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Lay Abstract

Synergistic activity in speci�c brain regions gives rise to large-scale brain networks,

linked to speci�c cognitive tasks. Interactions between three such brain networks

are believed to underlie healthy behavior and cognition, and these are found to be

disrupted in those with mental health disorders. The ability to cheaply and e�ec-

tively detect these networks can enable routine network-based clinical assessments,

improving diagnosis of mental health disorders and tracking their response to treat-

ment. The �rst study in this thesis found major 
aws in a popular method to assess

these networks using a suitably cheap imaging method called electroencephalogra-

phy(EEG). The remainder of the thesis addressed these issues by �rst identifying

healthy patterns of network activity, followed by designing a novel method to iden-

tify network activity using EEG. The �nal study validates the developed method by

tracking network changes after lifestyle interventions. In sum, this thesis takes a step

towards improving the clinical accessibility of such brain network-based biomarkers.
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Abstract

Several major functional networks in the brain have been identi�ed, based on sub-

regions in the brain that display functionally correlated, synchronous activity and

perform common cognitive functions. Three such brain networks (default mode net-

work - DMN, central executive network - CEN, and salience network - SN) form a

tri-network model of higher cognitive functioning and are found to be dysregulated

in a number of psychopathologies, such as PTSD, autism, schizophrenia, anxiety,

depression, bipolar disorder and fronto-temporal dementia (FTD). Current thera-

pies that improve the patient’s cognitive and behavioural states are also found to

re-normalize these dysregulated networks, suggesting a correlation between network

dysfunction and behavioural dysregulation. Hence, assessing tri-network activity and

its dynamics can be a powerful tool to objectively assess treatment response in such

psychopathologies. Doing so would most likely rely on functional magnetic resonance

imaging (fMRI), as one of the most commonly used modalities for studying such

brain networks. While fMRI allows for superior spatial resolution, it poses serious

challenges to widespread clinical adoption due to MRI’s high operational costs and

poor temporal resolution of the acquired signal. One potential strategy to overcome

this shortcoming is by identifying the activity of these networks using their EEG-

based temporal signatures, greatly reducing the cost and increasing accessibility of
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using such measures. This thesis takes a step towards improving the clinical accessi-

bility of such brain network-based biomarkers.

Doing so �rst required the exploration of a popular EEG-based method currently

being used to study brain networks in mental health disorders - Microstates. This

work uncovered 
aws in the core assumptions made in assessing Microstates, necessi-

tating the development of an alternate method to detect such network activity using

EEG. To accomplish this, it was important to understand the healthy dynamics be-

tween the three brain networks constituting the tri-network model and test one of

the core predictions of this model, i.e. the SN gates the DMN and CEN activation

based on interoceptive and exteroceptive task demands. Probing this question next

uncovered mechanistic details of this process, discovering that the SN co-activates

with the task-relevant network. Using this information, a novel machine learning

pipeline was developed that used simultaneous EEG-fMRI data to identify EEG-

based signatures of the three networks within the tri-network model, and could use

these signatures to predict network activation. Finally, the novel machine learning

pipeline was trialed in a study investigating the e�ects of lifestyle interventions on

the network dynamics, showing that CEN-SN synchrony can predict response to in-

tervention, while DMN-SN synchrony can develop in those that fail to respond. The

understanding of healthy network dynamics gathered from the earlier study helps in-

terpret these results, suggesting that the non-responders persistently activated DMN

as a maladaptive strategy.

In conclusion, the studies discussed in this thesis have improved our understanding

of healthy network dynamics, uncovered critical 
aws in currently popular methods
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of EEG-based network analysis, provided an alternative methodology to assess net-

work dynamics using EEG, and also validated its use in tracking changes in network

synchrony. The identi�ed EEG signatures of widely used functional networks, will

greatly increase the clinical accessibility of such brain network measures as biomark-

ers for neuropathologies. Monitoring the level of network activity in a�ected subjects

may also lead to the development of novel individualized treatments such as brain

network-based neurofeedback interventions.
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”Research is what I’m doing when I don’t know what I’m doing.”

- Wernher von Braun
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Chapter 1

Introduction

In recent years, Canada has faced an increasing prevalence of mental health disorders.

With approximately one in ten Canadians developing either post traumatic stress dis-

order (PTSD) or major depressive disorder (MDD) in their lifetime, this country has

one of the highest rates of mental health disorders among developed nations (Gold-

stein et al., 2016). Current clinical practices have to rely on unreliable self-reported

measures of symptom severity to develop treatment plans and track treatment re-

sponse. Often, this approach does not adequately characterize the symptom pro�le

of each individual patient, especially for those with heterogeneous psychopathologies

such as PTSD. This leads to challenges in adequately personalizing therapies, result-

ing in sub-optimal treatment outcomes, longer hospital stays and increased burdens

on the Canadian healthcare infrastructure. Thus, there is an urgent need to develop

objective measures that can be used to adequately characterize each patient's disease

pro�le and develop personalized treatment plans. One promising, yet underutilized

category of measures is brain network-based biomarkers (Parkes et al., 2020).

Several major functional networks in the brain have been identi�ed, based on

1



Ph.D. Thesis { S.B.Shaw McMaster University

sub-regions in the brain that display functionally correlated, synchronous activity

and perform common cognitive functions (Reli�on et al., 2017). Three such brain

networks form a tri-network model of higher cognitive functioning and are found to

be dysregulated in a number of psychopathologies, such as PTSD (Connolly et al.,

2014; Menon, 2011), autism, schizophrenia, anxiety, depression, bipolar disorder and

fronto-temporal dementia (FTD). Current therapies that improve the patient's cog-

nitive and behavioural states are also found to re-normalize these dysregulated net-

works (Kluetsch et al., 2014), suggesting a correlation between network dysfunction

and behavioural dysregulation. Hence, assessing tri-network activity and its dynamics

can be a powerful tool to objectively assess treatment response in such psychopatholo-

gies.

Doing so would typically rely on functional magnetic resonance imaging (fMRI),

the most commonly used imaging modality for studying such brain networks. While

fMRI allows for excellent spatial resolution, it presents serious barriers to widespread

clinical adoption for a number of reasons. First, MRI's high operational costs and

limited availability mean it is not widely used for routine health assessments. Fur-

thermore, fMRI scanning can be claustrophobic and stressful, and therefore not well

tolerated by many patients with severe mood disorders. Finally, because fMRI mea-

sures blood 
ow, an indirect correlate of neural activity, it has relatively poor temporal

resolution; it can resolve brain activity on the timescale of several seconds, but not

the millisecond level time-scale of actual underlying neural events. This calls for a

cheaper, less invasive modality that is capable of acquiring neural signals at much

higher temporal resolutions. Electroencephalography (EEG) is one such modality

that uses surface electrodes on the scalp to acquire neural signals from the underlying

2
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cortex (Gloor, 1969). Despite its bene�ts, however, EEG has not been widely used

for probing network dynamics due to its poor spatial resolution.

One potential strategy to overcome this shortcoming is by identifying the activity

of intrinsic connectivity networks (ICNs) using their EEG-based temporal signatures.

There is some evidence that the discussed brain networks have EEG signatures such

as speci�c frequency band power activity (Sauseng et al., 2005; Scheeringa et al.,

2008; Shah et al., 2017), phase signatures (Dimitriadis et al., 2015) and other spa-

tiotemporal patterns (Charbonnier et al., 2016) that could potentially be used to

identify the level of activity in each of the three networks of the tri-network model.

Identi�cation and development of such EEG signatures of ICNs as brain network-

based biomarkers will be particularly useful for tracking progress in the treatment

of neuropathologies in which network dynamics within and between these three net-

works is dysregulated. Monitoring the level of network activity in a�ected subjects

may also lead to the development of novel individualized treatments such as brain

network-based neurofeedback interventions.

This thesis takes a step towards improving the clinical accessibility of such EEG-

based ICN biomarkers by 1) exploring currently used EEG-based methods to study

brain networks, 2) understanding the healthy dynamics between the three brain net-

works constituting the tri-network model, 3) creating a novel EEG-based method

to detect such network activity and dynamics of the three networks, and �nally 4)

showing its utility in tracking intervention-linked changes in brain network dynamics.

Accomplishing this involved four major steps constituting four studies, as discussed

below.
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1. The �rst study explored the adequacy of core assumptions made by EEG Mi-

crostates, a popular EEG-based method currently used to study network dy-

namics in mental health disorders.

2. The second study investigated the network dynamics of the healthy brain during

task switching, as predicted by the tri-network model, using fMRI, the current

standard for studying brain networks.

3. Using information gathered from study 2, the third study identi�ed the EEG

signatures of the three networks by using simultaneously acquired EEG-fMRI

data, and created a machine learning model capable of predicting ICN activation

based on EEG data alone.

4. Finally, the fourth study validated the use of the machine learning model devel-

oped in study 3 by using it to investigate the ICN changes due to two lifestyle

interventions, aerobic exercise and neurofeedback, in a sample of healthy un-

dergraduate students.

These studies have collectively identi�ed unique task-linked ICN dynamics that

can be identi�ed using the newly developed machine learning model, and have shown

its proof-of-concept application in studying intervention-linked changes in ICN dy-

namics. Designed to be used clinically in characterizing and tracking treatment of

individuals with psychopathologies such as PTSD, the EEG-based ICN analysis tools

developed by these studies have greatly increased the clinical accessibility of brain

network measures as biomarkers for neuropathologies.

This thesis is organized into 8 Chapters. Chapter 2 presents a detailed review of

large-scale brain networks and general network structure in the human brain. Chapter

4
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3 introduces the challenges of collecting simultaneous EEG-fMRI data, and presents

a collection of newly developed solutions that resolve these challenges. Chapter 4

presents the results of study 1, scrutinizing the assumptions underlying EEG mi-

crostate analyses, while chapter 5 discusses the results of study 2 { the fMRI-based

assessment of ICN dynamics. Chapter 6 and 7 present the results of studies 3 and

4 respectively, discussing the developed machine learning model capable of detecting

ICN activation using EEG data alone, and its application in assessing ICN changes

after lifestyle interventions in a population of healthy undergraduate students. Fi-

nally, chapter 9 concludes the thesis by discussing the future possibility of applying

the created framework for diagnostic purposes, summarizing the major contributions

of this thesis.
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Chapter 2

Functional Brain Networks

2.1 Introduction

The brain is a complex interconnected system that determines and modulates an

individual's personality, behavior, and their abilities to perform simple and complex

tasks. Features of this complicated system have been studied at varying scales ranging

from individual synapses, to single neurons, to aggregates of a few hundred neurons,

and �nally to large scale brain regions (Varela et al., 2001).

Over the past two decades, the study of the neural correlates of human behaviour

and cognition have transitioned from a modular localist approach to a more dis-

tributed, networked systems approach (Bressler and Menon, 2010). Termed intrin-

sically connected brain networks (ICN) or simply, functional networks (FN), each

networked region forms a cluster of nodes that activate synchronously and perform

a cohesive functional role. These ICNs cover a wide range of cortical brain regions

and span numerous functions required for performing everyday actions and cognitive

processing. A subset of these ICNs are shown in Figure 2.1 (see Thomas Yeo et al.
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Figure 2.1: Seven major intrinsic connectivity networks (ICNs) found using
spatiotemporal ICA analyses on fMRI BOLD signal, labeled based on results

from Shirer et al. (2012a). Activity shown is thresholded at FDR-corrected p< 0.05.

(2011) for more ICNs). In addition to task-linked roles, some of these networks are

also essential for the thought processes ongoing in the absence of overt tasks (Raichle

and Mintun, 2006) and are involved in the integration of previous experiences and

potential future experiences into a cohesive experiential timeline, creating the concept

of the "self" (Spreng et al., 2010).

Apart from cortical nodes, recent advances in high-resolution neuroimaging have

also uncovered the involvement of sub-cortical structures such as the cerebellum in

such cognitive processes (Diedrichsen et al., 2009), suggesting their inclusion within

these distributed large-scale brain networks (Dosenbach et al., 2008).

This chapter provides an introductory exposition of ICNs by discussing key network-

based characteristics of ICNs and popular ICN-based models of cognition.

9
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Figure 2.2: Inter-hemispheric white matter tracts connecting the two cerebral
hemispheres via the Corpus Callosum. Such tracts form the edges of the structural

connectome. See Oishi et al. (2008) for more details.

2.2 The Connectome

Mirroring the "genome" that represents the collection of genes subserving all pheno-

types, the connectome refers to the collection of connectivity patterns between brain

regions that underlie complex behaviour, emotions and cognition [SBS:cite Sporns,

2005 and Hagmann, 2005]. The connectome is often described by the functional

connectivity (functional connectome) that arises between brain regions that are also

structurally connected through white-matter tracts (structural connectome). As ex-

pected, the structural connections remain relatively stable over time (Bullmore and

Sporns, 2009), while the functional connections are found to dynamically change with

task-speci�c demands.

10
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2.2.1 Terminology

The connectome has been popularly characterized using graph theory, where each

brain region forms anode, and each connection between a pair of brain regions forms

an edgewith an associatededge weightthat corresponds to the strength of the connec-

tion between these brain regions. The edge represents a physical connection between

brain regions via white-matter tracts for structural networks, and a functional link in

the case of a functional network. Additionally, each edge can also have an associated

direction representing the direction of information 
ow, making the graph adirected

graph.

Constructing graphs using these principles gives rise to natural node-based net-

work measures that can characterize local and global brain network structure. One

such measure is thenode degree, which refers to the number of other nodes connected

to a given node. Highly connected nodes (high degree) can be critical for information

transfer, forming ahub (van den Heuvel et al., 2010; Power et al., 2013). Such hubs

are often also associated with lowaverage path length, referring to the average number

of nodes that need to be traversed before reaching the current node. Hence, the hubs

can be reached quickly from other nodes in the network, and conversely, the hub node

can reach other network nodes without needing many intermediate nodes. Hubs are

also characterized by lowclustering, which represents the extent to which the current

node forms isolated clumps of nodes. In other words, hubs are connected to a wide

range of nodes in the network and rarely form isolated clusters of connections with a

limited number of nodes. Finally, hubs also portray highbetweeness centrality, which

is the number of shortest paths connecting other pairs of nodes passing through the

current node. This measure represents the "connector" property of the node and a

11
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Figure 2.3: A graph of major characters in Les Miserables. A. Each node represents
a character, while each edge represents a scene in which the characters appear

together. The communities/modules are shown in di�erent colors. B. The node with
the largest degree and betweeness centrality is highlighted, showing its hub-like

properties. The data was sourced from The Stanford Graphbase, and visualized by
Connectthedots.

high value means that other nodes can use the current node as an intermediate node

to quickly to get to other nodes in the network.

These brain networks are analogous to social networks, where each person is a

represented by a node and some relationships between people form the edges of the

social graph. This is portrayed in Figure 2.3, where a graph is constructed based

on the on-screen appearance of actors in the Les Miserables movie. In this example,

Valjean is well connected to other actors (high degree), and can reach most other

actors through his current acquaintances (low average path length). Furthermore,

Valjean interacts with a wide range of actors, not limiting himself to a select few

(low clustering). Finally, if some actor wanted to convey a message to another actor,

12
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they could do so quickly by asking Valjean to convey the message, either directly, or

through his primary contacts (high betweeness centrality). Hence, Valjean would be

considered a hub in this network.

Study of the brain-derived graph has uncovered numerous hubs within the brain (Power

et al., 2013), some of which are even connected to other high degree nodes, forming

"rich clubs". These clusters of high degree nodes are critical for information trans-

fer (van den Heuvel and Sporns, 2011), and are found at highly connected brain

regions such as the hippocampus, precuneus, thalamus, and key fronto-parietal re-

gions (van den Heuvel and Sporns, 2011). Interestingly, these regions also are key

hubs within major ICNs and are essential nodes for connecting di�erent sub-regions

within the network, as discussed below.

In addition to hub-driven connectivity seen in the human brain, study of the local

and global graph structure of the human connectome has revealed a "small-world"

organization, referring to a structure that has numerous local connections with few

long distance connections. Continuing with the social network analogy, this phrase is

derived from the sensation of a "small-world" that one may feel after �nding common

acquaintances with a new person that they may meet. This is a by-product of most

social networks usually being limited to numerous close people (short-distance/local

connections) with a few long-distance acquaintances (long-distance connections), that

allows disconnected clusters of people to be connected. Such an organization is con-

sidered e�cient, since people perform most tasks with their local social circles, while

occasionally connecting with new people in other social circles via their acquaintances.

In the context of neural processing, a small-world network organization allows for ex-

tensive lower level processing within local clusters, followed by processed information
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being transferred between distant brain regions over longer-range connections. The lo-

cal connections are known to be much more stable under normal cognition, compared

to the longer range connections, which can change based on task demands (Park et al.,

2012). Such a small-world organization can also be disrupted by psychopathologies

such as schizophrenia (Bassett et al., 2008), or even psychedelic drugs such as psilo-

cybin (Petri et al., 2014). In fact, schizophrenia is known to a�ect some of the hubs

discussed above, a�ecting information 
ow between major sections of the ICNs (Van

Den Heuvel et al., 2013). Interestingly, the small-world structure seems critical for

extremely basic cognitive functions such as consciousness, with propofol-induced loss

of consciousness leading to a breakdown of longer-range connections and reorganiza-

tion of hub structure, which re-emerge once the e�ects of the anesthetic wear o� and

the patients gain consciousness (Lee et al., 2013).

This small-world organization results in an e�cient hierarchical system that shows

high clustering, and short path lengths, that are repeated at multiple scales (scale-

free). The dense local connections form sub-modules/sub-networks, that in turn

connect with other sub-modules/sub-networks to form the modules/ICNs described

earlier, which communicate across the longer range global connections (Park and Fris-

ton, 2013). Given that the intrinsically connected networks (ICNs) are a byproduct

of heirachical organization of the small-world brain architecture, disruptions in the

small-world architecture lead to dysregulated ICN activity and dynamics. Conse-

quently, a wide range of psychopathologies that disrupt the graph structure of the

human connectome (Van Den Heuvel et al., 2013) also show disruptions in ICN con-

nectivity and dynamics (Menon, 2011). Hence, ICN changes can be a promising

indicator of changes in the underlying connectome, and can be used as biomarkers
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for the characterization of psychopathologies.

Around the turn of the previous decade, researchers started synthesizing these

links between network structure, cognition and behaviour into network-based cogni-

tive frameworks that could explain a wide range of network, behavioural and cognitive

dysfunctions observed in such psychopathologies (Dosenbach et al., 2008; Bressler and

Menon, 2010; Menon, 2011). Two such in
uential network-based models of cognition

were largely adopted to describe behaviour, attention and cognitive control, and are

discussed in detail in the following sections.

2.2.2 Dual-networks model

Over the past few decades, numerous studies have attempted to understand the neu-

ral underpinnings of top-down cognitive control and develop practically relevant mod-

els (Hammond and Summers, 1972; MacDonald et al., 2000; Koechlin et al., 2003).

Many of the earliest �ndings of focal neural activation underlying cognitive control

found that the dorso-lateral prefrontal cortex (dlPFC) and the anterior cingulate

cortex (ACC) were both activated during top-down control and working memory

tasks (D'Esposito et al., 1995; MacDonald et al., 2000; Koechlin et al., 2003). Inter-

estingly, this was often accompanied by coherent activation in some parietal (poste-

rior parietal cortex - PPC) and opercular (insula) brain regions (D'Esposito et al.,

1995; Cohen et al., 1997). These connected brain regions were eventually found to

exhibit "small-world" architecture, and constituted two functionally distinct brain

networks that worked together to accomplish working memory and top-down cog-

nitive control (Dosenbach et al., 2008). Under this model, the frontal and parietal
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brain regions form a fronto-parietal control network (FPN), while the anterior cingu-

late and insulo-opercular regions form a secondary cingulo-opercular control network

(CON), with some cerebellar nodes bridging these two networks. This model posits

that both networks maintain task-relevant information, albeit for di�erent purposes.

The FPN is ascribed an adaptive control role that rapidly adapts to changes in the

task, while the CON performs stable set-maintenance. These related yet distinct

roles are thought to run in parallel, leading to a "reactionary" FPN network that

can quickly react to changes/errors in the environment, which is then integrated over

a longer time period within the CON to create a more stable representation of the

relevant items in working memory. Follow-up work has shown that these networks are

comprised of multiple sub-networks, much like the small-world architecture discussed

in the previous section.

The FPN is found to have numerous distinct sub-networks (Thomas Yeo et al.,

2011; Dixon et al., 2018), that have distinct functional roles (Nee, 2021). For instance,

a gradient of functional hierarchy exists within the frontal and parietal brain regions,

such that regions most distal to the sensory-motor cortices process the most abstract

levels of information that are relevant for future decisions (internal), while regions

that are proximal to the sensory-motor cortices process progressively less complex

information, which are based on the current inputs (external) (Nee, 2021). In the

context of this gradient, the dlPFC and the PPC of the FPN seem to be located in

an "intermediary" zone that is thought to facilitate integration of FPN-based cog-

nition with goal-directed behaviour and lower-level attentional control. The former

is achieved by integrating with default mode network (DMN) sub-regions located
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distally along the sensory-motor axis, while the latter involves integration with dor-

sal attention network (DAN) nodes located proximal to the sensory-motor cortices.

Hence, integration between various large-scale brain networks seems necessary for

appropriately processing and interacting with events in everyday life.

An alternate model was proposed based on this principle of network interactions

that modeled cognitive and behavioural dysfunctions as disruptions in network inter-

actions. This model is described in detail next.

2.2.3 Tri-network model

Out of the large number of previously identi�ed FNs spanning a wide range of brain

functions, the dynamics of three large-scale brain networks are thought to underlie

the majority of behavioural and cognitive processes while performing everyday tasks.

This tri-network model (Menon, 2011) extends the Dosenbach et al. (2008) model

described above by including the FPN and CON as the central executive network

(CEN) and the salience network (SN), respectively, in addition to the default mode

network (DMN). The tri-network model posits that the CEN is involved in extro-

ceptive processing, working memory and other executive functions; the default mode

network (DMN) is involved in interoceptive processing, autobiographical memory re-

trieval, imagining the future, spatial planning and navigation and self-re
ection; and

the salience network (SN) modulates switching attention between exteroceptive and

interoceptive cognitive processes by switching between the engagement of the CEN

and the DMN, respectively. Recent evidence suggests that performing tasks reliant on

these networks, such as recalling previous autobiographical memories and remember-

ing a word seen in a stream of words, requires dynamic interaction between the three
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networks and that task switching is modulated by the SN, that co-activates with the

task-appropriate network (Shaw et al., 2021). Appropriate network switching dynam-

ics between these three core networks is thought to be critical for healthy cognitive

and behavioural processing, and disruptions in normal inter- and intra-network ac-

tivity between these networks have been observed in numerous neuropsychological

conditions a�ecting emotion and cognition. For instance, in Major Depressive Disor-

der (MDD) (Connolly et al., 2014), patients have trouble down-regulating activity

within the DMN resulting in symptoms such as persistent rumination (Nejad et al.,

2013). Furthermore, increased connectivity of the dorsal mid-insular cortex has been

shown to be associated with increased depressive symptom severity. Another example

of aberrant interaction of these brain networks associated with neuropathology is seen

in Post-Traumatic Stress Disorder (PTSD), where disruptions in the integration of

various DMN, CEN and SN components have been observed, including the posterior

cingulate cortex (PCC)/Precuenus (Bluhm et al., 2009; Rabellino et al., 2015; Lanius

et al., 2015), ventrolateral prefrontal and anterior cingulate cortex (Rabellino et al.,

2015), ventromedial prefrontal cortex (vmPFC) and hippocampus (Sripada et al.,

2012). Abnormal activation of the DMN has also been observed in PTSD patients

while switching to a working memory task that normally recruits the CEN (Daniels

et al., 2010). The neural substrates of numerous other psychological disorders, such as

bipolar disorder, schizophrenia and mild cognitive impairment (MCI) (Menon, 2011),

also overlap with critical DMN, CEN and SN nodes and it is therefore clinically rele-

vant to e�ectively study and track the dynamics of these three networks. The nodes

constituting these networks, and their functional roles, are further discussed in the

following sub-sections.
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Default Mode Network (DMN)

The default mode network (DMN) consists of some key nodes within the pre-frontal

cortex (PFC), posterior parietal cortex (PPC) and medial and lateral temporal cor-

tices (MTC/LTC) (Raichle, 2015) and is the predominantly active network when the

person is not performing any particular task (Raichle, 2015). For this reason, this

network was initially mis-characterized as simply re
ecting the brain's idling state

and was also referred to as the default network or task-negative network. However,

a large body of evidence shows that the DMN subserves a wide range of cognitive

tasks involved in internally-directed thoughts, spanning numerous distinct functional

domains, which map onto three distinct sub-networks (Andrews-Hanna et al., 2014;

Thomas Yeo et al., 2011).

The dorso-medial sub-network is comprised of the temporal pole (TP), lateral

temporal cortex (LTC), temporo-parietal junction (TPJ) and the dorso-medial PFC

(dmPFC). This sub-network has been linked to semantic comprehension and social

cognition or "Theory of Mind" tasks such as associating emotions and desires to one-

self and/or others and processing of social and non-social touch interactions (Lee Mas-

son et al., 2020).

While the dmPFC is heavily involved in knowledge of others, the ventromedial

prefrontal cortex (vmPFC), discussed in the next sub-section, is more responsive to

self-referential information (Raichle, 2015).

The medio-temporal sub-network is comprised of the hippocampus, parahip-

pocampus, retrosplenial cortex, posterior inferior parietal lobule (pIPL) or angular
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gyrus (AG) and the ventromedial PFC (vmPFC). This sub-network has been associ-

ated with autobiographical memory retrieval, episodic future thinking and contextual

memory retrieval.

The vmPFC is a key hub of this sub-network that receives external sensory input

from the orbitofrontal cortex and relays it to deeper structures such as the hippocam-

pus, amygdala and even the periaqueductal-grey (PAG) (Nicholson et al., 2017) that

are important for episodic memory, scene construction (Hassabis and Maguire, 2007)

and emotion regulation (Raichle, 2015). Reciprocal connections with these deeper

structures can also modulate the activity of the vmPFC (Raichle, 2015; Lanius et al.,

2006).

The core network , also known as the cortical-midline sub-network (Kim, 2012),

�rst mentioned byNortho� and Bermpohl (2004), integrates information from the

two sub-networks discussed above, and is composed of the posterior cingulate cortex

(PCC) and the antero-medial PFC (amPFC). It is primarily involved in self-referential

processing and emotion evaluation, while also co-activating with the medio-temporal

and dorso-medial sub-networks during autobiographical memory and social cognitive

processes respectively.

More speci�cally, the ventral PCC (vPCC) correlates with the rest of the network

during most of the previously mentioned tasks, while the dorsal PCC (dPCC) is

associated with salient environmental cue detection and monitoring for behaviourally

relevant , and is connected with key cognitive control centres in the brain (Leech

et al., 2011). PCC is also heavily connected to the precuneus and this link is essential

for the DMN's involvement with spatial navigation (Byrne et al., 2007).
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The amPFC is heavily connected to other DMN nodes and is involved in autobi-

ographical memory retrieval, episodic future thinking, a�ect and arousal regulation,

positive and negative emotional reward and perceived value (Andrews-Hanna et al.,

2014). Hence the amPFC is considered an integrative hub for salient external infor-

mation, prior episodic memories and current a�ective state. Given its proximity to

the vmPFC, the amPFC and vmPFC share some common a�ect processing functions,

however, they may have unique roles in self related and situational processing (Lieber-

man et al., 2019).

The amPFC and PCC hubs are thought to drive active and passive self-referential

thoughts, respectively, where a self-reference task activates the amPFC, while passive

resting state activates the PCC (Benjamin et al., 2010). Additionally, Self-related

memory encoding and retrieval processes were originally thought to be left and right

lateralized, respectively (Craik et al., 1999), however, there is now considerable evi-

dence surrounding the left lateralization of self-referential processing (Axelrod et al.,

2017) and autobiographical memory retrieval (Kim, 2012).

The dorso-medial and the medio-temporal sub-networks are often pooled into a

larger parieto-temporal subnetwork (PTS) involved in memory retrieval tasks (Kim,

2012), containing the inferior parietal lobule (containing the temporo-parietal junction

and angular gyrus), medial temporal lobe and lateral temporal cortex nodes (Kim,

2012).

Interestingly, the dynamics of DMN activation is known to change depending on

the dynamics of the task being performed. For example, the DMN is heavily involved

in the retrieval of autobiographical memories and shows di�erent temporal activation

dynamics depending on the nature of the AM. General AMs that have sparser details
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and are more generalized have a shorter time-to-retrieval, compared to speci�c AMs

that have a greater amount of detail about the speci�cs of the memory (Addis et al.,

2004).

Central Executive Network (CEN)

The central executive network (CEN) is a complex attentional control system that is

anchored in the dorso-lateral prefrontal cortex (dlPFC) and some parietal regions. For

this reason, it is sometimes referred to as the frontoparietal attention, frontoparietal

control network, or task-positive network and is responsible for a host of executive

functions such as updating working memory, inhibitory control or selective attention,

multiple task coordination (Collette and Van der Linden, 2002; Baddeley, 1996), and

random sequence generation (Baddeley et al., 1998).

Norman et al. (1986)'s two-pronged model suggests that executive functioning is

a part of the supervisory activating system (SAS) that takes over attentional con-

trol from an implicit habit-based system when schema-based actions are no longer

appropriate. This requires multiple component systems working in concert with one

another to perform the task at hand, as described by the three-component Baddeley

and Hitch (1974) model. Under this model, a modality-invariant central executive

system receives information from the visuospatial and verbal subsystems through the

visuospatial scratchpad and the phonological loop respectively. Each of these sub-

systems has distinct storage-rehearsal substructures, with rehearsal processes main-

taining the stored objects in the respective short term memory (Smith and Jonides,

1997; Barton et al., 1995; Washburn and Astur, 1998).
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The visuospatial scratchpad maintains and manipulates visuospatial representa-

tions of task relevant objects (Vallar and Pagano, 2002). The storage of these visu-

ospatial representations is subserved by the right posterior parietal cortex (PPC) (Smith

and Jonides, 1997; Byrne et al., 2007; Dhindsa et al., 2014), while the rehearsal-

based maintenance of these representations involves right premotor areas (Smith and

Jonides, 1997).

The phonological loop maintains verbal/phonological short term memory, which

is refreshed by an articulatory rehearsal process (Vallar and Pagano, 2002). The

phonological storage is responsible for verbal/phonological short term memory and is

centered around the left inferior parietal cortex (BA 40) (Smith and Jonides, 1997),

whereas the loci for sub-vocal rehearsal that maintain these objects in storage are

the left Broca's area/inferior frontal gyrus, left premotor area and left supplementary

motor areas (Smith and Jonides, 1997; Fegen et al., 2015). The medial frontal gyrus

(MFG) and superior parietal lobule (SPL) are also involved in the rehearsal process

albeit in a general supervisory role (Fegen et al., 2015).

Representations of task relevant objects can exist in either of these two systems

as visual or verbal objects, and can transform from one to another via a fourth

component - the episodic bu�er (Baddeley, 2000). This bu�er integrates information

across the sensory subsystems and long-term episodic, visual and linguistic memory,

forming a modality-invariant representation and is known to have a limited capacity of

around 7� 2 objects (Kami�nski et al., 2011). Such distributed patterns of modality-

speci�c information localized in respective sensory cortices that are integrated at the

parietal and prefrontal structures over increasing time lags has led to a more modern

distributive view of working memory (Christophel et al., 2017).
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The central executive processes that function at the level of modality-invariant

working memory, such as temporal coding, integrate across the sensory subsystems

and are located in the dorsolateral prefrontal cortex (dlPFC). Unlike the visuospatial

and the verbal subsystems that are right and left lateralized respectively, dlPFC is

found to be bilaterally activated (Smith and Jonides, 1997; Baddeley, 2003).

Numerous tasks have been used to probe executive functioning, with each task

activating di�erent executive subprocesses. For example, while the Wisconsin card

sorting test (WCST), the go-no-go task and stroop interference trials all rely on in-

hibitory control processes, the WCST additionally relies on the executive function of

shifting task attention (Collette and Van der Linden, 2002). Towers of Hanoi/London

is an example of a task that relies on frontal lobe-linked planning and strategy (Sulli-

van et al., 2009) in addition to some inhibitory control (Collette and Van der Linden,

2002). N-back tasks are another popular task that relies on the multi-component

executive process of temporal coding (Collette and Van der Linden, 2002; Smith and

Jonides, 1997) and reliably activates frontal regions such as frontal poles, dlPFC,

vlPFC, and latero-medial premotor cortices, in addition to some parietal regions such

as medio-lateral posterior parietal cortices, dorsal cingulate (Owen et al., 2005; Yaple

et al., 2019), and the precuneus (Yaple et al., 2019).

Interestingly, some brain regions such as IFG/vlPFC and the inferior parietal cor-

tex (BA 40), that constitute some CEN sub-networks, are also found to integrate with

the DMN, and are consequently thought to also be a part of DMN sub-networks. In

fact, recent work in dynamic functional connectivity �nd that such association cor-

tices can dynamically switch network membership, and that this switching behaviour

is desirable for optimal cognitive functioning (Pedersen et al., 2018).
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Salience (SN)

The salience network is composed primarily of two major cortical nodes, the anterior

insula (AI) and the dorsal anterior cingulate cortex (dACC) (Menon, 2011), and

some non-cortical structures such as the amygdala, ventral striatum and the ventral

tegmental area/substantia nigra (VTA). It is responsible for detecting higher-level

emotional and reward-linked salience of incoming stimuli, and driving goal-directed

behaviours (Sridharan et al., 2008; Menon and Uddin, 2010; Menon, 2015).

The anterior insula (AI)/frontoinsular cortex (fIC) receives a wide range of

sensory input, along with emotional and reward-linked salience information from the

sub-cortical nodes of the SN. Consequently, AI is thought to integrate across these

inputs to detect stimuli coherent with behaviourally relevant actions in a goal-directed

manner.

The dorsal anterior cingulate cortex , unlike the a�erent-heavy connection struc-

ture of AI, has extensive e�erent connections to somatomotor and primary motor

areas (Menon, 2015), along with some outputs to hypothalamus and peri-aqueductal

grey (PAG) Menon and Uddin (2010). The dACC node is heavily involved with

response selection, introceptive and autonomic processing (Mesulam, 1998).

The sub-cortical structures that constitute the SN include key nodes of the limbic

system and reward circuitry - the amygdala and the ventral striatum/VTA respec-

tively, which detect negative valence and reward salience of received stimuli. These

feed into the AI to be integrated with other sensory input.

The two primary nodes of the SN have a very characteristic cytoarchitecture
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involving single spindle neurons called Von Economo neurons, which seem to be pri-

marily localized at the AI and dACC in the primate brain (Menon, 2015). This

provides an extremely e�cient communication pathway between the AI and dACC

via the white matter tracts of the uncinate fasciculus (Menon, 2015).

After detecting the emotional, social or task-linked salience of an input, the SN

acts as a "gate" by activating the relevant functional network to further process and

respond with an appropriate action, as described in the following section.

While the nodes described above constitute the canonical salience network in-

cluded in the original tri-network model, recent evidence has shown that this network

is in fact a smaller anterior component of a larger salience system (Shirer et al., 2012b).

A secondary salience sub-network (named the posterior salience sub-network) is found

to closely interact with the above discussed nodes, performing multisensory integra-

tion in the context of emotions and processing embodiment (Harricharan et al., 2021).

A core node within this sub-network is the posterior insula, which is thought to pro-

cess thermosensory and pain information. In fact, the primary thermosensory cortex

is believed to be located in the posterior insula, allowing it to cohesively integrate

these experiences with other bottom-up sensory information reaching the posterior

insula via thalamic, limbic and brainstem structures (, Bud). Hence, the posterior

insula is able to identify internal bodily changes, and is found to be dysregulated

in the dissociative subtype of PTSD, where processing of body-related sensations or

embodiment is lacking (Harricharan et al., 2020).
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2.2.4 Detecting Intrinsically Connected Networks (ICNs)

The connected nature of these network nodes poses a particularly di�cult challenge in

adequately detecting their activation. Firstly, non-invasively collecting signals from

small nodes located deep within the brain requires a functional imaging modality,

such as functional magnetic resonance imaging (fMRI), that can identify regions with

high spatial resolution. However, this comes at the cost of poor temporal resolu-

tion since fMRI requires considerable time to collect signals from the entire brain

at each time point, and is limited by the slow haemodynamic response (as described

below). Conversely, functional imaging modalities with �ne temporal resolution, such

as electroencephalography (EEG) and magnetoencephalograpy (MREG), su�er from

poor spatial resolution. This trade-o� between spatial resolution and temporal reso-

lution is at the heart of this thesis, as we use multi-modal methods to combine these

two modalities, combining the strengths of the respective modalities. Each individ-

ual imaging modality is brie
y described next, while the next chapter explores the

challenges of combining these modalities together.

Functional Magnetic Resonance Imaging (fMRI)

First discovered by Seiji Ogawa in 1990, functional magnetic resonance imaging has

become one of the most popular imaging modalities over the past three decades.

FMRI senses neural activity by identifying changes in levels of blood oxygenation

(i.e. Blood Oxygen Level Dependent (BOLD) signal), due to the phenomenon of

increased blood 
ow in the local area of increased neural activity. This "haemody-

namic response" results in an increase in the local ratio of oxygenated/deoxygenated

blood, which in turn changes the local magnetic properties due to deoxyhaemoglobin's
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paramagnetic nature, leading to an increase in the localT �
2 relaxation time. This T �

2

relaxation time refers to the time it takes the Hydrogen (H) atoms in the brain tissue

to move out of phase with each other, after all the H atoms have been simultane-

ously excited by a pulse of energy (aligning their phases together). The rate at which

this occurs depends on the local inhomogeneity of the magnetic �eld, since this in-

homogeneity causes the H atoms at di�erent locations to spin at slightly di�erent

speeds. Therefore, MRI imaging sequences that areT �
2 weighted (i.e. sensitive to

the T �
2 relaxation time) show increased intensity in local areas of increased neural

activity. Each voxel's intensity then represents the aggregate activity of the neurons

contained within that voxel at a given time. Multiple whole-brainT �
2 weighted images

detect the temporal progression of neural activity at each voxel, resulting in a BOLD

time-series.

The activity-linked peak in blood 
ow (haemodynamic response) occurs around

3-6 seconds after activity onset (Weiskopf et al., 2004), leading to a signi�cant delay

in detecting neural activity using the BOLD signal. Additionally. the time required

to image the whole brain at each time point often limits the sampling rates of this

modality to < 1Hz. Together, these factors severely limit the temporal resolution of

the fMRI-derived BOLD signal to several seconds. Yet another drawback of fMRI is

the high cost of acquisition and operation, which limits the ability to use this modality

for repeated assessments of neural activity.

Despite these shortcomings, fMRI is one of the most commonly used modalities

for studying large-scale brain networks due to its excellent spatial resolution that

allows for e�ective identi�cation of spatially separated clusters.
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Electroencephalography (EEG)

EEG is an alternate imaging modality that is considerably less expensive than MRI,

and boasts much higher temporal resolution (on the order of microseconds). Elec-

troencephalography (EEG) uses surface electrodes on the scalp to detect neural signals

from the underlying cortex (Gloor, 1969).

The neural origin of the EEG signals are thought to be the graded postsynap-

tic potentials of the neural cell body (soma) and the apical dendrites of vertically

orientated pyramidal cells in cortical layers three, four and �ve (Mayer and Bellgo-

wan, 2014), caused by their synchronized polarization and depolarization. The EEG

electrodes are also sensitive to vertical currents that are 
owing perpendicular to the

scalp, in the extracellular space (?). Since the source of these stray currents could

be neurons other than those directly underneath the electrode, the EEG signal at an

electrode is in
uenced by a fuzzy "ball" of neural tissue centered at the electrode.

Furthermore, the impedance of the overlying CSF, skull and tissues further attenuate

and spatially blur the neural signal (Rice et al., 2013), thereby reducing the spatial

resolution of the EEG signal to an area of 10 cm2 due to limited conductance of the

neural tissue, and the distance-dependent attenuation of the electrical �elds gener-

ated by the cortical apical dentrites (Buzs�aki et al., 2012). Furthermore, since the

EEG electrode is sensitive to all electric currents generated close to the scalp, it is

often contaminated with other electrical activity such as cardiac activity, underlying

muscle activity, eye movements, eye blinks, power line noise and motion artifacts.

Hence, despite its advantages, EEG is not the preferred modality for probing network

dynamics.

However, improvements in signal processing and the potential bene�ts of using
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EEG have motivated the development of numerous EEG-based network measures in

recent years.

One notable EEG-based measure being used to probe network dynamics is EEG

Microstates. Thought to represent "atoms of thought" (Koenig and Lehmann, 1996),

EEG microstates describe the continuous changes in EEG scalp topology as discon-

tinuous transitions between quasi-stable "microstates" with �xed scalp topologies.

This analysis method has been popularized due to its ease of use and the correla-

tion between the identi�ed microstates and some major ICNs (Britz et al., 2010).

However, there is some disagreement in the network-based interpretation of some of

these microstates, and recent work (some in chapter 3 of this thesis) shows that some

major assumptions underlying EEG microstate analysis might not be appropriate for

representing network dynamics. This is further discussed in chapter 3.

Other amplitude and phase-based EEG-based measures of connectivity have also

shown promise in detecting ICN activity. These are discussed in detail in chapter 6.
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Chapter 3

Simultaneous EEG-fMRI:

Challenges & Solutions

3.1 Introduction

One solution to overcome the respective shortcomings of EEG and fMRI (discussed

in the previous chapter) is to concurrently record both EEG and fMRI data. This

poses several technical challenges stemming from the interaction of EEG electrodes

and the rapidly changing magnetic �elds used during fMRI scanning.

This is similar to the home experiment performed by repeatedly moving a perma-

nent magnet in and around a loop of wire. This small-scale experiment shows a small

current induced in the wire loop due to the magnetic �eld. The induced current is

proportional to the change in magnetic 
ux (number of magnetic �eld lines per unit

area) passing through the wire coil, and can therefore also be induced by a rapidly

changing external magnetic �eld. The impact of the magnet on the current in the

wire loop in this experiment is identical to 
uctuating currents in the EEG electrodes
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induced currents by the rapid changes in magnetic �eld required during fMRI imag-

ing. Unfortunately, the magnitude of this induced current is orders of magnitude

larger (on a scale of volts) than the EEG signal of interest (on a scale of microvolts),

requiring additional �ltering before the EEG signal can be used for further analysis.

Since this artifact is derived from the MRI gradient �elds, this artifact is called the

gradient artifact (GA).

The paper discussed in this chapter describes the simultaneous EEG-fMRI setup

used for the EEG-fMRI data collected in this thesis, and provides an overview of pop-

ular methods used to �lter the GA. The paper additionally introduces two alternate

GA �ltering methods -

1. A parallelized implementation of FASTR, a popular GA �ltering method, that

leverages the multiple cores available on modern computers to greatly accelerate

the GA �ltering process.

2. A novel frequency-domain based GA �ltering method that further reduces the

computation time required to �lter the GA.

The results of this paper informed the development of our EEG-fMRI analysis

pipeline and validated the integrity of the �ltered EEG data. Method 1 was ul-

timately incorporated into our analysis pipeline, greatly reducing the computation

time required for the subsequent analysis steps in this study.

The primary author of this study (SBS) conceptualized and designed this study,

collected the data, performed the analysis and wrote the manuscript.
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3.2 Real-Time Filtering of Gradient Artifacts from

Simultaneous EEG-fMRI Data

Shaw, S. B. (2017, June). Real-time �ltering of gradient artifacts from simultane-

ous EEG-fMRI data. In 2017 International Workshop on Pattern Recognition in

Neuroimaging (PRNI) (pp. 1-4). IEEE.
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3.3 Discussion

The two methods described in this study for �ltering GA artifacts in EEG data col-

lected concurrently with fMRI, each reduced the computation time of GA �ltering

by leveraging parallel computing and frequency-domain based deconvolution, respec-

tively. While the latter method showed the greatest reduction in computation time,

it was susceptible to distortions of EEG data in the time-domain.

Consequently, all EEG-fMRI analyses reported in the remainder of this thesis were

performed using the parallelized GA �ltering method, which provided an acceleration

factor that scaled with the number of processor cores available in the computer;

these analyses were performed using Compute Canada's "Graham" super-computing

cluster, which allows for processing jobs with up to 32 cores, and resulted in an

approximately 25-fold reduction in GA �ltering time compared to the traditional,

non-parallel implementation of GA �ltering.

The novel methods described in this chapter address gradient artifacts that the

magnetic �eld induces on the recorded EEG signal. In addition to gradient artifacts,

the subtle movements caused by the cardiac pulse induce EEG artifacts due to the

motion of the EEG electrodes within the large static magnetic �eld of the MRI scan-

ner. While this artifact is also present in regular EEG recordings outside the MRI

scanner, its amplitude is negligible due to Earth's extremely weak magnetic �eld.

However, a 3 Tesla MRI scanner creates a magnetic �eld that is 60,000 times stronger

than the Earth's magnetic �eld, resulting in the ampli�cation of this ballistocardio-

gram (BCG) artifact to levels comparable to EEG signals. Hence, the BCG artifact

also needs to �ltered before further EEG analysis is possible.

Since the source of the BCG data is rhythmic, the creation of a template BCG
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artifact followed by its' aligned subtraction from the signal removes majority of the

BCG artifact (Allen et al., 1998; de Munck et al., 2013; Kruggel et al., 2000). Another

strategy to remove the BCG artifact utilizes ICA to remove the BCG component in

the EEG data (Srivastava et al., 2005). Any residual BCG artifacts can be further

removed via optimal basis set (OBS) estimation and removal. This method assumes

that each artifact instance is a linear combination of a set of orthogonal basis func-

tions, which can be used to create an accurate model of each artifact instance (Niazy

et al., 2005). Lastly, data driven methods (Gon�calves et al., 2007) and wavelet trans-

forms (Wan et al., 2006) can also be used to generate the templates for subtraction.

Due to the superior performance of OBS-based BCG �ltering, it was used as the

preferred algorithm to remove the BCG artifact from all EEG-fMRI data in this

thesis.
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Chapter 4

EEG Microstates

4.1 Introduction

The bene�ts of using EEG to detect the activity and dynamics of large-scale brain

networks have motivated the development of numerous EEG-based measures that cor-

relate with ICN activity. EEG-based microstates is one such method that has gained

considerable popularity in recent years (see Figure 4.1), especially in characterizing

psychopathologies such as schizophrenia (Nishida et al., 2013; Rieger et al., 2016;

Strelets et al., 2003; Stevens et al., 1997), Alzheimer's (Strik et al., 1997; Khanna

et al., 2015), Tourette's syndrome (Khanna et al., 2015), Panic Disorder (Kikuchi

et al., 2011), multiple sclerosis (Gschwind et al., 2015), and concussion (Corradini

and Persinger, 2014). This measure derives clusters of EEG scalp topologies that are

assumed to be discontinuous quasi-stable states that the brain switches between while

performing everyday tasks. The pathological changes in these quasi-stable states cor-

responding to such mental health disorders are given in table 4.1.
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Figure 4.1: Number of publications investigating EEG microstates from 1994 to
2019. Note the recent increase in publications. Data extracted from Web Of Science.

However, despite such widespread adoption, a principled assessment of the core

assumptions made during EEG Microstate analysis was missing at the time of per-

forming this study. This motivated the study presented in this chapter that scruti-

nized each of microstates's three major assumptions, assessing its adequacy for use

as an EEG-based biomarker of ICN activity.

The primary author of the paper was involved in the conception and development

of the idea, with the help of the co-authors. The primary author also performed all

the analyses and primarily wrote the paper.

53



Ph.D. Thesis { S.B.Shaw McMaster University

Microstate changes

Condition Studies DUR COV OCC

A B C D A B C D A B C D

Healthy
Resting EC

Koenig et al. (2002);
Milz et al. (2017)

0 0 0 0 0 0 0 0 0 0 0 0

Healthy
Resting EO

Seitzman et al.
(2017)

- 0 0 - 0 + 0 - 0 + + -

Healthy Tasky Seitzman et al.
(2017)

0 0 - 0 0 0 - + 0 0 - +

Meditation Faber et al. (2017) 0 0 0 - + 0 0 - + 0 0 -

Fluid
Intelligence

Santarnecchi et al.
(2017)

0 0 0 0 0 0 0 0 0 - - 0

Schizophrenia Strelets et al. (2003);
Stevens et al. (1997);
Nishida et al. (2013);
Rieger et al. (2016)

0 - 0 - 0 0 0 0 + 0 + 0

FTD Nishida et al. (2013) 0 0 - 0 0 0 0 0 0 0 0 0

Alzheimeryy Strik et al. (1997);
Khanna et al. (2015)

- - - - - 0 0 0 0 0 0 0

Depressionyy Khanna et al. (2015) - - - - - 0 0 0 0 0 0 0

Tourette's Khanna et al. (2015) 0 0 0 0 0 0 0 0 + 0 0 0

Panic Disorder Kikuchi et al. (2011) + 0 0 0 0 0 0 0 0 0 - 0

Multiple
Sclerosis

Gschwind et al.
(2016)

+ + 0 0 + + 0 0 0 0 0 0

Concussion Corradini and
Persinger (2014)

- 0 - - 0 0 0 0 0 0 0 0

Table 4.1: Changes in microstate metrics due to various cognitive states and
pathophysiologies. Abbreviations are EC - Eyes Closed, EO - Eyes Open and FTD -

Fronto-temporal Dementia. The symbol "-" corresponds to a signi�cant decrease,
"+" corresponds to a signi�cant increase; and "0" corresponds to no signi�cant
change in the microstate metric during the given condition, as compared to the

healthy resting eyes closed condition.yMilz et al. (2016) �nd con
icting evidence
where COV and OCC of microstate D are decreased (-).yy These studies also report
a decrease in overall average microstate duration, albeit with di�erent microstates

than the 4 mentioned here.
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4.2 Capturing the Forest but Missing the Trees:

Microstates Inadequate for Characterizing Shorter-

Scale EEG Dynamics

Shaw, S. B., Dhindsa, K., Reilly, J. P., & Becker, S. (2019). Capturing the Forest

but Missing the Trees: Microstates Inadequate for Characterizing Shorter-Scale EEG

Dynamics. Neural computation, 31(11), 2177-2211.
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4.3 Discussion

The results of this paper identi�ed major 
aws in each of the three assumptions

made during EEG microstate analysis, making it unsuitable for use as a biomarker

for ICN activity. Most notably, this paper identi�ed that assuming discontinuity of

EEG microstates is incorrect, laying the foundation for a revised continuous-time

interpretation of EEG microstates (Mishra et al., 2020). Follow-up work stemming

from this study has also shown that the periodicity observed in EEG microstates can

be a by-product of the rotating phase of alpha-oscillations (von Wegner et al., 2020).

Yet another �nding from this paper was the inadequacy of the requirement for

only one microstate being active at a given time. This was shown to be an arti�-

cially imposed requirement since there was considerable overlap between the EEG

scalp topology at any given time and the pattern of more than one EEG microstate.

This is also at odds with the ICN-linked interpretation of EEG microstates which

posits that the distinct microstate topologies represent activation of distinct ICNs.

However, co-activation of multiple ICNs has been well documented (Dosenbach et al.,

2008), and can be a method for various brain regions to dynamically connect and

communicate (Fries, 2015).

Furthermore, while EEG microstates have been used as EEG correlates of ICNs (Britz

et al., 2010), there are inconsistencies in the correspondence of the clusters and the

three core brain networks, especially the DMN.

Taken together, these shortcomings make it di�cult to adequately infer network-

level dynamics on the basis of EEG microstate dynamics, thereby eliminating EEG

microstates as a viable EEG-based method to detect ICN activity and study their

dynamics. Therefore, there is an apparent need for an EEG-based analysis method
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that can detect ICN activity, in the context of the tri-network model.

Furthermore, in light of the identi�ed shortcomings, the widespread clinical use

of EEG microstates as a biomarker of the disease state, and even as a neurofeedback

target (Diaz Hernandez et al., 2016), is particularly concerning. This further high-

lights the urgent need for a novel analysis method that can be clinically informative

and practical.

92



Ph.D. Thesis { S.B.Shaw McMaster University

Bibliography

Britz, J., Van De Ville, D., and Michel, C. M. (2010). BOLD correlates of EEG

topography reveal rapid resting-state network dynamics.NeuroImage, 52(4):1162{

1170.

Corradini, P. L. and Persinger, M. a. (2014). Spectral power, source localization and

microstates to quantify chronic de�cits from 'mild' closed head injury: Correlation

with classic neuropsychological tests.Brain Injury , 28(10):1317{1327.

Diaz Hernandez, L., Rieger, K., Baenninger, A., Brandeis, D., and Koenig, T. (2016).

Towards Using Microstate-Neurofeedback for the Treatment of Psychotic Symp-

toms in Schizophrenia. A Feasibility Study in Healthy Participants.Brain Topog-

raphy, 29(2):308{321.

Dosenbach, N. U., Fair, D. A., Cohen, A. L., Schlaggar, B. L., and Petersen, S. E.

(2008). A dual-networks architecture of top-down control. Trends in Cognitive

Sciences, 12(3):99{105.

Faber, P. L., Travis, F., Milz, P., and Parim, N. (2017). EEG microstates dur-

ing di�erent phases of Transcendental Meditation practice.Cognitive Processing,

18(3):307{314.

Fries, P. (2015). Rhythms for Cognition: Communication through Coherence.Neuron,

88(1):220{235.

Gschwind, M., Hardmeier, M., Van De Ville, D., Tomescu, M. I., Penner, I. K.,

Naegelin, Y., Fuhr, P., Michel, C. M., and Seeck, M. (2016). Fluctuations of

93



Ph.D. Thesis { S.B.Shaw McMaster University

spontaneous EEG topographies predict disease state in relapsing-remitting multiple

sclerosis.NeuroImage: Clinical, 12:466{477.

Gschwind, M., Michel, C. M., and Van De Ville, D. (2015). Long-range dependencies

make the di�erence-Comment on "A stochastic model for EEG microstate sequence

analysis". NeuroImage, 117:449{455.

Khanna, A., Pascual-Leone, A., Michel, C. M., and Farzan, F. (2015). Microstates in

resting-state EEG: Current status and future directions.Neuroscience and Biobe-

havioral Reviews, 49:105{113.

Kikuchi, M., Koenig, T., Munesue, T., Hanaoka, A., Strik, W., Dierks, T., Koshino,

Y., and Minabe, Y. (2011). EEG microstate analysis in Drug-Naive patients with

panic disorder. PLoS ONE, 6(7):2{7.

Koenig, T., Prichep, L., Lehmann, D., Sosa, P. V., Braeker, E., Kleinlogel, H., Isen-

hart, R., and John, E. (2002). Millisecond by Millisecond, Year by Year: Normative

EEG Microstates and Developmental Stages.NeuroImage, 16(1):41{48.

Milz, P., Faber, P. L., Lehmann, D., Koenig, T., Kochi, K., and Pascual-Marqui,

R. D. (2016). The functional signi�cance of EEG microstates-Associations with

modalities of thinking. NeuroImage, 125:643{656.

Milz, P., Pascual-Marqui, R., Achermann, P., Kochi, K., and Faber, P. (2017). The

EEG microstate topography is predominantly determined by intracortical sources

in the alpha band. NeuroImage.

Mishra, A., Englitz, B., and Cohen, M. X. (2020). EEG microstates as a continuous

phenomenon.NeuroImage, 208:116454.

94



Ph.D. Thesis { S.B.Shaw McMaster University

Nishida, K., Morishima, Y., Yoshimura, M., Isotani, T., Irisawa, S., Jann, K., Dierks,

T., Strik, W., Kinoshita, T., and Koenig, T. (2013). EEG microstates associated

with salience and frontoparietal networks in frontotemporal dementia, schizophre-

nia and Alzheimer's disease.Clinical Neurophysiology, 124(6):1106{1114.

Rieger, K., Hernandez, L. D., Baenninger, A., and Koenig, T. (2016). 15 years of

microstate research in schizophrenia - Where are we? A meta-analysis.Frontiers

in Psychiatry, 7(FEB):1{7.

Santarnecchi, E., Khanna, A. R., Musaeus, C. S., Benwell, C. S. Y., Davila, P.,

Farzan, F., Matham, S., Pascual-Leone, A., and Sha�, M. M. (2017). EEG Mi-

crostate Correlates of Fluid Intelligence and Response to Cognitive Training.Brain

Topography, 0(0):0.

Seitzman, B. A., Abell, M., Bartley, S. C., Erickson, M. A., Bolbecker, A. R., and

Hetrick, W. P. (2017). Cognitive manipulation of brain electric microstates.Neu-

roImage, 146(April 2016):533{543.

Stevens, A., Lutzenberger, W., Bartels, D. M., Strik, W., and Lindner, K. (1997).

Increased duration and altered topography of EEG microstates during cognitive

tasks in chronic schizophrenia.Psychiatry Research, 66(1):45{57.

Strelets, V., Faber, P. L., Golikova, J., Novototsky-Vlasov, V., Koenig, T., Gian-

otti, L. R. R., Gruzelier, J. H., and Lehmann, D. (2003). Chronic schizophrenics

with positive symptomatology have shortened EEG microstate durations.Clinical

Neurophysiology, 114(11):2043{2051.

Strik, W. K., Chiaramonti, R., Muscas, G. C., Paganini, M., Mueller, T. J., Fallgatter,

95



Ph.D. Thesis { S.B.Shaw McMaster University

A. J., Versari, A., and Zappoli, R. (1997). Decreased EEG microstate duration and

anteriorisation of the brain electrical �elds in mild and moderate dementia of the

Alzheimer type. Psychiatry Research - Neuroimaging, 75(3):183{191.

von Wegner, F., Bauer, S., Rosenow, F., Triesch, J., and Laufs, H. (2020). EEG

microstate periodicity explained by rotating phase patterns of resting-state alpha

oscillations. NeuroImage, page 117372.

96



Chapter 5

Study of the Tri-network Model

5.1 Introduction

The tri-network model constitutes a powerful neuroscienti�cally-informed model of

cognition and behaviour; it proposes three core networks, the CEN handling exteroceptively-

driven cognitive functions, the DMN handling interoceptively-driven cognitive func-

tions, and the SN gating the switching between these two networks (Menon, 2011).

This model has improved our understanding of the network-level dysfunctions that

underlie numerous psychopathologies (as discussed in Chapter 2), and the activity of

the constituent ICNs have helped characterize sub-types of complex psychopatholo-

gies (Nicholson et al., 2020). Hence the detection of such ICN activity could provide

clinically relevant biomarkers of pathological brain activity.

However, upon reviewing the current literature at the time of performing this

study, it was apparent that a core aspect of this model remained to be tested, namely,

the SN-based gating of DMN and CEN activation in the healthy brain, driven by in-

teroceptive versus experoceptive task demands (as posited by the tri-network model).
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The model was primarily derived from observations of dysfunctions in the three core

ICNs in various psychopathologies (Menon, 2011), however the healthy network dy-

namics was not directly tested or experimentally characterized.

The study presented in this chapter addressed this gap in the literature by in-

vestigating the ICN dynamics in the context of a novel task-switching paradigm that

randomly switched between interoceptive and exteroceptive processing task demands.

A secondary goal of the study was to better understand the mechanisms underlying

the gating function of the SN, since it is found to be disrupted in a wide range of

mental health disorders.

The primary author (SBS) of the study conceptualized and designed the functional

task used in this study with the last author (SB). The primary author (SBS) also

performed all data collection, analysis and wrote the �rst draft of the manuscript. All

co-authors contributed to the writing of the manuscript. MM, JH and SB contributed

funding to this study.
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5.2 Dynamic task-linked switching between brain

networks - A tri-network perspective

Shaw, S. B., McKinnon, M. C., Heisz, J., & Becker, S. (2021). Dynamic task-linked

switching between brain networks{A tri-network perspective. Brain and cognition,

151, 105725.
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