.847 ±
0.108

0.856 ±
0.0684

0.855 ±
0.0686

pout 0.316 ±
0.310

0.224 ±
0.236

0.168 ±
0.151

0.153 ±
0.108

0.144 ±
0.0684

0.145 ±
0.0686

probNew 0.731 ±
0.214

0.733 ±
0.210

0.715 ±
0.227

0.711 ±
0.231

0.714 ±
0.227

0.721 ±
0.221

probExist 0.525 ±
0.317

0.587 ±
0.313

0.677 ±
0.278

0.727 ±
0.240

0.782 ±
0.184

0.823 ±
0.125

classChangeRate 0.494 ±
0.317

0.489 ±
0.316

0.490 ±
0.316

0.488 ±
0.316

0.489 ±
0.316

0.489 ±
0.316

Table 4.6: Parameters for high positive correlations between nQ and degree. Here
we show the average parameters used to construct SBTM networks when correlations
between nQ and degree have r ≥ 0.6. Positive correlations also occur largely in highly
modular networks with high pin, low pout and decreasing community size as with the negative
correlations. However, the main difference is in probNew and probExist being significantly
lower than for the negative correlations. That is, positive correlations are driven by less
network dynamics as expected (the highly modular network remains similar and thus nodes
within modules have a large number of connections yielding high degree and high nQ).

Parameters 2 layers 4 layers 8 layers 12
layers

20
layers

30
layers

Nodes 105 ±
27.7

105 ±
27.5

106 ±
27.3

106 ± 27 109 ±
26.5

111 ±
25.9

Communities 4.01 ±
2.37

3.94 ±
2.32

3.67 ±
2.13

3.41 ±
1.9

3.07 ±
1.53

2.84 ±
1.24

pin 0.811 ±
0.138

0.832 ±
0.0747

0.834 ±
0.0745

0.837 ±
0.0741

0.839 ±
0.0736

0.844 ±
0.0726

pout 0.189 ±
0.138

0.168 ±
0.0747

0.166 ±
0.0745

0.163 ±
0.0741

0.161 ±
0.0736

0.156 ±
0.0726

probNew 0.211 ±
0.12

0.154 ±
0.107

0.145 ±
0.0834

0.143 ±
0.0822

0.139 ±
0.0793

0.13 ±
0.0711

probExist 0.206 ±
0.148

0.234 ±
0.175

0.238 ±
0.181

0.24 ±
0.182

0.242 ±
0.189

0.234 ±
0.187

classChangeRate 0.497 ±
0.317

0.496 ±
0.317

0.497 ±
0.316

0.5 ±
0.317

0.494 ±
0.316

0.496 ±
0.316
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Given the highly structured nature of the SBTM, we investigated whether these parameters

still drive these high and low correlations when the transition steps of the model are more com-

plex. Specifically, we explored 100 surrogate networks that follow network dynamics based on

a task with rest and stimuli (see Section 4.2.1). Specifically, we explored high pin with low

pout (both cases [0.9,0.1] and [0.75,0.25] with 100 nodes, 8 layers, and 3 communities). See

Fig. 4.9 and 4.10 for example structure.

Figure 4.9: SBTM simulating task-based activity with pin = 0.9, pout = 0.1. This figure
visualizes an augmented version of the SBTM with states of high and low activity to imitate
task-based neuroimaging networks. These were constructed with parameters that yielded
a high correlation between nQ and both degree and multiplex clustering coefficient. In this
example, we found r =−0.0019 and r = 0.1852 for multiplex clustering coefficient and degree
respectively. Correlations with multiplex PageRank also remained low at r = 0.0835.
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Figure 4.10: SBTM simulating task-based activity with pin = 0.75, pout = 0.25. We visualize
SBTM networks with task-based network dynamics to more closely imitate real-world, task-
based networks, in neuroimaging. We find, like with the prior example (pin=0.9 and pout=0.1),
that constructing these networks with parameters that yielded high correlations between
nQ and the other graph measures no longer does. Specifically, we found r = −0.0011 for
nQ vs. multiplex clustering coefficient, r = 0.1875 for degree, and r = 0.084 for multiplex
PageRank.

In these two examples (pin=0.75, pin=0.9), we find that correlation between nQ and multiplex

clustering coefficient, degree, and PageRank are all very low (r = (−0.0011,−0.0019), r =

(0.1874,0.1852) and r = (0.084,0.0835), respectively). This suggests that the previously ob-

served strong correlations between nQ and the other graph measures, explored in Tables 4.3

- 4.6, may have been driven by the homogenous per-layer network dynamics imposed by the

standard SBTM, in which probNew, probExist and classChangeRate are fixed. In contrast,

real-world network dynamics and particularly in task-based brain networks, are substantially

more heterogeneous. Incorporating even simple network dynamics designed to mimic those

present in task-based brain networks markedly changes the relationship between nQ and

the other graph measures. These findings, complementary to those in Chapter 3, provide

further support that nQ captures distinct aspects of multiplex network organization that are not

reflected by standard metrics, supporting its use as a complementary measure for multiplex

brain network analyses.
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4.3.2 Application to EEG data

Here, we explore the changes in nQ, flexibility and collapsibility between controls and MCI

using permutation test and the area under the curve of the ROC, reporting brain regions that

pass the thresholds of p ≤ 0.05 and where p is FDR controlled at α = 0.2.

We find that, for the probe phase of the binding task in the delta frequency band, that several

brain regions exhibit statistically significant decreases in nQ for MCI subjects (see Fig. 4.11

and Table 4.7). These ROIs show very low p-values (range: [0.0006, 0.0011]), moderate

negative effect sizes (range: [-0.4823,-0.4546]) and ROC AUC in the range: [0.6239, 0.6416].

Note that these ROIs were accepted at α = 0.2 during FDR correction which means that up

to 20% of the detected ROIs could be false positives. Furthermore, see B.1 for visualizations

of all FDR corrections for the results given in this section.

Figure 4.11: Changes in nQ for the probe phase of the binding task. We visualize changes
in nQ between controls and MCI for the multiplex frequency networks of the VSTMBT-EEG
data. We only found statistically significant changes in the delta band and so have simplified
the visualization to include only one brain (rather than all four frequency bands in a multiplex
construction as in Fig. 4.2). Here, nodes in blue represent a loss in nQ while orange represents
a gain and the size of the node is the magnitude of this change. Labelled nodes are those that
passed p ≤ 0.05 in the permutation test and FDR corrected at α = 0.2. These labels follow
the form l or r for left or right hemisphere respectively, followed by the shortened version of
the ROI (i.e., CUN refers to the cuneus). Refer to Table 4.7 for more detail. This visualization
was achieved with BrainNet viewer [190] and with the top 1.5% of the edges are visualized for
clarity. Note that almost all nodes observe a loss in nQ.
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Table 4.7: Changes in nQ for EEG multiplex binding probe for controls vs. MCI. This table
displays the ROIs which pass p ≤ 0.05 and FDR correction at α = 0.2. L and R refer to the left
and right hemisphere of the brain respectively. p-values and effect sizes are given from the
permutation test and the area under the curve (AUC) of the receiver operating characteristic
(ROC).

ROIs p effect size ROC AUC
R Inferior Frontal Orbital 0.0006 -0.4823 0.6416
L Rolandic Operculum 0.0006 -0.4638 0.6239
L Precuneus 0.0011 -0.4546 0.6290
Vermis 6 0.0011 -0.4741 0.6388

Next, we explore these same changes in flexibility between controls and MCI. We find stat-

istically significant changes in both the probe phases of the binding task (see Fig. 4.12 and

Table 4.8) and shape task (see Table 4.9). Given that findings are primarily found for the

binding task (both across these comparisons in EEG and in the prior chapter in fMRI), we

focus on reporting visualization for the binding task only. Note that only one ROI passes

statistical thresholds for flexibility in the binding task, while three are found in shape. This

is an unusual result given the known sensitivity of specifically the binding task to early stage

AD.

Table 4.8: Changes in flexibility for EEG multiplex binding probe for controls vs. MCI.
Here we display the ROIs which pass p ≤ 0.05 and FDR corrected at α = 0.2. L and R
indicated the left and right hemispheres of the brain respectively. p-values and effect sizes
were obtained from permutation testing and the standard area of the curve of the receiver
operating characteristic is given (ROC AUC).

ROIs p effect size ROC AUC
R Rectus 0.0001 -0.1846 0.5093

Table 4.9: Changes in flexibility for EEG multiplex shape probe for controls vs. MCI.
As before, we display the ROIs which pass p ≤ 0.05 and FDR corrected at α = 0.2. L
and R indicated the left and right hemispheres of the brain respectively. p-values and effect
sizes were obtained from permutation testing and the standard area of the curve of the
receiver operating characteristic is given (ROC AUC). Interestingly, for flexibility, we find more
significant ROIs in the shape task than the binding task. This is despite known deficits in visual
memory binding in MCI which are not typically seen in the shape only task.

ROIs p effect size ROC AUC
L Anterior Cingulum 0.0001 -0.2396 0.5140
R inferior Occipital 0.0021 0.4061 0.5417
R Superior Temporal Pole 0.0032 0.3972 0.5370
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Figure 4.12: Changes in node flexibility in controls vs. MCI for the probe phase of the
binding task. As before, blue nodes represent a loss of flexibility while red nodes represent
a gain. The magnitude of this change is node size, labelled nodes are those that pass the
statistical thresholds, and visualization of this network was achieved with the BrainNet viewer
with the top 1.5% of edges shown for clarity. Here, one brain is shown (rather than four for
each frequency band) since flexibility is an aggregated measure which captures the variability
of module assignment over the layers of the network. Edges visualized are taken from the
average MCI network.

Lastly, we explore the changes in collapsibility between controls and MCI. We find that, for

the binding task only, that we see statistically significant changes in collapsibility for both the

encoding (see Fig. 4.13 and Table 4.10) and probe (see Fig. 4.14 and Table 4.11) phases

of the task. However, more significant changes are found in probe (7 ROIs vs. 1 ROI). For

the probe phase, p-values are very small (range: [0.0003, 0.0121]), with low-moderate effect

sizes (range: [-0.4735, 0.3654]) and low ROC AUC (range: [0.5962 - 0.6171]). See Table 4.11

for more detail.

Table 4.10: Changes in collapsibility for EEG multiplex binding encoding for controls
vs. MCI. Table details follow from Table 4.7.

ROIs p effect size ROC AUC
L Middle Frontal 0.0011 -0.4547 0.6130



4.3. Results 82

Figure 4.13: Changes in collapsibility in controls vs. MCI for the encoding phase of the
binding task. Figure generation and details follow from Fig. 4.11. Additionally, collapsibility is
an aggregated measure of nQ variability across the four frequency bands. As such, only one
brain is visualized for this and the edges displayed come from the averaged MCI network.

Figure 4.14: Changes in collapsibility between controls vs. MCI for the probe phase of
the binding task. Figure generation and details follow from Fig. 4.11. As before, one brain is
visualized since collapsibility is an aggregated measure across the four frequency bands.
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Table 4.11: Changes in collapsibility for EEG multiplex binding probe for controls
vs. MCI. Table details follow from Table 4.7.

ROIs p effect size ROC AUC
R Precuneus 0.0019 -0.4173 0.6036
L Putamen 0.0003 -0.4736 0.6171
L Thalamus 0.0039 -0.4093 0.6016
R Thalamus 0.0121 -0.3577 0.6004
R Superior Temporal Pole 0.0070 0.3654 0.5962
R Cerebellum_10 0.0019 -0.4268 0.6154
Vermis 1_2 0.0076 -0.3686 0.6101

4.4 Discussion

The following sections explore nQ’s validation in synthetic networks and how aggregation

methods can support the understanding of nQ in multiplex networks. Additionally, we discuss

how nQ, flexibility, and collapsibility change in VSTMBT-EEG frequency networks and how

these may reflect neuroanatomical deficits due to early AD.

4.4.1 nQ as a relevant measure in large multiplex networks

Multiplex networks in neuroimaging have revealed insights into how the brain dynamically

evolves over time and how this effects modular organization and inter-frequency dynam-

ics [17, 171]. We had introduced nQ as a means to explore granular community structure

in single-layer and multiplex networks. However, our previous study of fMRI and DTI was

limited in multiplicity by only considering single-layer and dual-layer networks. This is despite

the fact that many multiplex network measures behave differently in networks with three or

more layers (given that nodes in middle layers have two inter-layer edges while edge layers

have one) [156, 124]. To tackle these limitations, we explored nQ in surrogate networks

covering typical multiplex network sizes in neuroimaging. We found that nQ only showed

significant correlation with other common multiplex measures of node influence under specific

network constructions on either ends of the extremes for modular networks. We tested sample

constructions of these modular networks under more realistic task-based scenarios and found

that these same correlations do not hold. While not an exhaustive exploration, our findings

reflect hypotheses in the prior chapter which posit that nQ provides novel insight into granular

community structure particularly in real-world data where the existence of noise, hub-nodes,

and complex dynamic network architecture create complex topological relationships in the

data. This is expected given that nQ takes into account farther reaching network structure

than other more localized measures of group structure.
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Additionally, a problem posed when calculating nodal measures in multiplex networks with

many layers is the number of values for which meaningful interpretation becomes challenging.

One method to tackle this is by creating aggregate node measures which summarize multiplex

interactions over the layers of the network [156]. We introduced collapsibility as an aggregate

method to measure the variability in nQ over the layers of the network and showed that it

provided unique insights from its most comparable measure – node flexibility.

4.4.2 Neuroanatomical exploration of VSTMBT-EEG networks

Initially, we discuss the neuroanatomical interpretation of nQ, collapsibility, and flexibility in

the context of VSTMBT-EEG networks. To reiterate, multiplex networks were constructed

from four frequency bands of the EEG signal – delta, theta, alpha, beta. In this context,

modules can exist across frequency bands where nQ describes the contribution of an ROI

to its within or across-frequency module. As such, decreases in nQ can be interpreted as

decreased functional involvement or specialization of a brain region within its own group

and/or an increase in between group connectivity both within and across frequency bands.

A decrease in nQ can be interpreted as a loss of brain activity in a specific ROI, and/or as

a result of increased between-group connectivity. These changes can reflect compensatory

functional reorganization as a result of diseases such as AD where this reorganization has

been observed in its early stages in EEG data [69].

Changes in nQ (specifically decreases) were only observed in the delta layer of the multiplex

frequency network. The hallmark of AD in EEG is a shift in the power spectrum from faster

to slower frequencies [228, 229, 230]. At the MCI stage, these increases in delta are less

significant with more increases in theta. Increases in connectivity in the theta band could

result in decreases in nQ in delta given the potential increase in modular importance of the

theta band (i.e., increased nQ in theta causing decreases in nQ in neighbouring delta). The

multiplex frequency networks may be capturing the shift in power spectrum seen in AD, though

further studies are needed across the stages of MCI, and with the addition of single-frequency

network analyses, to confirm these cross-network interactions. We saw cross-brain decreases

in nQ in the delta band, visualized in Fig. 4.11, with 4 ROIs passing FDR correction. Of

particular note is the decrease in nQ in the left precuneus. Meta-analyses of fMRI studies

consistently show disruption in the bilateral precuneus [231]. In addition, cortical thinning

(measured with MRI) in the precuneus was found in patients with amnestic MCI [232], and

associations between these MRI-based changes and the relationship between the upper and

lower parts of the alpha frequency band were found in rs-EEG [233]. In addition, this same

study found that subjects with cortical thinning in the precuneus also had increased theta

power, which could then lead to decreased nQ in the precuneus in delta as was observed in

our study.
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Next, we look at collapsibility which measures the variability of nQ across the layers of the

network. In this way, a loss of collapsibility can be seen as an increase in the variability of

nQ for an ROI while an increase represents a reduction in variability. In the context of this

study, decreases in collapsibility can be interpreted as a greater variability in nQ across the

different frequency bands, and may indicate frequency specific changes in group structure as

a result of disease. Again, we see changes in the precuneus but now in the right hemisphere.

This could indicate two different types of loss – one due to increases in theta power leading

to reduced importance in the left precuneus within the delta band and the other due to

increases in nQ variability across all frequency bands which could be additionally linked to

changes in alpha observed in this study [233]. Furthermore, we observed significant changes

in collapsibility in the bilateral thalamus which is known to be a key ROI to cognition and

memory [234, 235, 236] along with its role in subcortical integration (i.e., with the putamen

which also saw a significant loss in collapsibility) [237]. Studies of rs-fMRI have also found

decreases in connectivity between the thalamus and several ROIs with significant changes

in collapsibility – superior temporal gyrus [238], precuneus [239, 240], and inferior frontal

gyrus (which all saw a significant change in nQ) [240]. In addition, grey matter loss within the

thalamus is one of the earliest signs of cognitive decline in MCI [241]. These results further

support a growing body of evidence that some of the earliest deficits in short-term memory

binding in early AD are linked to changes in subcortical brain regions (specifically the thalamus

and putamen in our research) [72]. Lastly, one ROI had a significant loss in collapsibility for the

encoding phase of the task – the middle frontal gyrus. rs-fMRI studies have found increased

functional connectivity within the middle frontal gyrus in MCI subjects, perhaps as a result of

damage due to disease [242]. This is in tandem with research showing decreased functional

connectivity between the thalamus and the middle frontal gyrus [239] connecting to results

found in collapsibility changes in the probe phase of the task.

Flexibility, which measures the number of times an ROI changes group assignment, can be

interpreted as the number of different group roles an ROI plays across the frequency bands.

When flexibility increases, it can indicate an increase in instability in node membership across

the frequency bands. This could indicate a loss of network integrity across the frequency

bands as a result of disease pathology. However, it should be noted that instability in node

membership is not necessarily a negative. For instance, both increases and decreases in

node flexibility (for multiplex temporal networks) have been shown to be important for learning

in task-fMRI [17].

Interestingly, while we did not find many significant results for flexibility in the probe phase

of the binding task (1 ROI), we did find 3 ROIs in the shape task. There has been very little

study of node flexibility in MCI and AD, with this recent paper [243] being the only one to our

knowledge. Interestingly, they found brain wide increases in flexibility with the most significant

changes occurring in the visual network in multiplex temporal networks of rs-fMRI. Our results
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reflect this visually where increases in flexibility were observed in primarily the occipital lobe

(see Fig. 4.12), while in the shape task we saw the presence of the right inferior occipital

gyrus. The research in this chapter marks the first study of node flexibility in MCI within EEG

networks.

In sum, we found significant changes in ROIs associated with changes in grey matter volume

and functional connectivity from functional MRI and EEG studies in early AD and espe-

cially in nQ and collapsibility metrics. These changes were almost exclusively found in the

binding task and not shape, agreeing with prior literature on the VSTMBT where binding

deficits are specifically impaired in early AD [29]. Interestingly, almost all significant findings

were observed in the probe phase of the VSTMBT and not the encoding phase. Gonzalez-

Montealegre et al. [70] found that over-recruitment in brain activity occurred during the probe

phase specifically in the same cohort of subjects. However, our results do not reflect the loss

in encoding activity that they also observed.

Interestingly, in this VSTMBT-EEG cohort, we saw a greater number of ROIs when comparing

controls to MCI than in our fMRI multiplex networks in the prior chapter (4 vs. 0 ROIs). This is

surprising given that the EEG cohort had some heterogeneity in MCI diagnosis (18% of the

subjects had non-amnestic MCI). However, the difference in our EEG and fMRI results in these

chapters may largely be explained by modality differences. A simultaneous EEG-fMRI study

highlights these differences, where abnormalities in EEG-fMRI signal coupling between con-

trols and MCI were seen in the DMN, salience network, fronto-parietal network, and thalamus

while amyloid pathology was specifically associated with fMRI specifically (consistent with the

results in Chapter 3) [244]. Additionally, in the prior chapter, we explored dual-layer temporal

networks of the VSTMBT. Here, we look at frequency-based networks of the VSTMBT for

encoding and probe separately. This may indicate that cross-frequency interactions in nQ

may be an early indicator of MCI for the binding task of the VSTMBT. Given that we saw

only changes in the delta frequency band, known to be one of the earliest affected in AD, it

could indicate that further research should explore how the delta band interacts with the other

frequencies topologically through nQ. In addition, it is of interest to see if these changes are

reflected in later stages of the disease and specifically in MCI converters. The EEG cohort

used in this study is in the process of obtaining MCI converter data after a 3-year follow up

with the subjects. Future work should continue this study as this data becomes available.

In this chapter, we explored source-space networks of VSTMBT-EEG data. However, source

estimation techniques often struggle with the reconstruction of deep-brain sources due to

volume conduction effects leading to inaccurate measures of functional connectivity [245].

Newer methods such as eLORETA (used in this study) provide better localization of deep

sources and perform above most other methods [246]. However, no one method is perfect
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in the estimation of EEG source activity. eLORETA still has some source localization error

which can influence the functional connectivity of the networks constructed in this study [246].

Future work may consider combining multiple source localization methods to improve per-

formance [246].

It should be noted that in all of our nQ, collapsibility, and flexibility results we found very low

p-values but moderate effect sizes and poor ROC AUC. While p-values are encouragingly

low and corrected for multiple comparisons (see B.1 for more detail), the low ROC AUC

indicates a weak ability to discriminate controls from MCI on a subject specific basis. This

is likely due to the modest effect sizes and to both the early stage of the disease and the

heterogeneity of MCI diagnosis. Specifically, 19 of the 108 (18%) subjects had non-amnestic

MCI which is not considered a prodromal stage of AD [70]. Furthermore, a limitation of this

study was that both age and years of education were cofactors in the comparisons of healthy

and MCI that were not accounted for in the statistical analyses. While the difference in age

between healthy subjects and MCI was small (~1.7 years), there was a large gap in the

years of education (~5 years less in the MCI cohort). However, Gonzalez-Montealegre et

al. [70] suggest that the reduced years of education in our MCI subjects, but similar MMSE

scores to a closely related study by Pietto et al. [247], indicate that the subjects are in less

advanced stages of MCI. This was additionally supported by increased neural recruitment over

regions where Pietto et al. [247] found decreases. Additionally, no information on follow-up yet

means that some subjects could be MCI converters, further increasing heterogeneity. The

prior chapter provided evidence that nQ is sensitive to this stage of AD specifically (in fMRI)

and the potential presence of these subjects in the MCI cohort could negatively influence

discriminative capabilities (given that nQ effect sizes in the fMRI cohort were both large and

positive opposed to the primarily negative effect sizes observed in the EEG cohort).

4.5 Conclusion

In the prior chapter, nQ was established as a novel method of granular community detection

to understand node-level network dynamics in multiplex networks and how these change with

diseases known to effect modular structure such as AD. However, the study of nQ was limited

in network size to dual-layer temporal networks, which can behave differently to multiplex

networks of three or more layers given that middle layers contain two inter-layer edges while

beginning and end layers have one. While results in chapter 3 were positive in categorizing

a key stage of AD (MCI converters), they were achieved using fMRI data which is costly and

not widely available.
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To tackle this, we explored nQ in larger multiplex surrogate networks of typical size in neuroima-

ging studies. Given that changes in nodal graph measures (such as nQ) can be difficult to

interpret as network size increases, we also introduced a novel aggregated network measure,

collapsibility, to measure nQ variability in these networks. Lastly, we explored these measures

in source space VSTMBT-EEG multiplex frequency networks.

We found that nQ maintained novel behaviour as network size increased in comparison to

other common multiplex measures of node influence. Furthermore, cases where nQ behaved

similarly to these measures were in scenarios of simple or highly modular connectivity and

not reflective of real-world scenarios that contain more complex topology and noise. We also

found that collapsibility was distinct from its most similar nodal measure of node flexibility.

However, we note a limitation of this study in that the SBTM networks used in this study lack

some typical characteristics of real-world networks such as real-world noise, existence of hub

nodes which connect communities across layers, and lack of realistic variability in community

size and internal densities.

In the VSTMBT-EEG multiplex networks, we found changes in nQ and collapsibility which

agreed with changes in grey matter and with known changes in functional connectivity centred

around the thalamus – a key ROI in memory. Furthermore, changes in nQ in the delta band

could be linked to shifts in the power spectra from higher to lower frequencies, a hallmark

of AD in EEG data. In addition, almost all results were found for the binding task and not

the shape task which is consistent with known binding deficits in MCI and AD. However,

effect sizes were moderate and ROC AUC was poor (likely linked to effect size and sample

heterogeneity). Further research of VSTMBT-EEG multiplex networks are needed to explore

whether these results are seen in less heterogeneous MCI and in later stages of the disease

(MCI converters) where these effects are expected to be more dramatic. This would present

a promising case for the use of nQ and collapsibility for MCI and AD in understanding brain

related changes in an affordable modality at the earliest stages of disease.

Separate to our EEG findings, it is important for future work to consider the synergy between

collapsibility and flexibility in exploring granular dynamics in group structure. There is interest

in differentiating ROIs which undergo changes in group assignment and high nQ variability,

indicating high dynamic activity with changes in both group involvement and importance.

These ROIs may give insight into novel nodal dynamics which have been left unstudied,

and are not accessible with flexibility or collapsibility on their own. In this case, it may be

beneficial to adjust the calculation of collapsibility to count nQ variability in sequential layers

rather than over total layer pairs as was done in this study. Additionally, it is not well known

how to choose the collapsibility threshold. In this study we based our choice of collapsibility

threshold on results from our SBTM surrogate networks, but future studies may want to

consider exploring the parameter in larger and more diverse datasets to find an appropriate

choice for understanding early stage AD. Lastly, Chapter 3 emphasized the importance of nQ,
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not only to network neuroscience, but to other disciplines where modularity is a hallmark of

organization. The methods presented in this chapter expand on these results by providing

methodological considerations for the use of nQ in large networks (in network neuroscience

and beyond) and a novel measure of nQ variability to improve interpretation.



Chapter 5

Targeted attacks on occipital-frontal

functional connections simulates AD

progression for a visual short-term

memory binding task

5.1 Introduction

It has been well established that Alzheimer’s disease (AD) damages functional brain net-

works [20, 248]. In prior chapters, we explored this in more detail through novel measures

of granular community structure and how these can be used to characterize early stage

AD. However, the mechanisms in which changes to functional connectivity occur is not well

understood. In this chapter we explore methods of attacking networks to simulate damage

associated with AD.

In network science, targeted attack strategies are often used to assess network vulnerability

through the removal or reduction of nodes and/or edges. For instance, targeted attack-based

methods are used to identify candidates for vaccination to minimize disease spread [249, 250,

251] or to assess power grid vulnerabilities that could lead to cascade failures [252, 206]. Sim-

ilar approaches have been applied to brain networks, where targeted attack methods simulate

disease progression by iteratively removing or degrading key functional connections or brain

regions, allowing for the testing of hypotheses around network degeneration associated with

AD. For instance, Stam et al. [125] explored iterative targeted attacks between high degree

(hub) nodes in rs-MEG under the hypothesis that these influential brain regions would be more

susceptible to damage as a result of AD. They found that preferentially targetting these specific

edges better explained the loss of functional connectivity due to AD than random attacks,

suggesting a disruption of the brain’s small-world architecture towards random. Similarly, this

behaviour is seen in resting state functional magnetic resonance imaging (rs-fMRI) [167],

whereby targeting hub nodes in addition to adding random edges resulted in a loss of small-

worldness and simulated AD disease progression.

90
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However, targeted attacks research in neuroimaging for AD remains limited with the following

studies relating to the bulk of the research [169, 125, 167, 253, 168]. This research has

primarily focused on attacks on high-degree hub nodes. However, node degree is a local

measure which does not consider the more complex (secondary, tertiary, etc.) functional

interactions which are important to group structure. It remains an open question whether

node degree is the optimal measure for targeted attack models in simulating AD progression.

This is especially relevant given that, while AD seems to preferentially target hub nodes, this

is more heavily weighted to long-range connections [254, 255]. Lastly, to our knowledge, no

study has explored targeted attack models in task-fMRI.

For this purpose, we explored a variety of targeted attack models in fMRI networks of the visual

short-term memory binding task (VSTMBT) to determine whether previous models extend to

task-based fMRI in an earlier stage of AD – MCI converters. Additionally, we introduce several

novel targeted attack models of AD based on distance and nQ, exploring whether nQ is an

improved measure for targeted attacks in this setting, and whether distance based restrictions

improve model performance.

The contributions of this chapter are:

• Examining whether prior targeted attack methods extend to task-fMRI networks in an

earlier stage of AD and whether nQ improves the targeting in this setting.

• Introduction of a novel, brain lobe-based targeted attack model, which improves on prior

models in simulating AD and showing that this effect is not driven by Euclidean distance

alone.

• Introduction of a second novel targeted attack model which combines lobe-based and

nQ-based targeting which also improves on prior models in simulating AD.

5.2 Materials and Methods

5.2.1 Participants

Participants for this study were taken from the same VSTMBT-fMRI cohort described in Chapter

3, Section 3.2.1. As a brief summary, this longitudinal study consisted of healthy subjects and

those with several stages of MCI – eMCI, MCI and MCI converters (those that converted

to AD after a 2-year follow up). These subjects underwent fMRI scanning during which they

performed the VSTMBT as in Fig. 3.1.

In this study, we explore targeted attack models inspired by Stam et al. [125], which require

an overall decrease in network edge weight. Given this, we only explore the healthy subjects

and those with MCI which converted to AD given that earlier stages of AD did not experience

as consistent a loss in network edge weight. In addition, only 5 of the healthy participants
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(of 8) had high enough average network edge weight such that the targeted attack models

discussed in the following Sections 5.2.3 and 5.2.4 were feasible. Thus, these 5 healthy

subjects (Age:75.4±4.7, Sex:1M;4F) and the 6 MCI converters (Age:76.3±5.1, Sex:4M;2F)

were used for this pilot study.

5.2.2 fMRI pre-processing and network construction

fMRI pre-processing and network construction follows from Chapter 3. That is, each subject

has two 85 × 85 functional connectivity matrices constructed using Spearman correlation

between each brain region’s fMRI signal across repetitions of the encmaint and probe phases

of the task. However, note that in this chapter the networks constructed from encmaint and

probe phases of the task are explored separately and not in a multiplex construction as

previously.

5.2.3 Benchmark attack models

Here, we introduce the benchmark attack models which we use to compare our novel model

performance to. Specifically, we use three main models as benchmarks – a random attack

model and the same targeted attack model adapted from [256] and introduced in neuroima-

ging studies by Stam et al. [125], and a Euclidean distance-based attack model.

The random attack model assumes that network changes due to AD are as a result of random

decreases in network edge strength [125]. That is, for each healthy subject, we iteratively

reduce an edge in the network (encmaint and probe networks explored separately) by a factor

of two at random until the average network edge weight is equal to the average network edge

weight of our MCI converters (calculated a priori). See Fig. 5.1a for a visualization of this

process.

The targeted attack model is based off of the hypothesis that high degree (hub) nodes are

preferentially targeted in AD [125]. For each healthy subject, we follow two steps. 1) We

calculate the degree of each node in the network (see section 2.3.5 for detail). 2) We then

choose an edge with a probability based on the summed degree of the two nodes connecting

it and reduce it by a factor of two. These two steps are repeated iteratively until the average

network edge weight is the same as the average of the network edge weight of our MCI

converters. This process can be visualized in Fig. 5.1b.

The Euclidean distance-based model assumes that longer-range connections are preferen-

tially targeted in AD. It was implemented given observations that long range connections

in fMRI are preferentially damaged in AD [255, 254]. It follows a similar two-step iterative

approach as the targeted attack model, but where the probability of an edge being selected

to be reduced is based on the Euclidean distance between the two nodes (longer-range

connections are preferentially reduced). See Fig. 5.1c for more detail.
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Thus, for each healthy subject we have a simulated network of disease progression for each

of the above attack models for both the encmaint and probe phases of the task.

5.2.4 Lobe and nQ-based targeted attacks

Here, we introduce three novel attack models – nQ-based targeted attacks, lobe-based with

a focus on occipital and frontal lobes, and this same model with the addition of nQ instead of

degree to determine hub nodes.

First, we determine whether attacks based on nQ improve model performance in comparison

to hub nodes. Next, we hypothesized that Euclidean distance alone would not explain network

edge weight differences due to AD, specifically given variations seen in [254, 255]. Instead,

we explored the extent of disconnection between hub nodes in four major brain lobes – frontal,

parietal, occipital, and temporal lobes. In addition, we hypothesized that connections between

the occipital and frontal regions and the rest of the brain would be particularly of interest given

large increases in nQ that were seen in ROIs in these lobes in Chapter 3, which could indicate

a functional segregation of these lobes with the rest of the brain network, and especially given

the importance of these ROIs to visual memory binding.

As such, we begin by defining the targeted nQ attack model as an extension of the targeted

attack model in the prior section. It follows a similar two-step iterative process where first we

calculate the nQ of each node in the network (see Eq. 3.3 in Section 3.2.6 for detail). Then,

we choose an edge probabilistically based on the summed nQ of the two connecting nodes

and reduce it by a factor of two. This is repeated iteratively until the average network edge

weight is the same as the average network edge weight of our MCI converters, as seen in

Fig. 5.1d. The calculations of modularity, and subsequently nQ, follow from methodology on

modularity maximisation given in Section 3.2.7. Note that modularity and nQ calculations are

done with 10 iterations (rather than 100 as in Chapter 3) as nQ is recalculated after each edge

is reduced in the targeted nQ model. This results in a high computational time and, given the

probabilistic selection of edges, slight variations in modularity calculation are not expected to

lead to an appreciable change in simulated network outcome. This methodology is used for

all subsequent calculations of modularity and nQ.

Next, we introduce a novel simulation model, targeted OF, with four pre-defined lobes and

the rest of the ROIs grouped separately. These lobes include the four standard cerebral lobes

(frontal, parietal, temporal and occipital lobes) and where the fifth, insular lobe, is coupled with

the other remaining ROIs in the atlas [257]. See Table 5.1 for which ROIs are included in each

group and note that we use more recent definitions of the temporal lobe which include key

ROIs important to memory such as the hippocampus and amygdala [258, 259]. This model

consists of attacking the network with a probabilistic approach on the edges in the following

groups: occipital to frontal (OF), occipital to parietal or temporal (OPT), frontal to parietal or

temporal (FPT), and all other remaining edges (AO).
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Table 5.1: ROIs in each group. Here we show the 85 ROIs of the modified Desikan atlas
introduced in Section 3.2.3 and their lobe-based groupings. The 47 entries in the table each
correspond to a distinct anatomical region where all but the brain-stem are defined per
hemisphere, totalling 85 ROIs.

Lobe ROIs
Frontal caudalanteriorcingulate, caudalmiddlefrontal, lateralorbitofrontal, medialorbit-

ofrontal, paracentral, parsopercularis, parsorbitalis, parstriangularis, precent-
ral, rostralanteriorcingulate, rostralmiddlefrontal, superiorfrontal, frontalpole,
insula

Parietal inferiorparietal, postcentral, posteriorcingulate, precuneus, superiorparietal,
supramarginal

Occipital cuneus, fusiform, lateraloccipital, lingual, pericalcarine
Temporal hippocampus, amygdala, bankssts, entorhinal, inferiortemporal, isthmuscin-

gulate, middletemporal, parahippocampal, superiortemporal, temporalpole,
transversetemporal

Other thalamus, caudate, putamen, pallidum, brain-stem, accumbens-area, vent-
ralDC,

Using these groups, we first define a set of probabilities which control which between-lobe

edge group we are attacking. Subsequently, we pick an edge from this set preferentially

targeting high degree nodes and reduce it by a factor of 2. Then, as before, we check if the

average network edge weight is equal to that of the average MCI converter network. If not, this

process is repeated iteratively by first choosing the between-lobe edge set, reducing an edge

between high degree nodes, and comparing to the MCI converter network. A visualization

of this process can be seen in Fig. 5.1e. Additionally, we explore this model’s performance

across a range of probability sets to determine whether preferentially targeting edges between

specific lobes improves model performance.

The second novel attack model, targeted OF with nQ, proceeds in a similar manner as the

targeted OF model but where probabilities of choosing an edge are based on nQ. That is, first

a between-lobe edge set is chosen based on a list of predefined probabilities. Next, an edge is

selected based on the summed nQ between the two nodes and reduced by a factor of 2. Lastly,

the network average edge weight is compared to that of the average network edge weight of

the MCI converters network. This process is then repeated until the simulated network has

the same average network edge weight as the MCI converters network. A visualization of this

process is given in Fig. 5.1f.
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We calculate these network measures in healthy subjects, MCI converters, and in simulated

networks obtained from the five attack models described in the prior two sections (for both

encoding and probe networks). To compare clustering coefficient, path length, and eccentri-

city across the networks, we normalise these values by adapting the methodology by Stam

et al. [125]. Specifically, we calculate the mean clustering coefficient, Ĉm = Cm/⟨Csurrogate
m ⟩,

mean path length, P̂Lm =PLm/⟨PLsurrogate
m ⟩, and mean eccentricity, êm = em/⟨esurrogate

m ⟩. Here,

⟨Csurrogate
m ⟩, ⟨PLsurrogate

m ⟩, and ⟨esurrogate
m ⟩, denote the clustering coefficient, path length, and

eccentricity, averaged over an ensemble of 50 surrogate networks obtained from randomly

shuffling the edge weights of the original network (m, which is all five simulation models,

control, and MCI converter networks). Note that we do not complete this step for modularity

as comparison to a random null-model is inherent within its calculation. The distribution of

these network measures are used to compare controls and MCI converters to the simulated

network models for the encoding and probe phases of the VSTMBT.

5.3 Results

In this section we explore the effectiveness of three novel simulation models, targeted nQ,

targeted OF and targeted OF with nQ, at simulating MCI converters in VSTMBT-fMRI data.

5.3.1 Lobe-based targeted attacks

Initially, we compare the distributions of clustering coefficient, path length, eccentricity, and

modularity across our controls, MCI converters, and the targeted OF simulated networks for

a range of probabilities on the various between-lobe edge sets (OF, OPT, FPT, and AO). We

start with only attacks on AO, gradually decreasing these while increasing attacks on long-

range OF connections for encoding and probe networks, Fig. 5.2 and 5.3. This was done to

determine what between-lobe attacks resulted in the best performance to then compare to

our other attack models.

For the encoding networks, and as we increase the attacks on OF connections, we see in-

creases in clustering coefficient which closely matches that of our MCI converters group as in

Fig. 5.2a. Path length also increases with increasing attacks on OF connections, approaching

MCI converter, but differs significantly from the MCI converter networks (see Fig. 5.2b). A

similar increasing trend is seen in modularity, but note that while the mean approaches that of

the MCI converters group with increasing attacks on OF connections, that the distribution of

the MCI converters is large as seen in Fig. 5.2c. On the other hand, node eccentricity is closest

for [OF=0.2, OPT=0.1, FPT=0.1, AO=0.6], suggesting that while path length is increasing in

general, that some of the long-range OF connections have been over corrected for.
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(a) Clustering coefficient. (b) Path length.

(c) Modularity. (d) Eccentricity.

Figure 5.2: Targeted OF attack model for a range of chosen probabilities in encmaint.
Here we show the performance of the targeted OF attack model as targeted attacks on
OF connections increase. As these OF connections are attacked with higher probability, the
clustering coefficient (a) and modularity (c) of the simulated network approaches that of the
MCI converters. Path length also trends towards the MCI converters but not appreciably (b).
Lastly, eccentricity begins to decrease with increased attacks on OF suggesting that some
long distance paths have been over corrected in these models (d).

In the probe networks we see a similar result. Clustering coefficient in the simulated net-

works closely matches that of the MCI converters as attacks on long-range OF connections

increases. This can also be seen for the mean of modularity, though note the wide distribution

in the MCI converters in Fig. 5.3c. Path length also increases with increasing attacks on OF

but underperforms as with the encoding networks (see Fig. 5.3b). Lastly, eccentricity also

most closely matches for [OF=0.2, OPT=0.1, FPT=0.1, AO=0.6] as seen in Fig. 5.3.
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(a) Clustering coefficient. (b) Path length.

(c) Modularity. (d) Eccentricity.

Figure 5.3: Targeted OF attack model for a range of chosen probabilities in probe. We
visualize the targeted OF model with an increasing probability of attacking OF connections.
As we increase attacks on OF, and similar to the encoding results, we find that clustering
coefficient (a) and modularity (b) more closely match our MCI converters than the other
models. However, note that while mean is well expressed, the MCI converters have a wide
distribution of modularity in these networks covering all models. As before, path length trends
upward with increased attacks on OF connections though not appreciably (b). In the case
of eccentricity, there is a large overlap between all initial probability sets which does not
appreciably change with increases in attacks on OF connections (d).

In sum, across the four metrics, the targeted OF model performs best when attacks are more

heavily weighted toward OF connections.

5.3.2 Comparisons between all network models

Here, we compare all of our simulation models in the encoding and probe networks – random,

targeted, euclidean, targeted OF, and targeted OF with nQ. For the targeted OF and targeted

OF with nQ models, we choose a lobe-based probability set of [OF=0.8, OPT=0.1, FPT=0.1,

AO=0] given its performance in the previous section.
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First, we explore the encoding networks. For clustering coefficient, we find that the random,

Euclidean and targeted nQ attack models yield no appreciable change, while the original

targeted attack model performs the worst. Targeted OF and targeted Of with nQ models

perform the best with the nQ-based attack model improving slightly on the OF model. See

Fig. 5.4a for more detail. For path length, the original targeted attack model performs the

worst with all other models performing similarly and about as good as random (Fig. 5.4b).

The targeted OF with nQ model performs slightly better but not appreciably. It’s important

to note the poor performance in path length across all models. On the other hand, node

eccentricity varies much more from model to model with the random, targeted, targeted

nQ, and Euclidean models performing better than the targeted Of and OF with nQ models

as seen in Fig. 5.4d. This suggests that lobe-based targeting may be over correcting the

longest distance connections. Lastly, the performance of the random, targeted, targeted nQ

and euclidean models are poor in modularity while targeted OF, and more specifically targeted

OF with nQ, perform similarly in capturing the mean modularity of the MCI converters. See

Fig. 5.4c for more detail. Additionally, it is important to note the poor performance of the

original targeted attack model and the contrast between the two OF models and euclidean

distance model in clustering coefficient and modularity specifically. This will be discussed in

the following section.
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(a) Clustering coefficient. (b) Path length.

(c) Modularity. (d) Eccentricity

Figure 5.4: Comparison of attack models for the encmaint networks. Here we show
the six attack models in comparison to control and MCI converter networks for each of our
network measures. a) For clustering coefficient, we see the targeted attack model perform the
worst while the targeted OF (OF) and targeted OF with nQ models (nQ OF) perform best. b)
The path length is poorly expressed across all simulation models. c) Modularity is expressed
similarly in the random, targeted, targeted nQ and Euclidean models, while OF and nQ OF
more closely match the mean Modularity. d) The eccentricity on the other hand shows poor
performance in OF and nQ OF models and where euclidean and random models perform
best.

For our probe networks we see a similar result. Clustering coefficient performance in the

original targeted attack model is very poor while targeting based on euclidean distance and

nQ performs about the same as random (see Fig. 5.5a). On the other hand, performance is

improved in the targeted OF model and further improved with the addition of nQ. As before,

path length is poorly expressed in all attack models but with the poorest performance in the

original targeted attack model as seen in Fig. 5.5b. However, the targeted OF and OF with nQ
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attack models perform best in expressing the eccentricity of the MCI converters network along

with the targeted attack model (see Fig. 5.5d). Similarly to our encoding networks, modularity

is expressed best in the target OF and slightly better in the targeted OF with nQ models while

the others perform about as well as random. See Fig. 5.5c.

(a) Clustering coefficient. (b) Path length.

(c) Modularity. (d) Eccentricity.

Figure 5.5: Attack Models Probe. Here we show the performance of the six attack models
in comparison to controls and those with late-stage MCI (MCI converters). Results remain
largely similar to the encoding networks with the OF and nQ OF models performing best in
clustering coefficient (a) and modularity (c). Path length is poorly expressed across all models
(b), and unlike the encoding networks, the eccentricity is best in the OF and nQ OF models
(d).

In sum, and across encoding and probe phases of the VSTMBT, the targeted OF model

performs better than the original targeted attack model at expressing the clustering coefficient

and modularity of the MCI converter networks. This is further improved in the targeted OF with

nQ model. This same performance is not seen in path length, though performance was poor

across all models, and the associated results in eccentricity suggest that some long-range

connections could be over corrected.
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5.4 Discussion

This section explores the performance of a collection of benchmark and novel simulation

models of the progression from healthy to late-stage MCI (MCI converters).

5.4.1 Extension of targeted attack models to VSTMBT-fMRI

Targeted attack models have been used to understand the high-level mechanisms of func-

tional and structural brain organization. Predominantly, it has been found in studies of MEG,

fMRI, EEG, and DTI that connections between hub nodes are preferentially targeted in AD [169,

125, 167, 253, 168]. However, while prior evidence has shown promise in simulating AD

progression with the targeted attack model in rs-fMRI [167], task-fMRI has not yet been

explored. Furthermore, prior research explored control to AD and MCI conversion only. We

questioned whether these methods would extend to task-fMRI and in later stage MCI (MCI

converters). For this purpose, we employed the popular targeted attack model introduced

by Stam et al. [125], which preferentially attacks these hub nodes to VSTMBT-fMRI. We

found that network metrics of the simulated networks were substantially different from that

of the MCI converters, and especially the case in clustering coefficient in both phases of the

VSTMBT (encoding and probe). This suggests that hub node vulnerability may not describe

the effects of late-stage MCI and/or changes in task-specific functional connectivity unique to

the VSTMBT.

To tackle this, we wanted to test whether changes in targeting based on a different measure

of node influence (nQ rather than degree) would provide an improvement in the simulated

networks. nQ has been shown to be sensitive to AD in both MCI converters in fMRI and EEG

(Chapters 3 and 4), and that modularity as a metric has been shown to be sensitive across the

stages of disease in fMRI [20]. However, we found that targeting based on nQ alone was not

appreciably different from random attacks or those based on euclidean distance. However,

it did not experience the same drop in performance that the targeted attack model did in

clustering coefficient.

In sum, neither the popular degree-based targeted attack model nor that based on nQ effect-

ively described the changes in the VSTMBT-fMRI networks of MCI converters. Whether this

effect is due to task-based network structure or differences in early-stage AD is uncertain and

requires further research.
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5.4.2 Attacks on occipital-frontal functional connectivity

An observation in Chapter 3 was that changes in nQ as a result of MCI converting to AD

were largely composed of increases in modularity in frontal and occipital regions of the brain

and consistent with AD progression pathways and ROI involvement in the VSTMBT. These

increases in nQ can indicate a functional segregation or specialization as a result of damage,

reflecting an inhibited communication between brain functional networks (i.e., decreased cor-

respondence between systems involved in visual processing and working memory). To cap-

ture the potential disconnection between these two systems, we hypothesized that restricted

attacks targeting connections between brain functional sub-networks would lead to improved

simulation performance.

As such, we introduced two novel targeted attack models centred on increased attacks on

occipital-frontal lobe connectivity. We found that increased attacks on functional connectivity

between these specific networks resulted in marked improvement in two network measures

which describe network organization (clustering coefficient and modularity). This suggests

that brain organizational-based changes in connectivity may be driven by disconnections

between these two systems specifically. Prior research has shown that long-distance con-

nections (i.e., those between occipital and frontal regions) are damaged in MCI, early-AD,

and AD in rs-fMRI [255, 254]. Interestingly, while prior research found that these decreases

in functional connectivity were Euclidean distance dependent in early-AD [254], we found

that lobe-based attacks heavily outperformed the euclidean distance model. This discrepancy

may be explained by the task-specific demands of visual short-term memory binding. The

VSTMBT requires integration of occipital regions which underpin the retention of visually

bound features (i.e., coloured shapes) in conjunction with frontal regions as part of the working

memory network of the brain [69, 77, 260, 261, 262]. The improved performance in clustering

coefficient and modularity were seen in both targeted OF and targeted OF with nQ models.

However, it should be noted that while performance was similar, targeting based on nQ

improved performance slightly. This could suggest that a modular approach to attacking brain

networks, by first selecting between-group edges to target, may benefit from subsequent tar-

geting based on nodal contributions to modular group structure. It is of interest to extend these

methods to more refined functional network groupings (such as DMN, attentional, salience,

etc.) to see if similar results are observed. For instance, by specifically targeting occipital-

frontal disconnection in the DMN which has been observed in rs-fMRI [255].

It is important to note the generally poor performance in path length across all models. While

those based on OF connections trended towards the measurements of path length in the

MCI converters, the path lengths remained low. Prior research has also found difficulties in

modelling changes in path length between controls and AD [125, 167]. In the present study,

brain ROIs were grouped based on lobe-assignment which is limited in its complexity. Models
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which consider finer groupings (such as the inclusion of DMN, attentional, salience networks,

etc.) may observe an increased average path length connecting nodes within group to all

others. In addition, the decreased eccentricity suggests that some of the longest paths in the

network have been over corrected in the OF models.

Additionally, the wide distribution of the network measure results in our MCI converters is a

limitation. Given that AD varies at the individual level, and that AD-subtyping is becoming more

prevalent [200], per-subject trajectories could be possible by varying attacks between different

functional networks. While this was not able to be tested in this research given sample size

restrictions, future research should explore how varying attacks between different functional

sub-networks (perhaps informed by subject-specific task performance, or a priori exploration

of nQ), can test subject-specific AD trajectories. Additionally, a limitation of the attack models

proposed in this research is that they operate under the assumption that the average network

edge weight decreases from healthy to disease. While this is generally observed in network-

based studies of AD [125, 167, 168], some of our healthy controls had to be omitted from the

study given that their initial network edge weights were below that of our MCI converters. This

could be due to the early stage of AD that we are exploring, where network-based effects

have yet to have a large enough effect. In addition, further exploration of AD-subtypes may

result in separate simulation targets for individual healthy controls and thus overcoming the

issue mentioned earlier.

It is important to mention that more complex simulation models exist for AD. For instance,

The Virtual Brain (TVB) is a multimodal simulation method of the human brain which can

estimate functional activity such as EEG, fMRI, and MEG from a subject’s structural MRI and

connectivity (i.e., structural MRI and DTI) [263]. The integration of these imaging modalities

can allow for the exploration of simulated connectivity networks and an estimation of the

excitatory/inhibitory (E/I) balance of neurons in the brain which have been shown to capture

disease-specific alterations in AD [264, 265]. The simulation models presented in this chapter

are complimentary to more complex methods like TVB by providing an easily interpretable

and computationally fast way of probing and testing hypotheses in the simulation of AD

progression (which can then be further refined in TVB-based simulations). The nQ-based

simulation methods scale linearly with the number of edges (m) in the network O(m · I · J),

where I is the number of iterations until convergence in the iterated version of the GenLouvain

method (typically only a few), and J is the number of attacks before the target average

edge weight is reached. In the case of the lobe-based targeted attack method on node hubs

(degree-based), the computational time is O(m · J).
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5.5 Conclusion

Previous chapters of this thesis introduced nQ as a method of quantifying granular changes

in modular community structure for use in single and multiplex networks, and in applications

of nQ to neuroimaging data of early stage AD where modularity is known to be affected. In

Chapter 3, we found significant increases in nQ between controls and those with MCI which

converted to AD centred on occipital and frontal regions of the brain. It was natural to question

what mechanisms lead to these changes in nQ in the VSTMBT-fMRI networks. One method to

accomplish this is through simulated attack models which test hypotheses in how AD affects

brain networks by reducing edges in healthy networks to simulate damage due to disease.

We found that previous methods in targeted attacks, which focus on attacking edges between

hub nodes (high degree), did not extend to VSTMBT-fMRI networks. As such, we explored

whether targeted attacks between nodes with high nQ would improve performance. However,

we found that results in this model performed about as well as our benchmarks. Given obser-

vations of increased nQ in occipital and frontal lobes in Chapter 3, we introduced two novel

lobe-based attack models (targeted OF and targeted OF with nQ) which perform particularly

well at capturing changes in network organization due to early-stage AD (MCI converters).

However, like in prior studies, the models do not perform well in capturing network path length

of the MCI converters. This may suggest that further refinement of the lobe-based attacks

into typical brain sub-networks such as the DMN is needed. This proposed methodology also

assists in the analysis of subject-specific trajectories of AD by allowing for specific between-

subnetwork attacks to be tuned based on subject-specific task performance deficits, or by

taking into account AD-subtypes and the networks they primarily effect.

The proposed targeted attack models serve as a way to capture connectivity changes specific

to the VSTMBT in early AD. Though limited by sample size, it motivates further research

in how we can assess the mechanisms of AD progression. Namely, a refinement of attacks

to incorporate further biological or imaging-related disease mechanisms, and extensions of

targeted attack methods to other imaging modalities like task-EEG.



Chapter 6

Thesis Discussion, Limitations, and

Future Work

6.1 Thesis Discussion

This thesis focused on the application of granular network measures and models to Alzheimer’s

disease (AD), the leading cause of dementia, along with prodromal stages of the disease (am-

nestic mild cognitive impairment, aMCI) [4, 5]. Prior research combining biological biomarkers,

neuropsychological tests, and genetic risk markers have contributed to accurate methods

of defining the stages of AD and in pinpointing its progression with high accuracy [9, 10].

However, these methods are often costly, biased to the global north, and much is still unknown

given that AD varies significantly at the individual level [49]. This motivates the development

of novel methods of exploring AD, especially those sensitive to the early-stages of AD where

less damage has been done, and those that are cheaply applicable and verified in diverse

populations (i.e., the visual short-term memory binding task – VSTMBT). For this purpose,

this thesis aimed to advance the current methods of modelling and analysing human brain

networks to improve our understanding of AD. Novel network measures and models for the

analysis of single and multiplex networks were introduced, along with applications to multiple

types of neuroimaging data of MCI and early-AD in Chapters 3, 4, and 5. Along with exploring

the early-stages of AD, this thesis focused on applying these methods to the VSTMBT, to

provide further evidence of its sensitivity to early AD, along with application of these methods

in cheaper acquisition methods (EEG) and across diverse cohorts (data from Scotland and

Southern Colombia).

In Chapter 3 we introduced a novel extension of modularity, nodal modularity (nQ), from

a global measure of brain organization to individual, per ROI, contributions. This measure

provided novel insights into brain organization in comparison to other commonly used nodal

graph measures. It was hypothesized that nQ would illuminate subtle changes in network

organization which is known to be affected across the stages of AD [20]. Our results confirmed

this hypothesis, whereby nQ explored in both single layer DTI and multiplex, temporal, task-

fMRI for a VSTMBT showed marked differences in a key turning point of AD – MCI converters.

Additionally, the results showed that this effect was only observed for the binding task and not

106
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shape, agreeing with known sensitivity of the binding task to early-AD [29]. Furthermore, the

ROIs detected in this study agreed with common biomarkers of the disease, amyloid-β and

tau, in VSTMBT-fMRI, and where DTI results agreed with previously understood changes in

white matter integrity in poor memory binders [149].

In Chapter 4, we expanded on the introduction of nQ in Chapter 3. Specifically, we explored

nQ in large multiplex surrogate networks of a typical size used in neuroimaging and showed

that nQ maintained its novel behaviour in comparison to other typical measures of multiplex

node influence. Additionally, we provided a novel aggregate measure of nQ, collapsibility,

and found that it was also distinct from its most comparable measure of node flexibility. We

explored nQ and collapsibility in multiplex frequency networks of EEG during the VSTMBT

in subjects with MCI. We found that large changes in nQ and collapsibility were mostly seen

in the binding task and not in shape, consistent with our previous fMRI findings, and with

the known sensitivity of the binding task to MCI [29]. These changes were consistent with

augmented grey matter observed in MCI and changes in functional connectivity around the

thalamus [231, 232, 234, 235, 236]. Furthermore, changes in nQ were only observed in the

delta band which may reflect a hallmark of AD in EEG, the shift in power spectra from higher

to lower frequencies [228, 229, 230].

In Chapter 5, we introduced three novel targeted attack models for the simulation of healthy

to MCI converter progression in VSTMBT-fMRI. For this purpose, we explored several bench-

mark attack models and a popular attack model which targets node hubs. We found that

these models did not express the changes in network organization that occur in early-AD in

task-fMRI. In addition, one of the proposed targeted attack models on nodes with high nQ also

performed about as well as our benchmark models. As such, we proposed two additional novel

targeted attack models, targeted OF and targeted OF with nQ, which attack edges connecting

brain lobes. We found that increased attacks on occipital-frontal connections resulted in much

improved performance in capturing changes in brain organization due to early-AD, and is

consistent with the task-specific demands of the VSTMBT.

Prior evidence has suggested that the VSTMBT may be a pre-clinical marker of AD. This was

due to correlates between impaired short-term memory binding performance in preclinical

familial and early-stage sporadic AD [29, 56] and with amyloid-β deposition [67, 68]. In addi-

tion, tasks which target short-term memory binding are especially important for AD given that

they remain relatively unchanged with age while being highly sensitive to the disease [29].

This sensitivity is specific to AD where conjunctive short-term memory binding (i.e., between

colour and shape) is impaired as opposed to other, non-AD, dementias where this effect is not

observed [66]. The research presented in this thesis in Chapters 3, 4, and 5 provide further

evidence to support the VSTMBT as a cognitive biomarker of AD.
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Specifically, this thesis presents the first network-based analysis of VSTMBT-fMRI data and

the first multiplex network analysis of VSTMBT-EEG data. In these chapters, we consist-

ently saw significant results in the binding task and not shape, consistent with the known

behaviour of the VSTMBT, in addition to statistically significant regional changes in specific

ROIs connected to early-AD and/or important to memory binding, and how these changes

evolve from healthy to early-AD. Furthermore, these results are further supported by co-

authored research exploring graph-based permutation patterns of VSTMBT-fMRI signals on

DTI networks (the same data as used in Chapters 3 and 5), which revealed changes in the

binding task in ROIs across the stages of early-AD [78, 79]. More specifically, this novel

method evaluates VSTMBT-fMRI signals at each node in the DTI structural network offering a

powerful way to explore the interplay of brain structure and function. In [78], these permutation

patterns at individual ROIs when comparing controls to eMCI, MCI, and MCI converters,

revealed changes that follow a neuroanatomical trajectory consistent with the AD continuum.

Subsequently, graph-based permutation patterns were extended to the continuos case by

incorporating signal amplitude into pattern calculation [79] and explored in the same VSTMBT-

fMRI and DTI dataset as in this thesis and in [78]. The application of the continuous method

resulted in additional ROIs being identified in each stage of MCI and was consistent with

the AD trajectory mentioned previously. In sum, this thesis contributes to a growing body of

evidence which suggests that the VSTMBT is a cognitive biomarker of AD, and that nQ-based

network measures may be sensitive to a key turning point of the disease where MCI converts

to AD.

The reorganizational effects of AD on functional and structural brain connectivity has lead to

AD being named a disconnection syndrome [147]. Prior research in network neuroscience had

established that modularity is particularly sensitive to the stages of AD as opposed to other

network measures of brain organization [20]. However, this understanding in the modular

disruption of brain networks due to AD had been limited to a global level. This thesis provides,

to our knowledge, the first quantification of modularity for individual nodes (ROIs) in single and

multiplex networks, nQ, and how this measure varies, collapsibility. This presents a significant

step in understanding the modular changes in AD given that these effects were observed

in VSTMBT-fMRI, DTI, VSTMBT-EEG, and that observations from VSTMBT-fMRI could be

used to improve models of simulated disease progression. This makes a case for nQ-based

measures in the understanding and analysis of brain networks in early-AD and in identifying

the transition phase of MCI to AD conversion.

In this thesis, we introduce novel models and network measures based off of single-layer and

multiplex modularity. We used the commonly used Louvain and generalized Louvain methods

for modularity maximization as detailed in Section 3.2.7. This thesis chose modularity-based

measures given their wide-spread use, and that research supports changes in modularity as a

marker of AD [20]. However, it was previously noted that while this method is computationally
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fast, that the variability that occurs due to the randomized seeding of initial communities

requires multiple iterations to achieve stability [136, 137], leading to increasingly higher com-

putational demands as the number of edges and layers in the network increase. That is, for

the iterated version of the general Louvain method that we used (iterated_genlouvain in [130])

the computational demands are O(m ·L · I ·K), where m is the number of edges on one layer

(L), I is the number of iterations until convergence in the iterated_genlouvain method (typically

only a few in our research), and K is the number of iterations of the iterated_genlouvain (10-

100 in this thesis). This makes the nQ-based measures introduced in this thesis, when used

in conjunction with Louvain-based modularity maximization, linear in relation to the number

of total edges (m in single-layer networks and m× L in multiplex networks). While this did

not pose a significant problem in this thesis, care should be used in the application of the

network-measures and models introduced in this thesis in order to balance computational

time and stability.

Modularity is widely used in literature beyond network neuroscience. For instance, in un-

derstanding the modular structure in networks of protein-protein interaction, ecosystems,

biological systems, disease spread, and power grids [204, 205, 206]. The novel network

measures introduced in this thesis can be generally applied to any network-based analysis

exploring modular organization. This has been supported in Chapters 3 and 4, where results

of nQ’s use in neuroimaging data, other publicly available datasets, and in surrogate networks

reflect the novel behaviour of nQ in comparison to other common measures of node influence.

This represents a significant advancement in the modelling of network modularity for use

across a multitude of domains.

In sum, this thesis centres around the development of novel granular measures of community

structure and their use in understanding subtle changes in community structure in brain

networks. Chapters 3 and 4 showed not only the validity of these measures in comparison

to other single and multiplex measures of node influence, but consistent changes in both

temporal and frequency-based multiplex brain networks in the stages of MCI across multiple

neuroimaging modalities (task-fMRI, DTI, and task-EEG). Furthermore, both task-fMRI and

task-EEG data results showed distinct and expected differences between binding and shape

tasks where we observed close to no significant changes for shape across both modalities. It

should be noted that for the analyses of fMRI, DTI, and EEG, that close to all ROI results in nQ

and collapsibility were unique. While the detected ROIs were largely consistent with known

regional changes in MCI and AD, and some part of similar sub-network dysfunction (i.e., the

Thalamus in the VSTMBT-EEG data linking to the general limbic dysfunction observed in the

VSTMBT-fMRI data), there was a lack of overlap. This could be explained by a number of

factors. First, modality-specific differences between structural (DTI) and functional (fMRI and

EEG) brain networks is expected. While there is some correlation between functional and

structural connectivity [266], the modular organization of these networks can be substantially
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different and was observed in our exploration of fMRI-DTI multiplex networks of healthy sub-

jects in Section 3.3.2. Second, while the fMRI and EEG networks in Chapters 3 and 4 explored

functional connectivity of the same task, they were constructed with different atlases (Desikan

and AAL respectively), used two separate types of connectivity (correlation-based for fMRI

and phase-based for EEG) and modelled as two different types of multiplex network (temporal

and frequency-based, respectively). Furthermore, no statistically significant changes were

observed in MCI for the VSTMBT-fMRI networks while changes were observed in MCI for the

VSTMBT-EEG networks, where we did not have data of what subjects were MCI converters

and MCI subjects were more heterogenous. In addition, spatial patterns between functional

connectivity in EEG and fMRI can differ substantially and can be explained by differences in

functional connectivity measures (i.e., correlation vs. phase) [267]. The combination of the

above factors makes comparison between the results of Chapter 4 with Chapters 3 and 5

difficult.

Chapter 5 connects to Chapters 3 and 4 by introducing novel attack models that extend to

task-fMRI and simulate these granular changes in early-AD. The results reflected this where

nQ changes in Chapter 3 in occipital and frontal lobes were used to construct targeted attack

models in Chapter 5 which outperformed the benchmarks.

6.2 Limitations and Future Work

This section describes the limitations and future work that connect across multiple Chapters

of the thesis. Limitations and future work related to the individual chapters can be found in

Chapters 3, 4, and 5.

In this thesis, we maximized modularity by choosing the highest output from multiple iterations.

However, it should be noted that this does not take into account the potential for multiple high

modularity partitions of the network [136], which could lead to interpretation issues in our real-

world examples in AD. We expect this effect to be small given that we found modularity to be

tightly distributed in our real-world datasets, which were modelled in relatively small networks,

and thus the number of degenerate solutions to maximized modularity should remain small.

Future research should attempt to address these degeneracies (particularly for very large

networks where this effect is more extreme), such as by comparing the partitions from many

high-modularity solutions [268] or other methods of consensus clustering [182]. In addition,

future work may consider how nQ behaves when calculated from group assignments that are

not derived from modularity maximization. nQ may be able to be used in conjunction with

community detection algorithms that bring improvements in group segregation or computa-

tional efficiency, expanding nQ’s utility to general community detection domains by providing

an improved measure of node influence.
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In addition, this thesis explores functional connectivity networks of VSTMBT-fMRI data in

Chapters 3 and 5. These networks had limited functional dynamics given that the stages of the

task (encoding, maintenance, and probe) are fast (2-8s) while fMRI acquisition time had a TR

of 2s. This meant that the encoding phase had to be combined with the maintenance phase

of the task to ensure that there was enough data to compute correlation-based functional

connectivity. While Section 3.2.5 describes the measures taken to maximise the available

data for task-based dynamics between encoding, maintenance, and probe, it should be noted

that the encmaint networks do not reflect encoding and maintenance on their own and is thus

limited in their interpretation. However, it should be noted that results in the encmaint networks

produced consistent results across Chapters 3 and 5 along with two separate, co-authored,

publications using the same data [78, 79] where there were expected differences between

shape and binding tasks, along with ROIs consistent with known changes in MCI. While the

number of subjects in this study was small, and the temporal dynamics of fMRI limited the

resolution and interpretability of the encmaint networks, consistent results suggest that these

networks are reflecting granular changes in the VSTMBT due to early-AD.

In this thesis, nQ was introduced for unsigned networks. While negative edge weights do

have biological significance [15], the interpretation of modules constructed from negative

and positive weights is not well understood. We worried that per-subject differences in the

proportion of negative and positive edge weights would heavily influence nQ in the VSTMBT-

fMRI data in Chapters 3 and 5 and so we considered negative weights as equal to positive

weights for modularity maximization. It is of note that this was not relevant to Chapter 4, and to

the DTI data in Chapters 3, given that the networks constructed from these were unsigned by

nature. While nQ was only introduced for unsigned networks in this thesis, the general Louvain

method has been described for both signed and directed networks where extension to nQ can

follow similar methodology as described in Section 3.2.6. As such, future work should consider

the extension of nQ to signed and directed networks for the associated applications.

An additional consideration is the exploration of temporal multiplex networks in Chapter 3.

The general Louvain method used in this thesis is invariant to the inversion of the layers of

the network (G[0,T ] = G[T,0]). While the methods used in this thesis are consistent with other

temporal explorations of multiplex networks that explore modularity [17], it should be noted

that this feature of the general Louvain method is not a desirable quality for temporal network

analysis given the asymmetric properties of time [216]. Some methods of combining nQ with

other methods of community detection may be an avenue for future work, though community

detection in temporal graphs remains an open question [216].

In Chapters 3, 4, and 5, we presented granular, network-based, models of the VSTMBT in

fMRI and EEG with nQ-based methods. While these methods were explored in some non-

VSTMBT real-world and surrogate data, nQ-based methods have yet to be proven outside

this paradigm. Given that nQ is a mathematical extension of modularity, future work should
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apply these methods to resting state neuroimaging data and in other domains where modular

structure is present. Additionally, the results of this thesis present a compelling case for the

use of nQ-based methods for the analysis of early-AD. More work is needed to test these

methods in larger cohorts, determine whether MCI converters are also characterized in EEG,

and in exploring granular changes of modular structure in the later stages of AD.

6.3 Conclusion

This thesis contributes novel methods in network neuroscience for the exploration of brain

networks in early-AD. First, it improves the utility of modularity, heavily studied in network neur-

oscience and other domains, by extending the measure to individual nodes (nQ) for improved

granular analysis of networks. This measure was explored in early-AD for which a hallmark

of the disease is abnormal functional and structural connectivity in VSTMBT-fMRI, DTI, and

VSTMBT-EEG data. Importantly, nQ-based measures characterized a key turning point of AD

(MCI converters), agreed with known differences in binding and shape tasks, aided in the

simulation of VSTMBT-fMRI, and showed promise in categorizing MCI in VSTMBT-EEG. The

prevalence of AD continues to rise and inter-subject variability makes detection challenging.

Current diagnostic methods for AD are often invasive and costly, increasing the need for cheap

and widely available methods like EEG. In the future, local health clinics could combine EEG

with the VSTMBT and network methods such as nQ for early screening. With advances in AD

sub-typing and simulation models of brain-network progression, targeting specific brain sub-

networks may help address subject variability and pinpoint their position along the disease

continuum. This thesis contributes towards early-AD detection by demonstrating the feasibility

of several novel granular methods and models in brain networks, though further research is

needed before clinical application is possible.
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Chapter 3 Supplemental Material

A.1 Code and data availability

Code to calculate nQ is publicly available at https://github.com/AvalonC-C/Nodal_

Modularity. The NKI-Rockland dataset is publicly available with access, study informa-

tion and pre-processing details given in [269]. Additionally, Zachary’s Karate Club can be

accessed at http://konect.cc/networks/ucidata-zachary/. Regrettably, data access

to our VSTMBT-fMRI cohort (further information here [48]) requires clinical research access

approval from NHS Lothian and cannot be shared with any 3rd party as per their confidentiality

and disclosure of information policy. However, note that access to some of the contents of the

secondary data (current results) may be available on individual request from Javier Escudero

( ) or Mario A. Parra (

), and that clinical research access to raw data can be applied for through the NHS Lothian

Health Board.

A.2 fMRI windowing.

During fMRI scanning, stimuli onset does not always line up perfectly with volume acquisition

(i.e., a stimuli could be shown at 1.5s while the volume was acquired from 0-2s). We account

for this by approximately aligning our encmaint and probe windows to stimuli onset and

optimize to capture peak HRF. First, we compare onset of stimulus timings with the following

trial and shift our window forward or backward a volume to minimize the offset of trial start

and volume acquisition time. This resulted in an offset for our task phase window in the range

[−1.47s,0.24s]. We then shift forward our window by one volume (2s), resulting in an offset

of [0.53s,2.24s]. The reason to shift forward is to better capture the signal peak of the HRF.

To illustrate this shift’s interaction with the HRF, consider the 4s probe phase while accounting

for the 2s shift to increase the separation between the two phases. This results in our images

corresponding with the signal dynamics of the task from stimuli onset up until a point in the

range [6.53s,8.24s]. This ensures that the signal peak information occurring at 5s is captured.

It is important to note that there are a very small number of samples that do not perfectly
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capture the HRF peak. This occurs when the maintenance phase is 2s and the alignment of

the task phase window is towards the lower bound of our offset in the range t = [4.53s,6.24s].

Given that the number of cases where our window does not fully capture the HRF peak is very

small, and that the offset is only 0.47s, we maintained these samples, acknowledging that in a

small number of cases the analysed sample does not fall exactly on the peak of the HRF. This

would very slightly reduce our ability to find differences due to stimuli in the encmaint phase

of the task but we expect this effect to be minor.

A.3 Variable maintenance phase of the VSTMBT.

The maintenance phase, where subjects must remember the presented shapes or coloured

shapes, is displayed for a variable time as discussed in Fig 3.1. This is part of the fMRI

design optimization aimed at decoupling the BOLD signal from encoding and maintenance

for analyses such as statistical parametric mapping (not explored in this study). In this study,

we do not expect the variable maintenance window to appreciably influence the comparison

of nodal modularity in healthy and diseased brain networks due to the following. First, each

subject’s encmaint brain network is constructed from the correlations between repetitions of

combined instances of the encoding and maintenance phase preserving temporal variability

between brain ROIs. Second, all subjects in the study had an equal number of trials of each

maintenance phase length presented at random within the scanning session. This ensures

that the total time of all maintenance phases for each subject is equal.

A.4 Description of publicly available datasets.

Zachary’s Karate Club is a commonly used dataset for exploring community structure in

networks [270, 14]. It is a social network modelling the split in a karate club with one leader

leaving and forming their own club and taking half of the members with them. In this case,

the network’s nodes are people and the edges between them denote friendship. Zachary’s

Karate Club, though simple, features a clearly defined modular structure that aids in the

interpretation of graph metrics. Data was accessed (16/02/2024) and downloaded from http:

//konect.cc/networks/ucidata-zachary/.

The NKI-Rockland cohort is a publicly available dataset containing 196 subjects across life-

time (114 male; age range: 4-89 y.o.) [271] of pre-processed rs-fMRI and DTI data. These

were generated at 3T with the following: an acquisition time of 10:55, TR = 2500ms, TE =

30ms, voxel size = 3mm3, and on 38 slices. DTI had an acquisition time of 13:32, TR =

10000ms, TE = 91ms, voxel size = 2mm, and on 58 slices. Each of the connectomes were

parcellated into 188 regions of interest using the Craddock atlas. From these, the network
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edge weights were computed using Pearson correlation and were normalized by the maximum

edge weight to the range [0,1]. In the case of DTI, edge weight was determined by the

number of fibers that intersected at least one voxel in both the source and target region of

interest (ROI) and normalized with the same method as with the fMRI networks. For further

information, pre-processing, and availability see [269] (accessed on 30/08/2021).

Using the provided rs-fMRI and DTI matrices above, we process each subject’s data by taking

the absolute values of the fMRI connectivity networks and threshold them. Edges with the

lowest edge weight were removed until the fMRI network’s density matched that of the the

subject’s corresponding DTI network. Matching densities in this way helps to minimize some

modality specific weighting of modularity within a multiplex setting, as fMRI networks are

inherently much denser than DTI networks. However, as will be seen in the results, the two

modalities retain very different topologies as expected even after matching for density.

A.5 FDR plots.

This figure visualizes the Benjamini-Hochberg FDR correction for each of our comparisons.

Plots of observed p-values (pk) by rank (k) show the ranked p-values in our ROI comparisons

of a) fMRI multiplex control vs. MCI converters, b) DTI control vs. MCI, c) DTI control vs. MCI

converters, and d) DTI eMCI vs. MCI. FDR controlled p-values are all pi from i = 1...k, where

pk ≤ αk
m , and α is our chosen threshold. Plots of FDR adjusted p-values are also given to

more easily visualize those that pass FDR correction (those that fall under the dashed line at

α = 0.2). Note that the strength of FDR correction is influenced by the number of p-values

and so the multiplex results are more strongly controlled.



A.5. FDR plots. 116



A.5. FDR plots. 117

A.6 Single-layer vs. multiplex results for the binding task.

This table displays the ROIs which pass the thresholds of p≤ 0.05 in the comparison of control

vs. MCI converters and where p-values are controlled by FDR at α = 0.2. These ROIs reside

in either the encmaint (EM) or probe (P) single-layers or modeled together as a multiplex

network (results given seperately in the left and right sides of the table respectively). Standard

p-value (p) and effect size is displayed following permutation test and the area under the curve

(AUC) of the Receiver Operating Characteristic (ROC). Multiplex construction yields a higher

number of ROIs which pass the statistical thresholds (25 vs. 20), with lower p-values and

higher effect sizes and ROC AUC among most ROIs. Additionally, note that FDR is applied

to each layer separately in the single-layer case (85 ROIs each). Consequently, and since

FDR is more strict for a higher number of comparisons, the multiplex model displays higher

statistical power in determining regional changes in nQ between controls and MCI converters.

Single-layer Multiplex

ROIs p
effect
size

ROC
AUC

ROIs p
effect
size

ROC
AUC

EM R-caudalanteriorcingulate 0.003 2.067 0.938 EM R-caudalanteriorcingulate 0.002 2.362 0.938
EM R-fusiform 0.006 1.973 0.917 EM L-caudalanteriorcingulate 0.006 1.924 0.875
EM L-lingual 0.008 1.812 0.875 EM L-lingual 0.007 1.883 0.896
EM L-caudalanteriorcingulate 0.009 1.672 0.833 EM R-lingual 0.010 1.774 0.896
EM L-cuneus 0.010 1.608 0.875 EM L-middletemporal 0.008 1.708 0.896
EM R-lingual 0.019 1.537 0.833 EM L-pericalcarine 0.012 1.659 0.854
EM L-pericalcarine 0.024 1.478 0.771 EM R-parsopercularis 0.007 1.634 0.813
EM L-middletemporal 0.021 1.467 0.875 EM R-lateralorbitofrontal 0.006 1.624 0.875
EM R-lateralorbitofrontal 0.020 1.431 0.854 EM L-parsorbitalis 0.010 1.614 0.875
EM L-fusiform 0.026 1.379 0.813 EM L-cuneus 0.014 1.556 0.896
EM L-lateralorbitofrontal 0.025 1.129 0.771 EM L-parsopercularis 0.016 1.483 0.833
P R-caudalanteriorcingulate 0.001 2.191 0.979 EM L-fusiform 0.020 1.453 0.792
P R-lateralorbitofrontal 0.005 1.902 0.917 EM R-fusiform 0.029 1.394 0.813
P L-bankssts 0.003 1.876 0.938 EM L-lateralorbitofrontal 0.026 1.149 0.792
P L-fusiform 0.006 1.778 0.896 P R-caudalanteriorcingulate 0.001 2.363 0.979
P L-caudalanteriorcingulate 0.005 1.769 0.938 P L-caudalanteriorcingulate 0.003 2.039 0.917
P L-pericalcarine 0.009 1.763 0.854 P L-bankssts 0.001 1.722 0.958
P L-medialorbitofrontal 0.014 1.619 0.896 P L-lateralorbitofrontal 0.003 1.702 0.917
P L-parsorbitalis 0.008 1.447 0.917 P R-lateralorbitofrontal 0.006 1.663 0.896
P L-lateralorbitofrontal 0.018 1.413 0.875 P L-parsorbitalis 0.002 1.64 0.938

P L-pericalcarine 0.012 1.626 0.833
P R-lingual 0.015 1.531 0.854
P L-fusiform 0.014 1.453 0.854
P L-medialorbitofrontal 0.026 1.444 0.813
P R-bankssts 0.027 1.382 0.833
P L-lingual 0.037 1.29 0.854
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A.7 Selected ROC plots.

Here we visualize a selection of the top performing ROC curves in distinguishing controls

from MCI converters for ROIs in the fMRI multiplex binding networks. These plots represent

sensitivity (true positive rate) against 1-specificity (false positive rate), where the area under

the curve is a measure of the classifier’s performance in separating the two groups. a) ROC

curve for controls vs. MCI converters for the right caudal anterior cingulate in the probe layer

of the network (AUC = 0.979). b) Left Bankssts in the probe layer (AUC = 0.958). c) Right

caudal anterior cingulate in the encmaint layer (AUC = 0.938). d) Left pars orbitalis (AUC =

0.938). For a list of all statistically significant results in the fMRI multiplex binding networks

see Table 3.2.

(a) (b)

(c) (d)
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A.8 Changes in nQ in DTI for early MCI vs. MCI and MCI vs. MCI

converters.

This table displays the ROIs which passed p ≤ 0.05 and FDR controlled at α = 0.2. L and R

indicate the left or right hemispheres of the brain respectively. Standard p-value and effect size

is displayed following permutation test and the area under the curve (AUC) of the Receiver

Operating Characteristic (ROC).

Comparisons ROIs p effect size ROC AUC
early MCI vs. MCI R-postcentral 0.003 1.850 0.929

R-precentral 0.004 1.729 0.900
MCI vs. MCI converters

A.9 Neurospsychological tests.

Here we show the neuropsychological profile of MCI patients, early MCI patients and healthy

controls entering the study. ANOVA revealed that patients with MCI performed poorer than

healthy controls on ACE [272], MMSE [272], HVLT-DELAY and TOT [273], FAS [274], DI-

GIT SYMBOL [275], REY-IMMEDIATE and DELAY [276], GNT [277], CLOCK [272], FCSRT-

IFR and ITR [278], and TOPF [279]. More specifically, significant differences emerged from

comparisons between MCI patients and healthy controls, and MCI patients versus early MCI

patients overall. HVLT was carried out poorly from both MCI and early MCI patients compared

to the control group, whereas Rey figure delayed copy was significantly underperformed by

MCI patients only.

Although the conversion to AD in some patients has been ascertained once the collection

of neuropsychological data was done, and MCI converters have not been taken into account

here, we can conclude that these results are in line with clinical diagnosis and reflect the

progression of the disease through the spectrum.
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MCI early MCI Healthy Controls ANOVA
(N = 16) (N = 7) (N = 8)

M Mdn SD M Mdn SD M Mdn SD E(2,28)
(range) (range) (range) (p-value)

ACE 77.81 80 11.2 93.42 94 3.4 96.62 96.5 2.72 16.49
(53-97) (90-98) (91-100) (<0.001)

MMSE 25.06 25.5 3.56 29.14 29 0.9 29.5 30 0.92 9.83
(17-30) (28-30) (28-30) (<0.001)

TMT-A 71.31 55 66.77 40.85 41 10.76 39.37 40.5 7.23 1.55
(30-317) (26-55) (29-50) (0.22)

TMT-B 200 160.5 147.21 132.26 131 40.46 100 91.5 39.97 2.42
(56-585) (85-191) (50-171) (0.1)

HVLT-REC 9.68 10 2.21 10 10 1.63 11.25 12 1.16 1.87
(4-12) (7-12) (9-12) (0.17)

HVLT-DELAY 2.62 0.5 3.44 4.85 7 3.23 8.87 8.5 2.41 10.36
(0-10) (0-8) (5-12) (<0.001)

HVLT-TOT 14.56 14.5 6.13 17.28 17 3.9 23 23 4.37 6.37
(4-29) (10-22) (16-29) (0.004)

FAS 32.62 31.5 16.19 51.57 52 8.1 49.12 50 11.4 6.49
(9-65) (41-60) (31-69) (0.005)

ANIMAL FLUENCY 6.68 5.5 5.08 6.71 6 3.09 9.12 6.5 7.64 0.57
(1-12) (3-13) (6-28) (0.56)

DIGIT SYMBOL 36.18 34.5 13.92 56.85 57 7.05 55 53 16.57 8.21
(10-60) (48-66) (35-85) (0.002)

DIGIT SPAN 5.06 5 0.99 5.57 6 0.78 5.75 6 1.03 1.57
(3-7) (4-6) (4-7) (0.22)

REY-COPY 32.71 34 3.02 31.42 34 7.43 33.62 34 3.62 0.45
(24-36) (15-36) (25-36) (.64)

REY-IMMEDIATE 12.25 11.75 8.06 21.5 23 7.65 24.37 26.25 8.33 7.19
(0-23) (6-30.5) (13-34) (0.003)

REY-DELAY 12.06 14.25 9.13 19.64 20.5 7.49 21.56 19.5 8.45 (3.93)
(0-24) (5-30.5) (10-34) (0.003)

GNT 18.06 19 4.78 23.57 24 4.19 24.62 26 3.7 7.44
(7-25) (17-28) (18-29) (0.003)

CLOCK 4.25 4 0.77 4.71 5 0.48 5 5 0 4.36
(3-5) (4-5) (5-5) (0.02)

FCSRT-IFR 12.18 9.5 10.29 25 24 5.65 26.37 26.5 6.54 9.6
(0-33) (17-36) (15-35) (0.001)

FCSRT-ICR 13.06 14.5 3.66 15.28 16 1.89 15.87 16 0.35 3.2
(3-16) (11-16) (15-16) (0.056)

FCSRT-ITR 32.93 38.5 15.78 45.85 48 4.41 47.5 48 1.06 5.37
(3-48) (36-48) (45-48) (0.01)

TOPF 53.18 56.5 14.5 65.57 70 8.16 65.37 68 5.65 4.32
(27-70) (48-70) (55-70) (0.02)

GDS 2 1 2.78 1.42 1 1.51 2.21 1 2.53 0.17
(0-10) (0-4) (0-6) (0.84)

Note: Significant (p < 0.05) tests highlighted in bold.
N = Number of subjects; M = Mean; Mdn = Median; SD = Standard deviation.
ACE = Addenbrooke’s Cognitive Examination; MMSE = Mini Mental State Examination; TMT = Trail Making Test
(Version A and B) [280]; HVLT = Hopkins Verbal Learning Test-Revised (Recognition, Delayed Recall, Total
Recall); REY = Rey-Osterrieth Complex Figure Test (Copy, Immediate Reproduction, Delayed Reproduction);
GNT = Graded Naming Test; FCSRT = Free and Cued Selective Reminding Test (IFR = Immediate Free Recall;
ICR = Immediate Cued Recall; ITR = Immediate Total Recall); TOPF = Test of Premorbid Functioning; GDS =
Geriatric Depression Scale [281].
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B.1 FDR plots.

Here we show the Benjamini-Hochberg FDR correction for the control vs. MCI comparisons

made in Chapter 4. Plots of observed p-values (pk) by rank (k) show the ranked p-values in

our ROI comparisons of a) nQ in multiplex frequency networks of control vs. MCI for the probe

phase of the binding task, b) node flexibility in the probe phase of binding, c) node flexibility in

the probe phase of the shape task, d) collapsibility in encoding binding, and e) collapsibility in

the probe phase of binding. FDR controlled p-values are all pi from i = 1...k, where pk ≤ αk
m ,

and α is our chosen threshold. Plots of FDR adjusted p-values are also given to more easily

visualize those that pass FDR correction (those that fall under the dashed line at α = 0.2).

Furthermore, note that (a) visualizes nQ in the multiplex network of the four frequency bands

and thus has 464 comparisons. On the other hand, figures b-e show 116 comparisons given

that collapsibility and flexibility are aggregate measures over the four frequency bands.
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