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Abstract
I investigate the human brain systems involved in the cognitive control of behaviour.

Using novel cognitive paradigms and brain imaging, I identify brain systems that

support the flexible structuring of behaviour. I then observe how these systems are

implicated in patients with depression as they respond to psilocybin therapy. In the

first of three experiments, I observe the changes in healthy adult brain activation

that are associated with task-switching. This demonstrated that remapping rules

introduces a switching-cost to response speed and activates the multiple-demand

(MD) network. Critically, switching-costs and MD activation were greater when the

rules being remapped were of an abstract and higher-order nature. Going deeper, in

the second experiment, I investigate how healthy adult brains mitigate

switching-costs by structuring behaviour into efficient routines. I observe that

learning to optimise and structure behaviour covaries with changes in MD and

default mode network (DMN) activation alongside increases in between-network

connectivity. These concurrent behavioural and neural adaptations imply that

cognitive demand is minimised when behavioural routines are structured. Indeed,

these mechanisms are known to have broad roles in flexibly adapting behaviour

and, subsequently, they have been implicated in disorders such as depression.

Using these insights, in the third experiment, I examine the neural basis of the

treatment response to psilocybin in patients with depression. In two clinical trials, I

find that treatment response covaried with global increases in between-network

connectivity. Converging functional cartography measures indicated that this global

shift in network organisation related to increased dynamic flexibility and integration

of the MD and DMN. Together, the findings in this thesis indicate that a ‘flexibly

ordered brain’, the adaptive sequencing of neurocognitive states, is a necessary

feature of well-being and for successfully navigating the demands of daily life.
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“Everybody does have a book in them, but in most cases that's where it should

stay.”

― Christopher Hitchens
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Chapter 1: Introduction

This chapter overviews the major themes of this thesis. Here, I overview and

interpret existing research before concluding by setting out the aims of the thesis.

The brain navigates between states of mind as it interacts with the world.
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1.1 Cognitive control in the changing world

As we interact with the world, the human brain performs a staggering feat of

information processing that involves the planning, monitoring and rapid adjustment

of behaviour. These unrelenting actions can serve to work out the steps required to

go from the brain’s current state to a future desired state. For example, if the current

state represents “thirst”, then achieving the desired future state of “satiation”

requires the planning and execution of a set of steps to make this possible.

These mental processes are known as cognition and are fundamental to human

behaviour, intelligence and well-being (Diamond, 2013). Cognition facilitates the

acquisition of knowledge, understanding of the world and involves the processing of

information that is delivered through the body's senses (Miller & Cohen, 2001).

Within the cognitive sciences, cognitive control is a core area of active research.

Cognitive control is a broad term that relates to the process of organising thoughts

and behaviour to achieve certain goals (D. E. Meyer & Kieras, 1997; Miller, 2000;

Miller & Cohen, 2001; Norman & Shallice, 1986). Naturally, cognitive control and the

flexible adaptation of behaviour depend on the marshalling of the brain’s

neurophysiological resources (Cañas et al., 2003; Ionescu, 2012; Koch et al., 2018).

Cognitive control is necessary for using new information to update a strategy

(Chamberlain et al., 2008; D. A. Grant & Berg, 1948; Hampshire & Owen, 2006) or

during task-switching where attention shifts from one task to another (Jersild, 1927;

Monsell, 2003). The research presented in this thesis uses novel task-switching

paradigms and the century of task-switching research is overviewed in section 1.2

Task-switching experiments.

It is rare for humans to behave in a truly random or solely reflexive manner (Gauvrit

et al., 2017; Kennedy, 2012). Even during creative expression, improvisation or
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casual play, there will be overarching aims that require some level of cognitive

control and the structuring of behaviour (Borman & Kurdek, 1987).

However, as will be discussed in section 1.3 “Why is switching costly?”, adapting

behaviour and task-switching comes with a cost. Switching takes time and taxes

the brain’s metabolic resources. This is empirically demonstrated in Chapter 3;

however, in Chapter 4, I present novel evidence that the brain may overcome this

cost, and make returns on the investment, by rapidly optimising behavioural

routines toward efficient structures. Structuring behaviour may facilitate automation

(performing without the need for cognitive control / conscious oversight) and

learning for future use.

In recent decades, there has been a proliferation of brain imaging technologies that

have provided the opportunity to gain insight into how the human brain supports

cognition. Strikingly, it is now possible to capture the sequences of neurocognitive

states that are indicative of healthy cognitive control and brain functioning.

Subsequently, these techniques can offer real insight into thought disorders that

may underlie psychiatric symptoms that negatively impact health and well-being.

Being able to observe these actions of the brain, in vivo, is remarkable. In this

thesis, I use functional magnetic resonance imaging (fMRI) to observe changes in

brain function during the adaptation of behaviour in healthy adults (Chapters 3 and

4) and changes in brain function as patients with depression respond to a psilocybin

therapy clinical trial intervention (Chapter 5). fMRI is sensitive to the brain’s

haemodynamics and is, therefore, an indirect measure of neuronal activity. An

overview of how fMRI data can be acquired and modelled is overviewed in Chapter

2.

fMRI research is still in its infancy, or perhaps just entering its adolescence. fMRI

has the potential to generate real insight, however, interpreting the data is

challenging. The early days of fMRI research (1990s-2000s) were largely dominated

by a zeitgeist of modular localisation where researchers sought to “map” specific
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cognitive functions to isolated activations of specific brain regions. For example,

some have proposed that task-switching can be specifically mapped to the frontal

poles (Koechlin et al., 1999) or that response inhibition can be mapped to the right

inferior frontal gyrus (IFG) (Aron et al., 2004; Rubia et al., 2003).

Modular frameworks of the brain are fruitful, and some amount of regional

specialisation is well-established (e.g., the occipital cortex tends to process visual

information in sighted people, see Gizewski et al. (2003)). However, the ambition to

assign every cognitive or psychological function to unique portions of brain tissue is

fundamentally flawed.

In contrast, most contemporary views consider the brain as a spatially distributed

functional network (S. M. Smith et al., 2009) that dynamically adapts to the current

context, cognitive demand and with learning (Betzel & Bassett, 2017). Dynamic

network perspectives are supported by a mass of evidence that also undermines

the modular accounts of brain function. This includes repeated observations that

individual brain regions respond to diverse cognitive contexts (Erika-Florence et al.,

2014; Fedorenko et al., 2013; Hampshire et al., 2010) and the observations that

brain regions are embedded within spatially distributed dynamic networks (Braga et

al., 2013; Leech et al., 2012; Margulies et al., 2016; S. M. Smith et al., 2009;

Vidaurre et al., 2017). Together, these findings suggest that it is unlikely that brain

regions do, or can, operate in isolation.

The brain’s networks of information processors appear to dynamically adapt to the

current context, cognitive demand and with learning (Betzel, 2020; Betzel & Bassett,

2017; Hampshire et al., 2016; Matthews & Hampshire, 2016; Parkin et al., 2015).

Performing tasks have been associated with distinct and changing expressions of

network connectivity (Finc et al., 2020; Khambhati et al., 2018) and, subsequently,

broad sets of cognitive task states can be reliably predicted via differences in the

whole-brain connectivity network features that they evoke (Soreq et al., 2019, 2021).
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This richer and more complex view of brain function has arrived, in part, due to

advances in MRI hardware, experimental design and the incorporation of

multivariate statistics and network science. Subsequently, there now is the

potential, and ambition, to characterise the neurophysiological basis of the

sequence of functional states (Vidaurre et al., 2017) that correspond to mental

phenomena such as mind-wandering (Smallwood et al., 2021) or the encoding and

manipulation of information (Finc et al., 2020; Khambhati et al., 2018; Soreq et al.,

2019).

During resting-state fMRI, attention is thought to be “unconstrained”. No explicit

task is assigned to the subject; however, attention will still be externally constrained

by the context of lying down inside of a noisy machine and, in some cases, by the

instructions to stare at a fixation cross. Typically, functional connectivity (FC)

analyses of resting-state fMRI data are static. They define time-averaged statistical

dependencies between brain region timecourses. fMRI FC does require many

transformations and abstractions of the recorded imaging data, which are

themselves an indirect measurement of neuronal activity. However, static FC

measures during resting-state can offer a high level of precision, predictive power

and mechanistic insight. This includes the reliably precise mapping of interdigitated

networks in individuals (Braga & Buckner, 2017), prediction of sociodemographic

information (S. M. Smith et al., 2015), or individual brain’s via their connectomic

‘fingerprints’ (Finn et al., 2015). Similarly, task-based FC can also be used to

accurately predict the particular cognitive task that a brain is currently performing

(Cole, Reynolds, et al., 2013; Soreq et al., 2019, 2021) and even how well the task is

being performed (Rosenberg et al., 2016; Soreq et al., 2021)

The absence of an explicit task in resting-state fMRI opens up many opportunities

to investigate clinical populations who may struggle to perform a task due to

cognitive impairment. Moreover, multiple resting-state measurements can be

completed throughout a clinical trial without introducing task-learning confounds

(Zhang et al., 2021). Many studies have used static FC measures to characterise

univariate differences between patients and healthy controls (Matthews &
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Hampshire, 2016; Parkes et al., 2021). Static FC also has the potential for

generating multivariate feature spaces that can be used to predict clinical status

(Lanka et al., 2020), symptom severity (Madhavan et al., 2019) and even the onset of

neurodegeneration in Huntington’s disease (Mason et al., 2018) or biomarkers of

dementia (Teipel et al., 2015).

Pertinently, there are open questions regarding psychiatric disorders, such as

depression or schizophrenia, where patients can exhibit complex symptomatic

timecourses (Beard et al., 2016). In these populations, symptom severity can

fluctuate and be significantly impacted by adverse events (Keller et al., 2007) or

clinical intervention (Carhart-Harris et al., 2016, 2021). It is important to therefore

understand the sequences of neurocognitive states that reflect particular symptoms

and predict how they will change over time. This could include the tendency to

ruminate and engage in repetitive negative thinking (RNT), for example

(Lydon-Staley et al., 2019).

Subsequently, dynamic analyses of fMRI FC may represent an important avenue for

understanding psychiatric disorders. Dynamic FC analyses can characterise, for

example, the tendency for the brain to dwell or transition between states (Parkes et

al., 2021). Notably, the spontaneous fluctuations in connectivity patterns (states)

during rest have been demonstrated to show consistent temporal structure (Chang

& Glover, 2010; Roberts et al., 2019; Vidaurre et al., 2017). Moreover, by considering

the range of states expressed, and the transition rates between them, links between

reduced dynamic flexibility and the severity of autism spectrum disorder (ASD)

(Watanabe & Rees, 2017) and depressive symptoms (Goodman et al., 2021) have

been discovered. These examples may indicate that the tendency to engage in

repetitive stereotyped behaviours or engage in maladaptive rumination are linked to

‘rigid’ brain dynamics that are characterised by reduced state transitions.

As will be discussed in section 1.5 When cognition is not controlled, healthy brain

functioning may rest on a curious mixture of stability and flexibility (Barbey, 2018;

Bassett et al., 2018). Brain state stability may be important for completing tasks and
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being resistant to destabilizing distractors (Finc et al., 2020) but flexibility may be

important for adapting to changing environmental demands (Ezaki et al., 2020;

Ferguson et al., 2017). Quantifying and characterising the balance between these

dynamic properties may provide an important avenue for understanding clinical

populations, symptom severity and response to treatment. In Chapter 5, I examine

this notion further by capturing FC changes in patients with depression as they

respond to psilocybin therapy treatment.

The remaining sections of this introduction chapter go further into the insights into

the brain and behaviour that have been gained from task-switching paradigms. The

relationship between these mechanisms for guiding and optimising behaviour are

then discussed in relation to the symptomatic profiles associated with

neuropsychiatric disorders. Finally, the aims and outlines of the thesis are

presented.

1.2 Task-switching experiments

Task-switching refers to the switching of attention between distinct cognitive

processes (Monsell, 2003). This ability is necessary for engaging with multiple

competing demands or to react to changes in the environment. A century has

passed since the early task-switching paradigms were developed (Culler, 1912;

Jersild, 1927). Since then, a rich literature has emerged which has motivated a

proliferation of experimental paradigms (Kiesel et al., 2010) and conceptual

interpretations of the experimental findings (Vandierendonck et al., 2010).

Task-switching research may have generated the most replicated finding in the

cognitive sciences: Switching attention between tasks comes with a cost (Monsell,

2003; G. Wylie & Allport, 2000). Researchers will typically compare the average

difference in RT between consecutive trials of the same task (repeat-trials) and RT

on the trial(s) that immediately follows a switch (switch-trials). Switching-costs

capture a transient drop in behavioural performance following a switch between

tasks. Typically, a drop in response speed is observed but response errors can also
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occur. Switching-cost magnitudes will vary depending on the experimental

manipulation but tend to be in the order of 100’s of milliseconds (Kiesel et al., 2010;

Koch et al., 2018).

Task-switching paradigms have evolved and diversified over 100 years. The early

paradigms defined switching-costs by contrasting the performance between

single-task and multiple-task blocks (Jersild, 1927; Spector & Biederman, 1976). For

example, a single-task block could involve multiplying two numbers on each trial. A

multiple-task block would then involve alternating between adding or multiplying

numbers on consecutive trials. Jersild (1927) found that response times during the

mixed-task blocks were slower than the single-task blocks and he attributed this

effect to time-consuming top-down reconfiguration processes.

While this was a reasonable interpretation, Jersild’s experimental descendants

criticised the single/mixed-task paradigms due to the imbalance in working memory

demand between the block types (Logan, 2007; R. D. Rogers & Monsell, 1995;

Spector & Biederman, 1976; Sudevan & Taylor, 1987). The mixed-task block

requires instructions from multiple tasks to be simultaneously held in mind and is,

therefore, more demanding than the single-task blocks. Subsequently, the

differences in performance become challenging to interpret as they likely represent

mixtures of switching-costs and cognitive load.

In response to this, paradigms were developed to compare repeat-trials and

switch-trials within the same block in an attempt to balance working memory

demands. An early example of this was attempted using predictable sequences of

tasks (R. D. Rogers & Monsell, 1995; Spector & Biederman, 1976) or by cuing the

task before each trial (Meiran, 1996; Sudevan & Taylor, 1987). These paradigms are

similar to the mixed-task blocks but combined sequences of repeat-trials with

switch trials within blocks (e.g., ABABABBAA).

Despite this, the predictability of the switches inherent in these designs may limit

the ability to measure the ‘true’ switch-cost due to potential preparatory
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mechanisms. This is particularly relevant as switch-costs reliably decrease as the

amount of time between trials increases (Arrington & Logan, 2004, 2005; Meiran,

1996; R. D. Rogers & Monsell, 1995). To mitigate preparatory effects, the

predictability of upcoming switches has been manipulated using random

task-cueing paradigms (Meiran, 1996; Sudevan & Taylor, 1987). These paradigms

sequence tasks in a random order and cue each trial (Meiran, 1996; Miyake et al.,

2004) or block of trials (Altmann & Gray, 2008; Barceló et al., 2007). In practice,

these sequences are likely pseudo-randomised to balance the number of repeat and

switch trials.

The block-cueing, or intermittent instruction, paradigms have the additional benefit

of measuring variations in performance related to restarting the same task, where no

switch has occurred between blocks. Tellingly, “restart-costs”, where no switching

has occurred, present a similar magnitude to the switch-cost (Gopher et al., 2000;

Waszak et al., 2003). More broadly, these block-cueing paradigms share many

qualities with those paradigms used to assess novel instruction based learning (IBL)

(Cole, Laurent, et al., 2013; Hampshire et al., 2016, 2019). NB:- On a conceptual

level, it could be argued that starting or restarting the same task is very similar to

switching between tasks. In both cases, a shift in the attentional state is required.

There may be, therefore, opportunities to study switching using single-task fMRI

block paradigms by examining the rest-to-task transitions (Scott et al., 2015).

A general criticism of most task-switching paradigms is that they lack endogenous

acts of cognitive control. That is to say, subjects aren’t actively coordinating their

behaviour but “simply” reacting to the exogenous events that are imposed by the

experiment. These tasks do tap an important facet of cognitive control because

humans are required to react to events in the environment. However, greater

ecological validity may be achieved if paradigms were designed to assess acts of

endogenous cognitive control where participants are deciding on how best to

coordinate their behaviour (this possibility is explored in Chapter 4).
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A step toward this front came from the more recently developed voluntary

task-switching (VTS) paradigms from Arrington and Logan (2004). Here, participants

are instructed to randomly pick one of two tasks to perform on each trial but to aim

for an overall equal number of responses to each task. Interestingly, VTS

switch-costs were smaller than some previous task-cueing experiments but costs

were still in the 100’s of ms range and were also mitigated by increased interval

duration (Arrington & Logan, 2004, 2005).

Others have interpreted smaller VTS costs as evidence in favour of switching-costs

representing a context-dependent mixture of top-down and bottom-up components

(Koch et al., 2018; Vandierendonck et al., 2010). The decreased VTS cost is likely to

be evidence of preparatory behaviours; however, despite the instruction to randomly

pick tasks, individuals are still likely to plan their switches in advance and would

develop non-random strategies to minimize cognitive load. Indicative of this, it is

particularly revealing that subjects performing VTS did exhibit a repetition-bias, and

opted to repeat the same task more often than task-switching (Arrington & Logan,

2004).

Despite the broad range of experimental designs, switching-costs have been

consistently reported between the 100 - 900 ms range. There have been careful

efforts to design paradigms that provide ‘pure’ measures of switching-costs by

controlling working memory demands, predictability and controllability. Despite the

decades of research that has produced a rich literature, many open questions

remain. As will be discussed further in section 1.3 “Why is switching costly?”, there

are ongoing debates and competing theories regarding the basis of

switching-costs.

30



1.3 Why is switching costly?

The impressive replication of switching-costs is noteworthy. However, despite a

large literature exploiting a range of experimental paradigms, the neurocognitive

mechanisms responsible for this phenomenon continue to be keenly debated.

As a slight aside, there is some evidence that Macaque monkeys may not exhibit

switching-costs. Stoet and Snyder (2003) showed evidence from 2 monkeys that

task-switching did not come with a measurable cost to performance. This begs the

question, why are humans unable to eliminate switching-costs after extensive

training (Berryhill & Hughes, 2009) and even after performing tens of thousands of

trials (Stoet & Snyder, 2007)?

As is common in the cognitive sciences, the switching-cost debate revolves around

the opposing views of top-down reconfiguration (Meiran, 1996; R. D. Rogers &

Monsell, 1995) vs. bottom-up interference (Allport et al., 1994). Top-down

proponents argue that switching-costs occur due to the time required for the active

reconfiguration and preparation of the brain’s resources (Arrington & Logan, 2004,

2005; Meiran, 1996; R. D. Rogers & Monsell, 1995; Rubinstein et al., 2001). The

cognitive control mechanisms proposed to be associated with task-switching

includes the active inhibition of the outgoing task state (Mayr, 2002; Mayr et al.,

2006), memory retrieval (Mayr & Kliegl, 2000) and updates to working memory (E. E.

Smith et al., 2001) during the activation of the incoming task state.

Evidence in support of the top-down interpretation comes from the observations

that switching-costs occur during VTS as this indicates an endogenous component

(Arrington & Logan, 2004, 2005). Furthermore, switching-cost magnitudes can

diminish with learning (Yeung & Monsell, 2003b) and with increasing preparation

time during the switch (Meiran, 1996; R. D. Rogers & Monsell, 1995). Moreover,

subjects are less likely to VTS under high cognitive load conditions (Demanet et al.,

2010).
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While these findings indicate top-down components of switching-costs, they do not

rule out the possibility of bottom-up contributions. Long preparation times between

tasks (R. D. Rogers & Monsell, 1995) and even extensive training on task-switching

paradigms (Berryhill & Hughes, 2009; Kramer et al., 1999; Liefooghe et al., 2010;

Stoet & Snyder, 2007) will mitigate switching-costs but not eliminate them, a

residual cost will persist.

Proponents of bottom-up interpretations of switch-costs, propose that human

cognitive architecture is limited by an ‘inertia’ where competing task representations

can passively interfere with each other (Allport et al., 1994; Allport & Wylie, 1999;

Waszak & Hommel, 2007). Essentially, they argue that switching-costs result from

remapping failures. The bottom-up perspective is supported by the aforementioned

residual switch-cost, indicative of passive task representation decay (Allport et al.,

1994) and also by “asymmetrical” switching-costs where switching to the

well-practised task generates a larger cost than switching to the novel task (Allport

et al., 1994; Jersild, 1927; Yeung & Monsell, 2003b, 2003a).

Strict theoretical dichotomies can be misleading. In this case, there is evidence that

supports either of these opposing top-down and bottom-up accounts of

switching-costs. The contemporary view contextualises switching-costs as mixtures

of components (Vandierendonck et al., 2010), e.g., active control mechanisms and

passive interference (Arrington, 2008; Demanet et al., 2010; Meiran et al., 2000;

Ruthruff et al., 2001). This view reconciles both accounts and suggests that

switching-costs are complex and depend on the nature of paradigm (i.e., trial

tempo, interval length, task familiarity, difficulty, feedback etc) and learning (Koch et

al., 2018; Vandierendonck et al., 2010).

The evidence of many contributors to switching-costs suggests that it may be

infeasible to consider switching-costs as one particular phenomenon. Rather, it may

be pertinent to consider the contextually dependent mixtures of components that

drive switching-costs and how these might vary with learning and feedback. There
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is, therefore, scope to delineate kinds or modes of attentional switches as they may

depend on distinct mechanisms (Hampshire & Owen, 2006). Moreover, stratifying

attentional switching in this manner, and identifying component processes, may

provide precise clinical markers of cognitive impairment (Gruszka et al., 2017).
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1.4 Task-switching in the brain

This section considers the evidence for the neural mechanisms associated with

cognitive control and task-switching. The large body of cognitive and behavioural

research has motivated many brain imaging studies designed to understand the

organisation of the brain and its role in coordinating thought and behaviour.

There is an overwhelming amount of evidence that associates the human frontal

lobes with higher-order cognitive abilities, such as task-switching. Before

conventional neuroimaging was developed, decades of neuropsychological

research associated damage to the frontal lobe’s tissues with impairments to

various cognitive abilities, a.k.a. dysexecutive syndromes (Baddeley et al., 1997;

Burgess et al., 2000; Duncan, 1986; Duncan et al., 1995; Milner, 1963; Nelson,

1976; Owen et al., 1990).

Neuropsychological research can deliver some specificity. For example, damage to

dorsolateral prefrontal cortex (the top-and-side surfaces of the brain’s frontal cortex)

is associated with deficits in planning ability (Burgess et al., 2000), cognitive control

(Glascher et al., 2012; Stuss et al., 2001) and cognitive flexibility (Grattan et al.,

1994; Shallice & Burgess, 1991). Whereas damage to the orbitofrontal and medial

prefrontal cortices (front of the brain, behind and above the eyes) is associated with

poor emotional regulation, impulsivity and impaired learning from feedback (Angrilli

et al., 1999; Berlin, 2004).

The advent of brain imaging, and fMRI in particular, allowed for a proliferation of

neurocognitive experiments that were designed to reveal how the brain supports the

mental faculties (Poldrack, 2012). Converging with prior neuropsychology research,

in vivo brain imaging experiments provided further support for the frontal lobe’s

critical role in higher-order cognitive abilities (Duncan, 2001; Koechlin et al., 2003;

Miller, 2000; Miller & Cohen, 2001; Ramnani & Owen, 2004).
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The early task-switching experiments suggest that the precuneus, anterior insula,

supplementary motor area (SMA), dorsolateral prefrontal cortex (DLPFC), inferior

frontal sulcus (IFS) and frontal poles increase in activation during task-switching

(Braver et al., 2003; Dove et al., 2000; Koechlin et al., 1999). Even though this is a

broad set of distributed brain regions, spanning multiple lobes, a large focus was

placed on the anterior prefrontal cortex (aPFC) (Koechlin et al., 1999; Ramnani &

Owen, 2004).

The success of previous neuropsychological lesion-symptom mapping carried over

into the new paradigm of brain imaging and function-region mapping. The aim of

which was to find specific mappings between psychological or cognitive constructs

to the activities of specific brain regions. It was typical to carefully design

experimental paradigms that allowed controlled contrasts between activation

patterns. This endeavour was considered successful if the contrast isolated an

activation difference to specific brain regions.

Under a modular zeitgeist, the early task-switching fMRI experiments did much to

crown the aPFC as the functional locale for task-switching (Koechlin et al., 1999).

These findings were partly responsible for the precipitation of models that sought to

describe the functional organization of the frontal lobe’s as hierarchical.

The information cascade model (Koechlin et al., 2003) and abstraction hierarchy

model (Badre & D’Esposito, 2007) propose that the functional properties of the

frontal lobes vary along an anterior-posterior axis with anterior regions subserving

processes of an increasingly abstract order. Moreover, aPFC regions are proposed

to exert control over the activities of their posterior neighbours in a hierarchical

manner until the signal reaches the precentral gyrus (most posterior portion of the

frontal lobes). At which point, a concrete motor action is enacted. Subsequently,

these hierarchical models may predict that the aPFC would selectively activate

during task-switching (as task-switching is an example of an abstract higher-order

process). This proposed organisation of PFC is considered to reflect the hierarchical

nature of cognition itself (Botvinick, 2008).
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Several studies have used evidence from fMRI task contrasts to support a

rostral-caudal organisation of the PFC (Badre, 2008; Badre & D’Esposito, 2007;

Koechlin et al., 2003; Koechlin & Hyafil, 2007). These fMRI findings are also

supported by recordings of cortical electrophysiology indicating that tasks with

greater abstract control demands evoke activity in increasingly anterior frontal

regions (Voytek et al., 2015).

Indeed, the complex white matter anatomy of the frontal lobes (Catani et al., 2012;

Rojkova et al., 2016) facilitates the occurrence of transmodal cortical regions that

may integrate multiple sensory inputs from the rest of the brain (Margulies et al.,

2016; Margulies & Smallwood, 2017; Miller & Cohen, 2001). Furthermore, imaging

and histological markers have demonstrated anatomical hierarchies that parallel the

functional organisation of the frontal lobes with rostral regions exhibiting thicker

cortices, and denser cell body counts, relative to caudal regions (Thiebaut de

Schotten et al., 2016).

However, the contemporary views of brain function do not fully support the notion of

functional-anatomical one-to-one mappings (Duncan, 2013; Fedorenko et al., 2013;

Hampshire & Sharp, 2015). In particular, dynamic network accounts present a

notable challenge to the hierarchical models of PFC organisation. It could be argued

that hierarchical models depend on findings generated from overly narrow

experimental hypotheses and overly specific interpretations that map specific brain

regions to specific functions (Lorenz et al., 2017).

This one-to-one mapping issue is not specific to the brain imaging of

task-switching. It is also clear in the motor inhibition literature, for example. A

consistent finding during response inhibition is increased activation of the right

inferior frontal gyrus (rIFG). Subsequently, the rIFG has been denoted the module, or

functional locale of ‘inhibition’ (Aron et al., 2004; Aron & Poldrack, 2006; Rubia et al.,

2003). However, the rIFG activates during a broad array of contexts that are unlikely

to involve inhibitory action (Erika-Florence et al., 2014; Hampshire et al., 2007,
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2012). Moreover, frontal regions, including rIFG, tend to form distributed functional

networks with other brain regions that co-activated in response to various cognitive

demands (Erika-Florence et al., 2014; Fedorenko et al., 2013; Hampshire et al.,

2016; Parkin et al., 2015). The dynamic network perspective of inhibition

undermines previously held beliefs regarding one-to-one mappings and recasts the

activation of the rIFG within a broader context of cognitive control.

More broadly, the contemporary network views are at odds with the modular

perspective of brain function. The network view depicts the brain’s functioning as a

set of spatially distributed networks (S. M. Smith et al., 2009) that are hierarchically

organised (Margulies et al., 2016; Vidaurre et al., 2017) and dynamically adapt to

support present cognitive demand (Bassett et al., 2011; Betzel & Bassett, 2017;

Cole, Reynolds, et al., 2013; Hampshire et al., 2016; Khambhati et al., 2018; Parkin

et al., 2015; Soreq et al., 2021; G. R. Wylie et al., 2004).

Indeed, Jon Duncan’s multiple-demand (MD) account of cognition and the frontal

lobes not only reconciles the contemporary network view of brain function it also

provides a plausible alternative to the hierarchical models of the frontal lobes

(Duncan, 2013). The MD account posits a distributed neurocognitive resource that

spans the lateral frontoparietal cortices, the anterior cingulate cortex (ACC), insula

and aPFC (Fedorenko et al., 2013). In response to cognitive demand, MD regions

rapidly form network coalitions that can flexibly recruit more resources as cognitive

demand increases. Critically, these networks have broad spatial profiles and their

connectivity patterns offer impressive predictive power on which is being performed

and how well it is being performed (Rosenberg et al., 2016; Soreq et al., 2021)

The demand imposed by cognitive tasks is often associated with the fMRI activation

of the MD regions. As has been suggested, additional resources will be flexibly

recruited in response to increasing cognitive demand (Duncan, 2013). This has been

observed as increased MD activation and an increase in the spatial extent of the

activation pattern, with an emphasis of increasingly anterior PFC regions as demand

increases (Crittenden & Duncan, 2014; Hampshire et al., 2016; Jiang & Kanwisher,
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2003; Parkin et al., 2015). Note, this is in contrast to the hierarchical models that

may predict selective activation of increasingly anterior modules as demand

increases.

There is evidence that the MD system can be reliably sub-divided into two

functional networks based on clusters of intrinsic FC (Dosenbach et al., 2007).

These dual-networks are hypothesised to support distinct aspects of task

implementation, maintenance and error handling (Dosenbach et al., 2006, 2008).

Specifically, a network of dorsolateral frontoparietal (FP) regions rapidly adapt to

subserve “moment-to-moment” adaptive control and contain fine-grained task

representations (Crittenden et al., 2016; Woolgar, Hampshire, et al., 2011; Woolgar,

Thompson, et al., 2011). The cingulo-opercular (CO) network of the dorsomedial

frontal cortex, insula and frontal operculum regions exhibit sustained activation

during tasks and has been suggested to maintain coarse-grained task

representations of the task over longer timescales (Dosenbach et al., 2006).

Consistent with this model, the FP and CO show distinct dynamics as novel rules

are learnt and implemented during instruction based learning (IBL). Here, both CO

and FP activation increased during rule encoding (Mohr et al., 2016). However, IBL

rules tend to be simple and are subject to rapid automation. As this occurs, there is

a concurrent increase in response speed as FP activation decays and CO activation

is sustained over time (Hampshire et al., 2016, 2019; Mohr et al., 2016).

The evidence for the MD dual-networks and the IBL findings are particularly

revealing. Cognitive control allows for behavioural routines to be rapidly compiled

and this is associated with a widespread reconfiguration of the brain’s global

functional state (Hampshire et al., 2019). However, once the behavioural routine is

established, cognitive demand diminishes and lateral FP activation decays.

Substantiating this, analyses of working memory change detection paradigms

indicate widespread activation increases during encoding are followed by

maintenance states that are defined by patterns of low-activation and specific
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patterns of increased functional connectivity which depend on items being held in

mind (Soreq et al., 2019).

Similarly, task-switching involves switching between states of attention and this

involves widespread shifts in the brain’s functional organisation. For example,

transitions between low and high cognitive demands involve shifts in the integration

and segregation between many functional systems (Khambhati et al., 2018) and

transitions toward increased demands require more ‘energy’, in terms of network

control (Braun et al., 2019). These changes in global connectivity (Khambhati et al.,

2018) map onto individual differences in switching-costs and specific connectivity

increases between the FP and CO networks can relate to decreases in

switching-costs (Yin et al., 2018).

To summarise, the behavioural costs associated with task-switching are

accompanied by distributed activation increases, and particularly in the lateral

frontoparietal regions associated with the MD system. This suggests that

task-switching does present an increase in cognitive demand. However, drawing on

the wider cognitive control research, similar findings are observed during other

contexts that involve adaptations to the attentional state. The dynamics associated

with neurocognitive flexibility are associated with widespread shifts in the brain’s

functional organisation. Efficiently adapting to changing environmental demands

and optimising behaviour are likely to be useful in minimising cognitive demand.

The structuring of behaviour is an important human characteristic. There are open

questions regarding the relationship between neurocognitive flexibility and the

structuring of behaviour. fMRI paradigms, in particular, typically control when events

occur and this limits the extent to which individuals can naturally behave. How

efficient behaviours are structured presents an opportunity to gain neurocognitive

insights that may bear decent ecological validity and clinical insight.
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1.5 When cognition is not controlled

The complexity of the human brain’s structure and functional organisation is its

defining feature. The natural heterogeneity in the development of the brain (Deoni et

al., 2011; Finn et al., 2015) is likely to predispose individuals to vary in cognitive

ability (Rosenberg et al., 2016; S. M. Smith et al., 2015; Soreq et al., 2021) and to

clinically disorders (Crossley et al., 2014; Parkes et al., 2021).

Cognition and cognitive control are critical for health and well-being (Diamond,

2013) and cognitive deficits are a pervasive feature of psychiatric and neurological

disorders (Millan et al., 2012). Brain disorders can be examined at many levels, from

the genetic, cellular and pharmacological (Duman, 1997; Mullins & Lewis, 2017),

through to the levels of fMRI regional activation, connectomics and behaviour

(Grahek et al., 2018; Grattan et al., 1994; Hampshire et al., 2013; Harlalka et al.,

2019). However, an emerging view is that the connectomic and systems-level

measures of brain functioning can provide precise mechanistic explanations of

disorders and even individual differences in clinical severity (Bassett et al., 2018;

Matthews & Hampshire, 2016; Parkes et al., 2020, 2021).

In healthy adults, natural fluctuations in mood and well-being (Pierson et al., 2021;

Simbula, 2010) could be used to gain insight into brain disorders. For example,

analyses of the ‘myConnectome’ project, a dense-sampling fMRI study of an

individual (Poldrack et al., 2015), indicates that increases in positive mood were

accompanied by periods of increased integration and flexibility of the brain’s

networks (Betzel et al., 2017; Mirchi et al., 2019). A similar relationship of

between-network integration and well-being has been observed at scale whereby

increased integration between higher-order networks and subcortical regions has

been associated with positive markers of well-being (S. M. Smith et al., 2015).

Patients with major depressive disorders (MDD) exhibit detrimentally rigid thought

patterns and negative biases regarding oneself and future prospects (Beck & Clark,
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1988; Lyons & Carhart-Harris, 2018). Akin to the family of ‘internalising’ disorders

such as anxiety, obsessive compulsive disorders (OCD) and addiction, patients with

depression commonly present with poor cognitive flexibility (Rock et al., 2014).

Indeed, one of the aims of cognitive behavioural therapy (CBT) is to train patients to

recognize, interrupt and challenge negative thought patterns (Watkins et al., 2011).

Relative to healthy adults, MDD patients exhibit deficits during contexts that require

task-switching (Meiran et al., 2011) and rule updating during the Wisconsin Card

Sorting Task (WCST) or the Intra-Dimensional Extra-Dimensional Set Shifting (IDED)

task (Taylor Tavares et al., 2007). These examples of cognitive rigidity have serious

implications for the perseverative thinking and maladaptive rumination aspects of

depression (Watkins, 2008). Perniciously, cognitive rigidity will also undermine the

ability to update beliefs with positive events that may challenge a patient's negative

view of themself (Beck & Clark, 1988).

Resonant with depressive phenomenology, brain imaging studies suggest that the

default mode network (DMN) is hyperactive in patients (Berman et al., 2011;

Hamilton et al., 2011; Zhou et al., 2020). This system is strongly associated with

introspection and inwardly focused self-referential processing (Andrews-Hanna et

al., 2014; Margulies et al., 2016) and these psychological functions are overactive in

depression (Koster et al., 2011; Lyons & Carhart-Harris, 2018).

Furthermore, the dynamic interactions between the brain’s functional networks

appear to be abnormally modular (segregated) and rigid over time in depression

patients (Zheng et al., 2018). Lateral frontoparietal within-network connectivity is

weakened in MDD patients (Ellard et al., 2018; Kaiser et al., 2015). Moreover, the

dynamic interactions between the DMN and lateral frontoparietal networks are

abnormal, with both greater DMN dominance (Hamilton et al., 2011) and weaker

interactions between higher-order networks (Goodman et al., 2021) correlating with

worse depressive symptoms. The abnormal network features of depression

(Manoliu et al., 2014) are important because system-level dynamics may moderate

the tendency to ruminate (Lydon-Staley et al., 2019) and support attention switching
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between internal thought and the external world (Hasenkamp et al., 2012; Turnbull

et al., 2020).

The consistency between depression symptomatology and abnormal brain function

has been combined in models such as the non-reward attractor theory (Rolls, 2016)

and disengagement theory (Koster et al., 2011) of depression. These models paint

depression as resulting from a tendency to dwell in certain neurocognitive states

and with difficulty in switching between attentional states (Holtzheimer & Mayberg,

2011). Indeed, dynamic analyses have indicated a lower probability of transitions

between functional states in MDD patients, compared to healthy controls (Yao et al.,

2019; Zhao et al., 2021), and these dwell states tend to feature the DMN system

(Goodman et al., 2021).

In stark contrast to the salient features of depression, the acute action of

psychedelics on brain function is characterised by widespread increases in FC

between regions and a ‘disintegration’ of typical intrinsic functional network

configurations (Atasoy et al., 2018; L.-D. Lord et al., 2019; Luppi et al., 2021;

Roseman et al., 2014). It is thought that psychedelics, such as psilocybin, are

agonists of the serotonin 5HT-2A receptor (Vollenweider et al., 1998) and this

dysregulates brain function in a way that broadens the functional ‘state-space’; that

is to say the set of functional states or modes of operation that the brain traverses.

Akin to a topographical landscape, with peaks and troughs, the energy landscape of

the brain’s functional states (Ezaki et al., 2020; Watanabe & Rees, 2017) has certain

paths or transitions that are more likely, or require less ‘energy’ to achieve. It is

thought that the acute action of psychedelics effectively flattens the energy

landscape and therefore reduces the energy threshold required to make transitions

between brain states (Carhart-Harris & Friston, 2019). Subsequently, atypical

thought patterns may become more likely, or, more precisely, all possible state

trajectories become closer to equiprobable.
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The acute state of lability may be the neurobiological basis of the creative and novel

insights classically associated with psychedelics (Carhart-Harris & Friston, 2019;

Roseman et al., 2018; Uthaug et al., 2018). Tellingly, the 5HT-2A receptor is most

densely expressed in those higher-order cortical networks associated with cognitive

control, flexibility and, as discussed, these same systems can function abnormally

in patients with depression (Beliveau et al., 2020).

Subsequently, psychedelics present an intriguing therapeutic potential, particularly

for patients with ‘internalising’ disorders that are characterised by cognitive rigidity.

Acutely broadening the brain’s state-space and increasing network integration (L.-D.

Lord et al., 2019; Luppi et al., 2021), within a therapeutic context, may facilitate

beneficial updates, or perspective shifts, regarding oneself and one’s prospects

(Andersen et al., 2021; Carhart-Harris & Friston, 2019). Moreover, successful

interventions may benefit patients’ long-term well-being if these potentially positive

shifts in brain functioning can carry over, sub-acutely (Roseman et al., 2018).

In recent years, a small but increasing number of clinical trials have demonstrated

an impressive efficacy of psychedelic therapy in improving the well-being of patients

with depression (Carhart-Harris et al., 2016, 2021; Palhano-Fontes et al., 2019),

anxiety (Griffiths et al., 2016; Grob et al., 2011), obsessive compulsive disorder

(OCD) (Moreno et al., 2006), eating disorders (Spriggs et al., 2020), and substance

abuse issues (Garcia-Romeu et al., 2014; Krebs & Johansen, 2012; Winkelman,

2015). However, the neurobiological basis of this potential efficacy is incompletely

understood. Therefore, generating markers of the brain’s dynamics that are sensitive

to changes in patient well-being presents an important opportunity to develop our

understanding of patient treatment response.
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1.6 Aims and outline of the thesis

Here, I state the three research aims of this thesis. Each experimental chapter

addresses these aims in turn and together they provide insight into how brain

systems flexibly adapt to cognitive demand and how these systems are important

for well-being. The first aim of the thesis is:

1 - To identify the brain systems associated with exogenous attention switching.

Specifically, I perform a task-based fMRI activation analysis of a novel

task-switching paradigm (Chapter 3). This task systematically alters the cognitive

demand imposed during attention switching in healthy adults. Given the increased

cost associated with increasing cognitive demand, the second aim of the thesis is:

2 - To test how the brain optimises switching-cost demand by structuring behaviour.

Specifically, in two fMRI studies, I examine how healthy adults develop efficient

behavioural routines during a novel self-ordered switching (SOS) paradigm (Chapter

4). These findings indicate that structuring behaviour is an important ability for

minimising the cognitive demand of low-level elements of the routine to ‘free-up’

resources for the successful high-level executive control of behaviour. The flexible

adaptation of the brain’s higher-order functional networks related to successful

behavioral outcomes but this ability varied across healthy individuals. The third and

final aim of the thesis, therefore, was:

3 - To test how cognitive control systems are implicated as patients with depression

respond to a psilocybin therapy clinical intervention.

Specifically, in two fMRI clinical trials, I examine how brain function changes in

depression patients who receive psilocybin therapy. The symptomatic and neural

markers of cognitive flexibility significantly increased following psilocybin therapy.
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These neural markers predicted long-term increases in patient well-being and

changes in functional dynamics were predominantly associated with the brain’s

higher-order networks including the DMN and the lateral frontoparietal networks.
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“I would never die for my beliefs because I might be wrong.”

― Bertrand Russel
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Chapter 2: Methods

I overview the experimental methods used in this thesis. This includes the

fundamental principles of fMRI data acquisition; fMRI data handling; modelling brain

activation and connectivity; the measurement of behavioural performance and

assessing the clinical symptoms of depression.

You’re using your brain to look at mine.
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2.1 MRI fundamentals

2.1.1 Magnets & radio waves

The advent of MRI provided a valuable technique for measuring the structural and

functional properties of the brain. MRI distinguishes itself from other medical

imaging devices as it can produce high resolution images of the body without using

potentially harmful ionising radiation (as is the case for x-ray and positron emission

tomography) (Oldendorf & Oldendorf, 1988). These features make MRI an attractive

research tool with high safety that can be used to acquire data from healthy and

patient groups without strong clinical justification (Panych & Madore, 2018).

In its essence, MRI scanners create images using strong magnetic fields and radio

wave frequency pulses to manipulate hydrogen protons in the body (Plewes &

Kucharczyk, 2012). Protons have the physical property of angular momentum or

‘spin’. The typically random direction of a proton’s spin is susceptible to alignment

by the strong magnetic field lines generated by an MRI scanner’s main ‘static’

magnetic field lines (Bryant et al., 1991). Angular momentum is conserved and

therefore protons precess around the field line (akin to a gyroscopic spinning top)

(Caverly, 2015). The precessional frequency (‘speed of gyration’) depends on the

nuclei of interests’ gyromagnetic ratio (a constant value) and will increase with

magnetic field strength, as formulated by the Larmor equation:

,ω = γβ
0

(1)

where, the precessional frequency, , is proportional to the nuclei’s gyromagneticω

ratio, , and the strength of the magnetic field, denoted here as, , representing theγ β
0

scanner’s static field (Hahn, 1950).

Knowing the precession frequency of a given nucleus and the magnetic field

strength allows the ‘resonance’ to be put into MRI. Hydrogen is the target for

conventional MRI. A precise amount of energy can be delivered to hydrogen protons
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by emitting radio frequency pulses at the same frequency as the proton’s

precession frequency. This excitation causes the proton’s spin to ‘pull away’ from

the static field lines and towards the perpendicular/transverse plane, or even

continue to the antiparallel/inverted position (is sufficient pulse power and time is

applied) (Caverly, 2015). Once the radio frequency pulse ceases, the excited proton

‘relaxes’ and emits energy as it ‘relaxes’ back to the main magnetic field. This

emitted energy is the basis of the signal that is measured in MRI (Irnich & Schmitt,

1995).

2.1.2 Image encoding

By exploiting the principle of magnetic resonance, an MRI scanner can construct

3-dimensional (3D) images of its subject. Similar to a digital camera, where pixels

are assigned values, the scanner creates an image by ‘filling’ each voxel (3D pixel)

of the 3D volume.

To build the 3D image volume, conventional MRI involves two processes: Slice

selection and spatial encoding. Slice selection involves applying an additional

magnetic gradient along the z-axis ( ), typically, to the main static ( ) field (Pipe,𝐺
𝑧

β
0

1995). Following the Larmor equation, this induces linear variability in the precession

frequency, with slower speeds at the bottom of the gradient. Therefore, the

matching radio frequency pulse will selectively excite protons in the corresponding

section of the gradient (Bieri & Scheffler, 2013).

The excited slice represents 1 2D grid of the 3D volume. Spatial encoding is then

used to isolate the signal from each voxel along the x/y axes of the slice. Frequency

encoding gradients (readout gradients) are also applied to alter the precession

frequency along one axis (in a similar manner to the slice select gradient). To encode

position along the second axis, phase-encoding gradients are applied to dephase

(become out of sync) spin precession along the gradient. In contrast to the

slice-select and frequency-encoding gradients, the phase-encoding gradients are

not accompanied by the symmetric and reverse rephasing gradient during the pulse
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sequence (Erasmus et al., 2004). Together, these gradients are systematically

combined to isolate and measure the signal from each coordinate within the 3D

grid.

2.1.3 MRI modalities

MRI can generate a broad range of image modalities, each of which are sensitive to

different tissue properties (Basser et al., 1994; Haase, 1990; Weissman, 1986). The

MR physicist can manipulate parameters within the imaging pulse sequence, such

as the echo time (TE) and repetition (TR), which determine when and how protons

are excited and when the signal is measured during its relaxation. Most of the

contrast in an MR image of tissue comes from differences in fundamental

parameters relating to the proton density and the , , relaxation times (Gold𝑇
1

𝑇
2

𝑇
2

*

et al., 2004). relaxation refers to the time required for longitudinal relaxation, or𝑇
1

return to the steady precession around the field lines, after excitation, and𝐵
0

𝑇
1

-weighting of an image is controllable via the TR. and both refer to the𝑇
2

𝑇
2

*

transverse relaxation and are controlled by the TE (Henoumont et al., 2009;

Houmard et al., 1995).

In neuroimaging research, -weighted images (short TE, short TR) are most𝑇
1

commonly used to generate anatomical images of the brain (Jack et al., 2008). 𝑇
1

-weighted images offer a high spatial resolution, isotropic voxels and moderate

signal contrast between tissue types (e.g., grey matter, white matter).

In this thesis, I use -weighted images alongside a special kind of MRI contrast,𝑇
1

functional MRI (fMRI). fMRI is sensitive to brain function and is acquired at speeds

rapid enough to ‘freeze’ physiological motion (Ogawa et al., 1993). Gradient echo

(GE) echo-planar imaging (EPI) acquisition schemes are typically used for fMRI. A

‘train’ of very short phase-encoding gradients are applied to generate a rapid

sequence of ‘echoes’ within the TR (Feinberg & Yacoub, 2012). Each echo is the
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point where transverse magnetisation has been refocused for a specific portion of

the subject with a pair of alternating magnetic gradients.

The moderate temporal resolution of fMRI (1-3 seconds per measurement) is

impressive but is substantially slower than the brain’s electrophysiology. However, a

tradeoff in spatial resolution is made by reducing the number of measurements

required at each timepoint. This can be achieved in several ways including larger

voxels and/or adding gaps between slices. The other tradeoff is in the sacrifice of

the signal tissue contrast as periods in the sequence where tissue relaxation can

occur are short (Poser et al., 2006). Subsequently, brain imaging experiments will

typically acquire a high-resolution T1-weighted image in addition to the fMRI

recordings (this is discussed further in section 2.2.2 fMRI preprocessing).

2.1.4 The BOLD signal

fMRI provides an indirect measure of brain function and relies on subtle differences

in magnetisation susceptibility between oxygenated and deoxygenated

haemoglobin in the blood (Logothetis & Wandell, 2004).

fMRI typically measures changes in the Blood Oxygen Level Dependent (BOLD)

signal. In a curious twist of fate, haemoglobin that is carrying oxygen has a weaker

interaction with a magnetic field (diamagnetic) than deoxygenated haemoglobin

(paramagnetic) (Pauling & Coryell, 1936; Thulborn et al., 1982). Deoxygenated

haemoglobin, therefore, introduces local inhomogeneities in the magnetic field

where protons (excited and ‘flipped down’ onto the transverse plane) will exhibit a

more rapid dephasing that is not recoverable by the refocusing gradients (or RF

pulses). This results in lower signal magnitudes being measured in the presence of

deoxyhemoglobin (Ogawa et al., 1993).

The brain requires a constant supply of oxygen and glucose metabolites. To manage

fluctuations in demand, a dense and dynamic vasculature (Reichenbach et al.,

1997; Tatu et al., 1998) reacts to the metabolic needs of local tissues (Chow et al.,

2020). This accommodates the increased metabolic demand from neurons that are

51



‘firing’ action potentials at a greater rate than normal (Hasenstaub et al., 2010). The

increase in blood flow increases the perfusion of oxygenated blood through the

local tissue. This results in less transverse dephasing and an increase in MRI signal

(Ogawa et al., 1993).

This neurovascular coupling is an important consideration for the modelling of fMRI

because there is a temporal lag between the onset of increased neuronal activity,

bolus perfusion and the subsequent measurable change in the BOLD signal. This

lag is one of the limiting factors when it comes to the possible temporal resolution of

fMRI (Friston et al., 2000; Woolrich et al., 2004).

2.2 fMRI data handling

2.2.1 Noise sources: Head motion & physiological fluctuation

In this thesis, I use fMRI to indirectly measure brain function. However, the fMRI

signal has many sources to it, and they often can share statistical dependencies

with our signal of interest, fluctuations in neural activity. There are too many ‘noise’

sources to be fully described here; however, the primary concerns relate to noise

introduced by head motion and fluctuations in physiology.

On a basic level, head motion is problematic because we assume that the signal

from a given voxel corresponds to the same portion of brain tissue over time.

Therefore, motion mixes signals between adjacent regions. Beyond this, head

motion introduces a panoply of corrupting influences that can persist over many

measurements after the motion has occurred (10s of seconds) (Power et al., 2012).

The scanner’s homogeneous field is spoiled when a subject is introduced; however,

additional shimming gradients are applied to counteract this (Stockmann & Wald,

2018) with the assumption that the subject is stationary during scanning. The

interactions between the moving head and the magnetic field are very difficult to

predict and result in issues relating to off-resonance, signal drop out and spin

history artefacts (Muresan et al., 2002). All of these influences will bias our estimates
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of brain function and can be particularly problematic when the study compares

clinical groups that may present confounding differences in head motion (Makowski

et al., 2019).

Physiological noise refers to changes in the MR signal that result from changes in

breathing, heart rate and arousal (Orban et al., 2020). The simple act of breathing

affects the homogeneity of the main field and changes in heart rate or breathing can

become confounds if they occur in patterns that correlate with the experimental

design (Brosch et al., 2002; Hu et al., 1995; Power et al., 2019). Relatedly, the

systolic blood pressure waves can also induce physical motion of brain tissue and

changes in heart rate and breathing rate will affect the BOLD signal (Chang et al.,

2009).

2.2.2 fMRI preprocessing

Several preprocessing steps are applied to the raw imaging data before using the

data to ask questions regarding brain function. The aims of preprocessing are to

mitigate the noise introduced by head motion and physiology and to maximise the

spatial similarity between individuals so that the equivalent brain regions can be

compared across individuals.

A typical first step in fMRI preprocessing is slice-timing correction. fMRI data are

typically acquired one slice at a time. This can mean that there can be large

temporal offsets between the first and last slice collected within a single 3D volume.

Slice-timing corrections use an interpolation across slices, within a volume, to weigh

values against a reference slice (Sladky et al., 2011). The step is particularly

important for sequences with longer TRs (Glasser et al., 2013).

To correct for in-scanner head-motion, a rigid-body transform is typically performed

between each volume and a reference volume (e.g., the first, middle or last volume)

(Friston et al., 1996). Rigid-body transforms allow 6 degrees of freedom (3

translations and 3 rotations along the X, Y, Z axes) to be optimised when minimising

the difference between each pair of images. The root mean square error (RMSE) is a
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typical objective function in this case. The resulting transforms estimate the

parameters required to realign the series of 3D volumes collected over time (Power

et al., 2015). These realignment parameters can be used as model predictors to

account for time course variance associated with head motion (see section 2.2.3

Task activation modelling). Alternatively, this variance can be regressed out from

each voxel and the analysis is then conducted on the residuals. This approach is

common in resting-state analyses (Parkes et al., 2018).

It is important to overcome the natural variation in brain size and morphology when

seeking to detect regional activation changes that are consistent across individuals.

It is common to transform, or ‘register’, the MR images to a standard group space

and coordinate system to facilitate statistical comparisons (Ashburner & Friston,

2000). However, BOLD EPI images exhibit poor tissue contrast and are typically

acquired with a moderate spatial resolution (3mm3) (Poser et al., 2006). This makes

between-subject registrations particularly challenging. Instead, a -weighted image𝑇
1

is also acquired during the experiment to generate a high-resolution anatomical

image with moderate signal contrast for use during this registration stage.

Specifically, the individual's motion-corrected EPI images are rigid-body

transformed to the individual’s high-resolution anatomical image (typically

T1-weighted, 1mm3) during a ‘co-registration’ step. This aligns the individual’s 𝑇
1

-weighted image with their BOLD EPI volume timeseries.

To align the individual’s data with the standard group space, an affine transform and

non-linear warp is estimated using the anatomical image and this is then applied to

the co-registered EPI’s (Ashburner & Friston, 2000). Alternatively, a study-specific

group space, or template, can first be generated as an intermediary step, where

images are registered to the template followed by the transform to the standard

group space (Ashburner, 2007; Ashburner & Friston, 2011).

A final spatial smoothing step is applied to improve the signal to noise ratio and aid

the data to meet the assumptions of random field theory. Typically, voxel values are
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replaced with the weighted mean of the surrounding voxel values calculated using a

3D gaussian kernel. An important consideration is the spatial extent of the kernel

and this is controlled by the full-width at half-maximum (FWHM) value. Typically

smoothing kernels in fMRI analyses of volumetric data range between 4-8 mm (Mikl

et al., 2008).

2.2.3 Task activation modelling

The preprocessed fMRI data can be modelled in a myriad of ways. For task-fMRI,

where individuals are scanned while performing tasks, model-based approaches are

common. In particular, general linear modelling (GLM) can be used to arrange

predictors for capturing aspects of the experiment, as they occurred in time (e.g.,

when a button is pressed) (Friston et al., 1994). However, the limited temporal

resolution of fMRI and the neurovascular lag inherent in the BOLD signal, present an

interesting modelling problem. To align the temporal resolution of the experimental

events with the fMRI data, the model predictors (representing the onset and

duration of events) are resampled (to equal the number of EPI volumes acquired)

and convolved with a hemodynamic response function (HRF). This process

improves the predictive power of the model (Mechelli et al., 2003).

The GLM allows for multiple predictors to be simultaneously modelled and for their

independent effects on each voxel timecourse to be estimated (e.g., correct vs

incorrect responses). It is also possible to include confound, or nuisance, predictors

in the model to control for noise sources such as head motion or physiological

predictors (Friston et al., 1996). This mass-univariate approach can be formulated

as:

,𝑌𝑇 = β
0

+ [𝐻(𝑋),  𝐸]β + 𝑒 (2)

where, , is the matrix of psychological timecourses and, , its HRF convolution.𝑋 𝐻(𝑋)

is the voxel timecourse and is the matrix of nuisance regressors. , the𝑌𝑇 𝐸 β

activation beta weights of interest, , is the model intercept and, , the modelβ
0

𝑒

residual.
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Fitting the GLM to the timeseries from each voxel generates a beta coefficient, or

contrast estimate, for each predictor in the model. For each predictor (condition),

these contrast estimates can be arranged into a 3D map of the brain where each

voxel now represents the relative change in the timeseries intensity given the

multiple sources (predictors) or influences on that voxel timeseries. If a contrast

estimate is positive, it is assumed that the condition of interest (predictor) is

associated with an increase in functional activation of the brain tissue captured by

that voxel (Monti, 2011).

Typically, classical inferential statistics are then used to generate group-level maps

that represent consistent activation changes across individuals. This can be done

with analysis of variance (ANOVA) models and t-tests, amongst others. Again, this is

a mass-univariate approach meaning that an independent statistical test is applied

to each voxel. The statistical maps can then be thresholded to isolate those voxels

using statistical significance (the probability/confidence that repeating the

experiment with an independent sample would yield the same result).

However, this statistical approach presents a non-trivial multiple-comparisons issue

(Genovese et al., 2002). Say that we tolerate a typical 1/20 probability that our

activation change is a false positive, we would expect to see a very large number of

voxels, within the 10’s of thousands being tested, to show a significant difference by

random chance.

Subsequently, the significance threshold can be made more stringent (e.g., a

1/1000 chance); however, this will be at the cost of an increased false-negative rate.

Instead, a correction for multiple comparisons can be applied at the level of

individual voxels or on clusters of spatially adjacent voxels that are above threshold

(Woo et al., 2014). Both are attempts to control the number of false-positives while

preserving the true positives. One advantage of cluster-level correction is that the

spatial dependency between voxels is considered to some extent (Woo et al., 2014).
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Voxels are arbitrary units and therefore clusters of activation are more likely to reflect

biologically plausible signals.

Corrections at the voxel or cluster level are typically performed with Bonferroni or a

false discovery rate (FDR) correction. Bonferroni corrections are conservative as

significance level (alpha) is redefined as the original alpha divided by the number of

tests being carried out (e.g., number of voxels). This can result in a significant

proportion of true positives being falsely rejected. The FDR correction takes a

different perspective that adjusts probability values generated from a series of

independent tests. Here, it is accepted that a proportion of the significant results are

false-positives, instead of the proportion of all tests being conducted being false

positives (Benjamini & Hochberg, 1995).

In chapters 3 and 4, I use task-activation analyses to define group-level activation

changes predicted by the different experimental events. Unless otherwise stated,

the activation maps were initially thresholded at an uncorrected voxelwise p<0.01

threshold. The resulting maps were then cluster-corrected using an FDR p<0.05.

Once thresholded, the spatial patterns of activation change can be compared

across conditions or independent groups. Region of interest (ROI) and individual

difference analyses can also be performed where activation magnitudes are

sampled from specific brain regions and each individual and then correlated with

measures relating to behavioural performance or clinical severity, for example

(Poldrack, 2007).

2.2.4 Watershed by immersion clustering of activation maps

The large statistical spaces generated by fMRI data present a noteworthy challenge.

What are the principled ways to summarise these data and derive valid insight? For

task fMRI activation experiments, ROI analyses are commonly used. ROI analyses

allow researchers to reduce the statistical space into manageable subsets of the

data and ask focused questions about specific brain regions. However, while fruitful,

the typical ROI analysis has been limited by an arduous manual process,
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experimenter bias, anatomical expertise and susceptibility to post-hoc redefinitions

for statistical significance (aka., “p-hacking”).

Consequently, the reproducibility across fMRI studies can inadvertently suffer

(Lorenz et al., 2017). Despite the existence of many open-access tools for modelling

MRI data, there is a surprising lack of tools that yield ROIs from functional activation

maps in a data-driven and principled manner.

To address this, Eyal Soreq and I developed a toolbox designed to offer an

unbiased data-driven alternative to ROI definition for fMRI task activation analysis.

The “FUnctional and Structural Integration of Neuroimages” (FUSION) WaterShed

(WS) toolbox is currently in preparation for public release. At the core of Fusion-WS

is a variant of the classic watershed by immersion transform (F. Meyer & Beucher,

1990). The watershed transform is a naive but elegant approach that is well-suited

to clustering fMRI task activation because it can efficiently segment continuous

statistical spaces into discrete labels that can be non-gaussian in shape. Moreover,

the number of clusters derived is parameter free, in the sense that there is no k to be

defined. Three parameters are defined in this implementation: Filter threshold,

flooding radius and merge threshold. Fusion-WS has default values for these

parameters; however, appropriate values will depend on image resolution, focality of

the activation clusters and the desired parsimony of the ROI set. These parameters

are described below.

Watershed transforms are flexible as they can be applied to n-dimensional spaces;

however, the Fusion-WS implementation is tailored to 3D spaces as these are

typical in task fMRI analyses. The algorithm treats the activation map as a

multi-dimensional surface where high and low intensities represent elevations, akin

to a geographical landscape with peaks and troughs.

It is advisable to run Fusion-WS using an activation map that has been

“preprocessed”. Random noise in the volume will result in a large ROI set containing

many small ROIs with a high proportion that are unlikely to be relevant to the

58



experimental hypothesis. Subsequently, it is advisable to apply a cluster-correction

or another threshold to remove redundant voxels from the space. The first stage in

the Fusion-WS pipeline inspects the image and applies a basic internal threshold

using the top 10% of the interquartile range (IQR) if the image has not been

thresholded. NB:- This procedure is independently repeated for two-tailed maps on

the positive and negative voxel intensities.

The second stage in Fusion-WS transforms the continuous space into a set of

spatially independent connected components (ICC). For example, if there are two

activation clusters that don’t share any contiguous voxels, say one in the frontal

lobe and another in the parietal lobe, then this would generate two independent

components. The filter parameter is applied at this stage to exclude ICC below a

given voxel volume. Watershed is then applied to each ICC’s underlying voxel

intensities, which are inverted so that activation peaks become troughs, or

catchment basins (CB). An index is generated which ranks all voxels within the ICC.

Iterating through this index, starting with the deepest CB, voxels are handled in 1 of

3 ways. It is first asked whether the voxel is proximal to another voxel with an

existing label. This search is conducted within the flooding radius. If a label is found,

then that voxel is assigned to the same label. If no label exists within the flooding

radius, then a unique label is created for that voxel. If multiple labels are found then

the label with the mode voxels in the neighbourhood is assigned in a

“winner-takes-all” strategy. This procedure continues until all voxels within the ICC

have been labelled. Finally neighbouring ROIs, within the ICC, are merged if they are

below the merge threshold voxel volume.

The Fusion-WS functionality has been applied to task fMRI data in cognitive

contexts, including working memory processes (Soreq et al., 2019), intelligence

testing (Soreq et al., 2021) and IBL (Hampshire et al., 2019), and also for detecting

activation differences in clinical contexts including Trichotillomania (J. E. Grant et al.,

2018) and OCD (Hampshire et al., 2020).
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In Chapter 3, a watershed transform is applied to a group-level fMRI activation map

using the Fusion-WS implementation outlined above. Specifically, a large activation

cluster in PFC was segmented into multiple ROIs. Critically, these data-driven ROIs

closely correspond with previously reported activation coordinates (Crittenden &

Duncan, 2014).

2.2.5 Connectivity modelling

The human brain exhibits complex network architectures, both in terms of the

white-matter pathways (Catani & Thiebaut de Schotten, 2008) that carry action

potentials between regions (S. S.-H. Wang et al., 2008) and the co-fluctuating

activity patterns that occur between distributed regions (Bassett et al., 2013; Sporns

& Kötter, 2004).

Activation studies provide information regarding which brain regions are involved in

processes. Functional connectivity (FC) studies can allow insight into how

information flows between regions as they interact (Friston, 2009). There are many

ways to define FC between the timeseries within neuroimaging data. Undirected

connectivity measures, based on timeseries similarity, are regularly used to indicate

if activation between pairs of regions co-fluctuate over time. Typically, linear

statistical dependencies are assessed using measures including Pearson

correlation, cosine similarity or phase synchrony (H. E. Wang et al., 2014).

Multivariate approaches such as independent component analysis (ICA) can be

applied to decompose the entire dataset into a set of spatially independent

networks of voxels that covary over time (McKeown & Sejnowski, 1998). ICA has

been applied to resting-state fMRI to identify the brain’s intrinsic functional networks

(S. M. Smith et al., 2009).

2.2.5.1 Psychophysiological interactions

ICA and bivariate correlations can be applied to task-fMRI data (Finc et al., 2020;

Leech et al., 2011); however, psychophysiological interaction (PPI) modelling has

the distinct advantage of measuring task-dependent changes in FC between pairs

60



of regions (Friston et al., 1997; Gitelman et al., 2003). The PPI uses GLM to estimate

the change to intrinsic connectivity between a seed and target region (physiological)

timecourses that is predicted by the task events (psychological).

A recent extension of the PPI framework simultaneously models multiple conditions

of interest together. The generalised PPI (gPPI) has the advantage of greater

sensitivity to measuring task-dependent FC (McLaren et al., 2012). I use the gPPI

measure in Chapter 4 to examine how brain connectivity changes as healthy adults

learn a complex task. The gPPI is modelled using the following:

,𝑌𝑇 = β
0

+ [𝑌𝑆 *  𝐻(𝑋)]β
𝐺

+ [𝑌𝑆,  𝐻(𝑋),  𝐸]β + 𝑒 (3)

where, , is the matrix of psychological timecourses and, , its HRF convolution.𝑋 𝐻(𝑋)

is the target ROI timecourse and, , the seed ROI timecourse. is the matrix of𝑌𝑇 𝑌𝑆 𝐸

motion & tissue signal timecourses. are the gPPI betas weights, , the betaβ
𝐺

β

weights of no-interest, , is the model intercept and, , the residual (McLaren et al.,β
0

𝑒

2012). This procedure can be repeated for each pair of regions and the resulting

gPPI’s (beta weights) averaged to generate an undirected FC measure.

2.2.5.2 Pearson correlation

Brain function expressed in fMRI data can be summarised into network graphs.

Nodes in the graph represent brain regions and the edges between nodes represent

the strength of FC between regions (He & Evans, 2010; Lee et al., 2013). Graphs can

be built using one of many FC measures but Pearson correlations are common (B.

P. Rogers et al., 2007). Pearson correlations are defined by:

,𝑟 =
∑ 𝑥

𝑖
−𝑥( ) 𝑦

𝑖
−𝑦( )

Σ(𝑥
𝑖
−𝑥)

2
Σ(𝑦

𝑖
−𝑦)

2
  

(4)

where the correlation coefficient is the covariance of variables and , as the sum𝑟 𝑥 𝑦

of product deviations of each datapoint from their respective variable mean, divided
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by their standard deviation (Pearson, 1896).

Pearson correlations are useful for describing simple bivariate linear relationships.

The standardisation in its formulation provides a metric, ranging from -1 to 1, that is

invariant and comparable across independent pairs of variables (given equal

degrees of freedom). For example, a coefficient equal to 1 denotes a perfect linear

relationship where both variables increase with 0 variance or deviation around the

linear line of best fit. A coefficient close to 0 denotes a large variance from the line of

best fit.

In brain imaging analyses, positive correlation coefficients between two timecourses

( , ) imply that the signals from two regions increase and decrease together over𝑥 𝑦

time. A negative correlation implies that when the signal in either timecourse

increases the signal decreases in the other timecourse. Functional networks are

typically considered as spatially distal regions whose timecourses positively

correlate.

2.2.5.3 Modularity

Understanding how the brain’s functional networks are organised remains an area of

fervent research (Glasser et al., 2016; Schaefer et al., 2018; Yeo et al., 2011).

However, it is clear that variations in functional connectome expression contain

predictive information that is specific to individuals (Finn et al., 2015), individuals’

task performance (Rosenberg et al., 2016; Soreq et al., 2021) and clinical status

(Mason et al., 2018; Matthews & Hampshire, 2016).

Functional connectomes often represent large statistical spaces that can be

burdensome to evaluate. However, composite measures that describe features of

the connectome are widely used (Bassett et al., 2013; Bassett & Bullmore, 2006;

Mattar et al., 2015).

Network modularity provides an elegant approach to describing functional

connectomes. I use this metric in Chapter 5 to examine how brain network
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organisation changes as patients with depression respond to psilocybin therapy.

Modularity or, , indexes the degree of clustering and segregation within the𝑄

network. Typically, a community detection algorithm (Blondel et al., 2008) is applied

to a network graph whose objective is to maximise the extent to which the graph

can be split into separate non-overlapping communities or modules (Newman,

2004, 2006; Newman & Girvan, 2004).

For the brain’s functional connectome, clusters of connectivity (networks) are

observable throughout. For example, regions within the visual cortex show

preferential connectivity to each other than with the rest of the brain. The extent,

and number, of clusters within the connectome determines the modularity score

(Newman, 2006). Larger modularity scores indicate a greater degree of segregation

between the brain’s network. Here, I use modularity with the standard definition of:

,𝑄 =  1
2𝑚

𝑖𝑗
∑ 𝐴

𝑖𝑗
 − γ

𝑘
𝑖
𝑘

𝑗

2𝑚( )δ 𝑐
𝑖
, 𝑐

𝑗( ) (5)

where represents the weight of FC (correlation) between ROI and , is the𝐴
𝑖𝑗

𝑖 𝑗 γ

structural resolution free parameter (set to 1) and is the expected null FC defined
𝑘

𝑖
𝑘

𝑗

2𝑚

with as the total FC across all connections with ROI , is the community𝑘
𝑖

= ∑
𝑗
𝐴

𝑖𝑗
𝑖 𝑐

𝑖

to which ROI is assigned, is the Kronecker delta function and equals 1 if𝑖 δ 𝑐
𝑖
, 𝑐

𝑗( )
ROI and belong to the same community and 0 otherwise (Bassett et al., 2013)𝑖 𝑗

and , is the total FC of the network.𝑚 = 1
2 ∑

𝑖𝑗
𝐴

𝑖𝑗

Modularity scores can suffer from non-deterministic and near-degenerate graph

partitions (meaning that there can be many solutions with similar optimality) and

have a dependency on the sum of edge weights within the graph (e.g., FC within the

connectome) (Rubinov & Sporns, 2011). To facilitate valid comparisons between

scanning sessions and individuals, the community detection can be repeated (e.g.,

100 times) and the partition with the largest modularity score normalised by the
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mean modularity score generated from a distribution of randomly rewired (shuffled)

networks (Maslov & Sneppen, 2002).

2.2.5.4 Functional cartography

The community detection procedure generates a community assignment for each

node in the network graph. These labels can be used to determine the extent to

which nodes are recruited to the functional networks that they typically ‘belong to’,

as defined by healthy adults. For example, brain regions known to constitute the

DMN should reliably form communities with each other.

In practical terms, an allegiance matrix, , is calculated to represent the probability𝑃

that two nodes and are assigned to the same community (Bassett et al., 2015;𝑖 𝑗

Mattar et al., 2015), defined here as:

,𝑃
𝑖𝑗

 =  1
𝑂

𝑂=1

𝑂

∑ 𝑎
𝑖,𝑗
𝑘,𝑜 (6)

where is the number of times the modularity algorithm was run. For each partition,𝑂

equals 1 if regions and belong to the same community.𝑎
𝑖,𝑗
𝑘,𝑜 𝑖 𝑗

Using the allegiance matrix, node scores can be summarised to generate functional

network-level metrics such as recruitment (the extent to which nodes from the same

network form communities) and integration (the extent to which nodes from two

different systems form communities (Bassett et al., 2015; Mattar et al., 2015).

Metrics such as these can be normalised against the mean values from randomly

shuffled node-network assignments to account for differences in the number of

regions in each network, or pair of networks (Finc et al., 2020).

2.2.5.5 Dynamic flexibility

The connectivity and graph analyses described thus far are ‘static’, i.e., they reflect

a time-averaged connectivity pattern defined using all timepoints available (e.g.,

throughout a 10-minute recording). Dynamic functional connectivity can define how

connectivity changes over time. In Chapter 5, I use a sliding-window approach
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where connectivity matrices are estimated for each window in time (Hutchison et al.,

2013).

Sliding window approaches can be used to estimate dynamic modularity (Lucas et

al., 2016; Mucha et al., 2010) using a 3D FC matrix with FC estimated𝑁 𝑥 𝑁 𝑥 𝑇

between each node at each point in time or time-window . Dynamic modularity𝑁 𝑇

can be defined as:

𝑄
𝑀𝐿

=  1
2µ

𝑖𝑗𝑙𝑟
∑ 𝐴

𝑖𝑗𝑙
− γ

𝑙

𝑘
𝑖𝑙

𝑘
𝑗𝑙

2𝑚
𝑙

( )δ
𝑙𝑟

+ δ
𝑖𝑗

ω
𝑗𝑙𝑟

⎡⎢⎣
⎤⎥⎦
δ 𝑐

𝑖𝑙
, 𝑐

𝑗𝑟( ),
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where is the total FC of the multilayer network, and is theµ = 1
2 ∑

𝑖𝑗𝑙
𝐴

𝑖𝑗𝑙
𝑚

𝑙
= 1

2 ∑
𝑖𝑗

𝐴
𝑖𝑗𝑙

total FC of layer , is the FC between ROI and at layer , is the expected𝑙 𝐴
𝑖𝑗𝑙

𝑖 𝑗 𝑙
𝑘

𝑖𝑙
𝑘

𝑗𝑙

2𝑚
𝑙

null FC at layer . The two free and structural and temporal resolution𝑙 γ ω

parameters are used to scale the number of communities and strength of inter-layer

edges, respectively. As is typical for dynamic modularity fMRI analyses, these

parameters were both set to 1 (Finc et al., 2020; Harlalka et al., 2019; Mattar et al.,

2015) in the dynamic modularity analysis reported in chapter 5.

The dynamic modularity estimates a community assignment for each node at each

time-window in an matrix. From this, metrics such as dynamic flexibility can𝑁 𝑥 𝑇

be defined by simply the number of times a node changes its community allegiance

over time, give the number of opportunities to observe change (Mattar et al., 2015):

𝑓
𝑖

= 1 −  1
𝑇−1

𝑙

𝑇−1

∑ δ 𝑐
𝑖𝑙

, 𝑐
𝑗𝑙+1( ),

(8)

Flexibility scores close to 0 represent rigid nodes whose community allegiance is

stable across time, scores close to 1 represent flexible nodes whose community

allegiance regularly changes over time.
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2.3 Modelling behaviour

2.3.1 Reaction time

Reaction time (RT) or response speed has been extensively used to model

behaviour, attention and intelligence (Carlson et al., 1983; Prinzmetal et al., 2005).

RT is a continuous measure representing the time between the presentation of a

stimulus and determining and enacting the response (typically a button press)

(Robbins, 2002).

RT is a proxy of cognitive load and, subsequently, can be experimentally

manipulated and compared across individuals and groups (Barrouillet et al., 2007).

RT can be modelled in many ways; however, a common approach is to summarise

individual RT’s within conditions of interest (e.g., for each difficulty level) and

compared across conditions, between groups of subjects (Camicioli et al., 2008) or

over time (Hampshire et al., 2016).

In my experimental chapters of this thesis, I use RT to compare changes in task

performance as a function of switching demand in both chapters 3 and 4. I also use

RT to inform the fMRI task activation models in chapters 3 and 4 and the fMRI gPPI

FC models in chapter 4.

2.3.2 Behavioural complexity

Most cognitive experimental paradigms control when the order of events that the

subject will respond to (Gratton et al., 2018; Rubinstein et al., 2001). However, in

chapter 4, I utilise a novel experimental paradigm (designed by Dr Adam Hampshire)

that requires subjects to structure their behaviour to manage competing demands.

Essentially, this paradigm generates a subject-specific sequence of the four

possible trial conditions. This presented the opportunity to quantify how behavioural

structuring varied across individuals and how this relates to changes in brain

function.
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For this context, you could use an estimate of Shannon entropy (Shannon, 1948). It

could be inferred that those behavioural sequences with high entropy values were

generated by individuals who were performing randomly, as each condition may

have occurred with a close to equal probability. However, instead, I estimate the

algorithmic complexity of the subject’s behaviour (Zenil et al., 2018). For random

sequences, where no compression is possible, algorithmic complexity and Shannon

entropy perform in a similar manner (Teixeira et al., 2011). However, for non-random

sequences, algorithmic complexity has the advantage over Shannon entropy of

being able to detect consistent structures within a sequence (Gauvrit et al., 2017).

Algorithmic complexity provides a computationally tractable estimation of

Kolmorogov-Chaitin complexity (K) (Chaitin, 1966; Kolmogorov, 1968) by combining

a block decomposition method (BDM) and coding theorem method (CTM)

approach. Conceptually, algorithmic complexity is the size of the smallest algorithm

capable of producing a given sequence of characters (for a full derivation see (Zenil,

2020; Zenil et al., 2018).

To estimate the algorithmic complexity of an individual’s behaviour in chapter 4,

each behavioural timecouse was converted into a binary vector that coded the order

that the subject performed the trial conditions. Sequence length naturally varied

across individuals. To account for this, complexity scores were normalized by the

mean algorithmic complexity calculated from 100 randomly shuffled versions of the

data.

2.3.3 Measuring depression severity

In chapter 5, I examine the brain systems implicated in cognitive control (highlighted

in chapters 3 and 4) in two resting-fMRI studies designed to assess changes in

brain function as patients with depression respond to psilocybin therapy treatment.

An important component of these analyses relates to individual differences in

depression severity scores, as was indexed by the Beck depression inventory (BDI)

(Beck et al., 1996; Beck & Clark, 1988). In particular, I use scores generated using
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the BDI-1A, a 21-item questionnaire. For each item, patients self-report agreement

with one of four statements that carry 0-3 points. The total sum of scores represents

the depression severity. The maximum score is 63, the clinical threshold is 20

points, >30 points is the severe depression category.

The BDI-1A is a well-validated measure (Beck et al., 1988), that taps cognitive,

affective and somatic features of depression (Steer et al., 1987). Moreover, BDI has

a broad agreement with other depression measures but has a stronger emphasis on

cognitive features than other conventional measures such as the quick inventory of

depressive symptomatology (QIDS) (Fried, 2017).
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“If you want to improve, be content to be thought foolish and stupid”

― Epictetus
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Chapter 3: Contrasting hierarchical and

multiple-demand accounts of frontal lobe

functional organisation during task-switching

In this chapter I analyse fMRI data from a novel task-switching experiment that was

designed and collected by Dr Adam Hampshire. Addressing aim 1 of this thesis, I

test which brain regions or networks support attention switching and how their

activation varies with increasing cognitive demand. This dataset provided the

opportunity to contrast two theoretical accounts of the frontal lobe’s functional

organisation. The findings from this experimental chapter are prepared for

submission and, subsequently, the use of “we” refers to my predictions, analysis,

data visualisation and interpretation.

The brain adapts during task-switching.
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3.1 Abstract

There is an unresolved discrepancy between popular hierarchical and

multiple-demand perspectives on the functional organisation of the human frontal

lobes. Here, we tested alternative predictions of these perspectives with a novel

fMRI switching paradigm. Each trial involved switching attention between stimuli,

but at different levels of difficulty and abstraction. As expected, increasing

response times were evident when comparing low-level perceptual switching to

more abstract dimension, rule and task-switching. However, there was no evidence

of an abstraction hierarchy within the prefrontal cortex (PFC). Nor was there

recruitment of additional anterior PFC regions under increased switching demand.

Instead, switching activated a widespread network of frontoparietal and cerebellar

regions. Critically, the activity within PFC sub-regions uniformly increased with

behavioural switch costs. We propose that both perspectives have some validity,

but neither is complete. Too many studies have reported dissociations within MD for

this volume to be functionally uniform, and the recruitment of more anterior regions

with increased general difficulty cannot explain those results. Conversely, whilst

reproducible evidence for a hierarchical functional organisation has been reported,

this cannot be explained in terms of abstraction of representation or reconfiguration

per se, because those interpretations generalise poorly to other task contexts.

Keywords: Cognitive control, task-switching, frontal lobes.
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3.2 Introduction

The prefrontal cortex (PFC) is critical for human cognition and behaviour (Duncan,

2001; Fuster, 1999; Shallice & Evans, 1978), yet how regions within the PFC are

functionally organised remains controversial. Broadly speaking, much of the debate

is polarised around two competing perspectives.

One prominent class of models revolve around the notion that the PFC is organised

hierarchically (Figure 1), with increasingly anterior PFC (aPFC) regions placing

towards the top of the hierarchy and supporting cognitive processes of an

increasingly higher-order (Badre, 2008, 2008; Badre et al., 2009; Koechlin et al.,

2003; Ramnani & Owen, 2004). Evidence in support of this hypothesis has been

provided from studies of executive dysfunction after lesions to aPFC (Badre et al.,

2009; Duncan et al., 1995; Nelson, 1976; Reitan & Wolfson, 1994; Roca et al., 2010;

Shallice et al., 2007), and by findings of increased functional MRI (fMRI) aPFC

activation for tasks that require switching (Braver et al., 2003; Koechlin et al., 1999,

2003; Rushworth et al., 2002), sequential processes (Koechlin et al., 1999; Vendetti

& Bunge, 2014), higher-order integrations (Parkin et al., 2015) and reversal learning

(Hampshire & Owen, 2006).

However, there is increasing awareness that the generalisation of one-to-one

mappings between cognitive processes and regional activations is problematic.

More specifically, the same brain regions are often activated during tasks that

operationally are distinct (Duncan, 2013; Duncan & Owen, 2000; Fedorenko et al.,

2013) whilst brain regions attributed to specific functions are rarely found to activate

in isolation (Cole et al., 2012; Daws, Scott, et al., 2020; Hampshire et al., 2010;

Lorenz et al., 2017; Mouraux et al., 2011; Sharp et al., 2010; Yarkoni et al., 2011).

An alternative perspective that can account for this general activation profile states

that a set of brain regions, referred to as “multiple-demand” cortex (MDC), forms a

flexible cognitive resource (Duncan, 2013; Duncan & Owen, 2000; Fedorenko et al.,
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2013). MDC is proposed to be recruited during diverse demanding tasks. In support

of this view, aPFC, is often activated as part of a broader distributed network during

diverse task contexts. Task-switching is one example (Cusack et al., 2010; Daws,

Scott, et al., 2020; Dove et al., 2000), but others include target detection (Hampshire

et al., 2007), motor-inhibition (Erika-Florence et al., 2014) and instruction-based

learning (Hampshire et al., 2016, 2019).

aPFC activation has also been reported during tasks that lack abstraction or

hierarchy by design, but that are challenging in other ways (Crittenden & Duncan,

2014; Jiang & Kanwisher, 2003). In order to account for studies that appeared to

support PFC hierarchy, proponents of the globalist perspective (Dehaene et al.,

1998) have proposed that progressively larger, and more anterior portions of the

frontal lobes, including aPFC, may be recruited to the MDC network under

increased task difficulty in general (Crittenden & Duncan, 2014; Jiang & Kanwisher,

2003).

In this study, we developed a ‘multilevel switching’ (ML) paradigm to test the

alternative predictions of the hierarchical and MDC perspectives on PFC functional

organisation. The ML paradigm allows a comparison of attentional switches that

partially differentiate the abstraction of the information being updated and the

amount of information being updated (general task difficulty). We gauged switch

costs using reaction time (RT), instead of response errors, as RT provides a

continuous behavioural index of difficulty for each trial that can be used to inform

the fMRI activation modelling. Furthermore, switch costs to RT can occur without

response errors (Daws, Scott, et al., 2020).

74



Figure 3.1. Schematic of alternate accounts of the frontal lobe’s functional
organisation. Left column depicts hierarchical models (Koechlin, Ody and
Kouneiher, 2003; Badre, 2008) that denote increasingly anterior prefrontal cortex
(aPFC) regions placing towards the top of the hierarchy and supporting cognitive
processes of an increasingly higher-order (top-to-bottom rows). The right column
depicts an alternate multiple-demand cortex (MDC) model (Duncan, 2013;
Crittenden and Duncan, 2014). Here, MDC forms a distributed cognitive resource
that flexibly recruits additional, and more anterior, frontal regions under increased
task difficulty (top-to-bottom rows).
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3.3 Methods

3.3.1 Participants

15 young healthy adults (8 female, mean age 25, ranging 20-40 years) participated

in the study. This sample size is comparable to previous studies which have

proposed differing accounts of the PFC’s functional organisation: The information

cascade model (n=12, Koechlin et al. (2003)), the abstraction hierarchy model (n=19,

Badre and D’Esposito (2007)) and the MDC model (n=13, Crittenden and Duncan

(2014)).

Effect sizes for aPFC activation are not reported in these studies; however, we have

estimated them as ranging between 0.7-0.9 Cohen’s D units, indicating a large

effect. From a power perspective, there is an 80% probability of detecting the same

effect with an effect size of d=0.7 (one-tailed) and d=0.8 (two-tailed) with the present

sample.

All participants were right-handed English speakers with normal, or corrected to

normal, eyesight. Volunteers were excluded if they had a history of neurological or

psychiatric illness, were taking psychoactive medications or did not meet MRI

safety criteria. Approval for this study was received by the Cambridge university

research ethics committee and participants gave written informed consent prior to

entering the fMRI scanner.

3.3.2 Multilevel switching task design

We designed the ML switching paradigm (Figure 3.2a) to compare attention

switches that varied in difficulty and abstraction. The ML paradigm was designed

for trials to be simple. Each trial presented one target and two probes. Participants

responded with a button press and selected the appropriate probe based on the

current mappings between the target and probes. These mappings were made

explicit by text on the screen and by the stimuli themselves.
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The individual trials were easy to perform; however, the important feature was that

the mappings between the target and probes would switch on every trial. These

switches would vary in difficulty, and level of abstraction, in terms of how much

information needs to be updated. Behaviourally, it was expected that RT would be

sensitive to this and would be shorter for low-level perceptual switches than for

high-level switches that concerned tasks or rules.

Specifically, the target-probe mappings were manipulated across six domains:

Tasks, Rules, Dimensions, Targets, Sides and Comparisons. Each of these domains

had two levels and only one of these switches occurred between every consecutive

trial. At the highest level, switches could occur between two tasks where the target

and probes were either coloured shapes or words (Figure 3.2a). Within each task,

switches could occur between two discrimination rules which determined whether

participants should select the probe that matched the target or the probe the was

the odd one out relative to the target and the other probe.

Switches could also occur between one of two dimensions of the stimuli within

each task. For objects, the dimensions were shape and colour. For words, these

were physical size and animate/inanimate. For example, the correct response for an

object matching colour trial would be the probe object that matched the colour of

the target object colour. The correct response for a word matching

animate/inanimate trial with “horse” as the target and “pin” and “lion” as the probes,

would be the “lion” probe.

At the lower perceptual levels, there were target-switches, where the target stimuli

updated and the probes remained constant, side-switches, where the two probes

simply switched L/R positions, and comparison-switches, where both probes

switched between levels of the dimensions. For example, a comparison-switch

across two object trials would involve switching the colour and shape of the probes.

In figure 2a a comparison switch is described with a black and white schematic

where the previous trial, t-1, presents a black circle target with a grey circle and a
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black hexagon as the probes. During the current trial, the target remains and the

probes are updated by a black circle and a grey hexagon as their colour and shape

has been switched. Accordingly, a comparison-switch across two word trials could

occur across the animate/inanimate dimension and one probe switches from “fly” to

“pin” and the other probe switches from “car” to “lion” (Figure 3.2a).

Notably, the rule, dimension, and target-switches were designed to be similar

insofar as they all differ by just one aspect to the comparison-switch, and in two

aspects to each other. This design allowed the switch events to differ in terms of

abstraction and the amount of information being updated on the screen.

One of the 6 switches (task, rule, dimension, side, target, comparison) occurred on

every trial. However, comparison-switches were designed to require the minimal

amount of switch reconfiguration demand and occurred on 35-40% of trials

whereas each of the other 5 switch types occurred on 13-14% of trials. These

frequencies were designed with fMRI model efficiency in mind to produce good

separability between the more demanding switches and between those and the

comparison-switches.

The paradigm was continuously performed for 16 minutes, without any resting

periods, during fMRI recording. Responses required selecting the left or right probe

with an MRI compatible button box held in the right hand using the 1st and middle

fingers. The current trial continued until a response was made, at which point, the

stimuli were removed from the screen. No response feedback was shown. The

inter-trial, or response-to-trial, interval was 1400ms.

3.3.3 Data acquisition & preprocessing

The paradigm was programmed in Visual Basic and stimuli were projected on a

screen, visible via a mirror, at the end of the scanner bore. fMRI was conducted

using a 3 Tesla Siemens Scanner for 16 minutes while individuals performed ML

switching. 480 T2*-weighted echo planar image blood oxygenation level dependent

(BOLD) volumes with 32 3mm slices were acquired using the following parameters:
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TR=2000ms, TE=30ms, FA=78°, 64 × 64 matrix, 192 × 192 mm field of view, 0.51

ms echo spacing, and 2232 Hz/Px bandwidth. A 1mm resolution MPRAGE

T1-weighted structural scan was also collected for each individual using the

following parameters: TR=2250ms, TE=2.99ms, TI=900ms, 9° flip angle and a 256 ×

240 × 192 matrix.

The first 10 functional images were discarded to account for equilibrium effects and

the remaining images were pre-processed using a standard pipeline in SPM12

(Statistical Parametric Mapping, Welcome Department of Imaging Neuroscience).

Images were slice-timing and motion-corrected, spatially warped onto the standard

Montreal Neurological Institute (MNI) template using the structural scan, and

spatially smoothed with an 8 mm full width at half maximum Gaussian kernel.

3.3.4 Activation modelling

Participants's fMRI data were modelled at each voxel using general linear models

(GLMs) in SPM12. Psychological predictors for each of the 6 switch types were

defined using the onset of the trial stimuli being presented and the duration from

this time and when a response was made, and these timings were convolved with

the canonical haemodynamic response function. Head motion was modelled using

12 parameters derived from the rigid-body motion-correction stage concatenated

with their 1st-order temporal derivatives.

ML switching was performed continuously throughout the run without resting

periods. Subsequently, participant-level beta maps were estimated for each

switching condition relative to the model constant (implicit baseline). Group-level

voxelwise activation was modelled with a within-subject 1-way repeated-measures

analysis of variance (rm-anova) with 6 levels (one for each switch domain).

To model activation increases that were general to attention switching, the switching

events were collapsed via a positive effect of switching t-contrast was estimated.

Effectively, this represents the mean activation increase across switches. Unless

otherwise stated, the group-level activation maps were initially thresholded at
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p<0.01 uncorrected, followed by a cluster-level p<0.05 false discovery rate (FDR)

correction for multiple-comparisons.

Given the statistical concerns surrounding inflated false-positives and cluster-level

inference raised by (Eklund et al., 2016) (although do see (Slotnick, 2017)), we

conducted an additional non-parametric permutation test of voxelwise switching

activation. Specifically, the mean beta map for switching events was calculated for

each participant and subjected to an exhaustive 1-sample permutation procedure

with sign-flipping and 5-mm variance smoothing via FSL’s randomise command line

tool (Winkler et al., 2014). Group-level maps were thresholded voxelwise using the

default p<0.05 family wise error (FWE) correction and threshold-free cluster

enhancement (TFCE).

The parametric and non-parametric maps were compared for spatial similarity using

dice coefficients (binarized using voxel significance) and Pearson correlation of the

magnitudes from the significant voxel common to both maps.

3.3.5 Region of interest definition

Region of interest (ROI) analyses were conducted in the PFC to compare regional

activation across the switching conditions. This was performed in two ways using a

data-driven method and a priori coordinate of interest.

The data-driven method used our custom watershed transform to segment the

group-level activation maps into discrete clusters (Grant et al., 2018; Soreq, Leech

and Hampshire, 2019; Hampshire et al., 2020). This approach does not require k, or

the number of clusters, to be defined. The watershed transform considers the 3D

statistical volume of an activation map as a multi-dimensional surface where high

and low intensities represent elevations. The algorithm iteratively “fills” independent

catchment basins (local minima) with unique labels by flooding the

various-independent local minima in the statistical volume until each voxel has been

labelled. This results in the continuous statistical space being converted into a

discrete ROI set that can be non-gaussian in shape, whilst accounting for
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contiguous functional regions that have multiple maxima. These tools will be made

available to the community in the near future as part of the Fusion watershed (FWS)

toolbox.

The second ROI analysis used a priori MNI coordinates to define 5-mm spherical

ROIs on the anatomical landmarks demarcated by the rule abstraction hierarchy

(Badre & D’Esposito, 2007) and information cascade models (Koechlin et al., 2003).

The rule abstraction hierarchy model proposes four ROIs: dorsal premotor (PMd,

-30, -10, 68), pre-PMd (-37, 10, 34), inferior frontal sulcus (IFS, -51, 26, 24), aPFC

(-36, 51, 9). The information cascade model proposes three ROIs: PMd (-32, -8, 53),

pre-PMd (-43, 7, 20), IFS (-50, 35, 23).

3.4 Results

3.4.1 Behavioural performance relates to switch abstraction

Participant’s median RTs for correct responses varied across the switching

conditions (one-way rm-anova: F(5, 70)=20.265, p<0.001, =0.59) and the pairwiseη
𝑝
2

comparisons (Figure 3.2b) partially differentiated switching abstraction from global

difficulty as gauged by the behavioural switch cost. Specifically, the group-level RT

was slowest for task-switches (median=2.375, interquartile range (IQR)=0.910), and

was significantly slower than dimension-switches (paired t-test: t14=3.280, p=0.014,

confidence interval 95% (CI)=0.11 to 0.53, d=0.85), which was significantly slower

than target-switches (t14=2.525, p=0.041, CI=0.03 to 0.36, d=0.65), in turn. Target

and rule-switch RT did not differ (t14=1.031, p=0.320, CI=-0.18 to 0.06, d=0.27). RT

for rule-switching was significantly slower than side-switching (t14=4.330, p=0.004,

CI=0.13 to 0.38, d=1.12), and side and comparison-switch RT did not differ

(t14=0.625, p=0.542, CI=-0.10 to 0.18, Cohen’s d=0.16) (all p-values FDR-corrected).

Therefore, using RT as a behavioural index of cognitive demand controls general

difficulty whilst probing switch abstraction across the target and rule conditions. It

also provides a broader difficulty axis based on response speed, with low-level
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perceptual comparisons and side-switches being the most simple, target,

dimension and rule-switches having medium difficulty, and task-switches being the

most demanding.

Response accuracy (Figure 3.2c) for all trials was near ceiling (median=95.802%,

IQR=7.222), but did significantly vary across switch type (one-way rm-anova:

F(5,70)=6.712, p<0.001, =0.32). Group-median error rates were lowest for theη
𝑝
2

comparison-switching (median=1.9%, IQR=5.2) and side-switching (median=3.0%,

IQR=3.8), and these did not differ (paired t-test: t14=0.195, p=0.909, CI=-0.02 to

0.03, d=0.06). Relative to comparison-switching, significantly more errors were

evoked by rule-switching (t14=6.116, p<0.001, CI=0.05 to 0.10, d=1.43),

dimension-switching (t14=3.288, p=0.016, CI=0.02 to 0.08, d=0.83) and

task-switching (t14=4.377, p=0.005, CI=0.03 to 0.07, d=1.15). Rule-switching errors

were also greater than for target-switching (t14=3.288, p=0.016, CI=0.01 to 0.07,

d=0.65), but rule-switching did not differ from dimension-switching (t14=1.358,

p=0.267, CI=-0.01 to 0.06, d=0.31) or task-switching (t14=1.606, p=0.196, CI=-0.01

to 0.05, d=0.39) (all p-values FDR-corrected).

Individuals varied in the total number of trials performed and this ranged between

173-294 responses across participants (group-median=250, interquartile range

(IQR)=68.75).
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Figure 3.2 - Multilevel switching (ML) paradigm switch costs. a) Each trial (t)
involved a switch relative to the previous trial (t-1). Switches could be low-level
perceptual (comparison, side) or higher-level switches where the mappings between
the target and the two probes changes, or task-switches between the words and
object tasks. Examples of the 6 switch conditions are given here with
pseudo-stimuli for the objects task (top row) and word task (bottom row). b)
Reaction time boxplots in seconds (s) for each switch type. Each datapoint
represents an individual’s median reaction time during trials for each switch type
where a correct response was made. c) The percentage of correct responses made
for each condition. Each datapoint represents an individual. For b & c, boxplots are
ordered by the group median reaction time. The central mark represents the
median, the edges of the box are the 25th and 75th percentiles, dots outside of the
whiskers are outliers.
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3.4.2 Switching activates a broad network of brain regions

Activation during switching was modelled in a one-way rm-ANOVA (6-levels).

Collapsing across switch types, switching increased activation across a broad set of

lateral frontoparietal, anterior insula, occipital and cerebellar regions (Figure 3.3a).

The inverse contrast rendered activation decreases in ventromedial PFC (vmPFC),

posterior cingulate cortex (PCC) and in the temporal parietal junction (TPJ). These

stimulus-driven switching activation changes replicate changes observed during

self-ordered switching (Daws et al., 2020).

The equivalent permutation analysis on individuals mean switching activation

generated a highly consistent group-level activation map (Supplemental Figure 3.1),

both in terms of which voxels exhibited a significant effect (DCE=0.716) and the

spatial variation in magnitude across the overlapping voxels (pearson: r=0.867,

p<0.001, CI=0.86 to 0.87).

In a supplementary analysis, switching activation was collapsed within each task

(objects, words) and then directly compared with t-contrasts (Supplemental Figure

3.2a). For the word greater than object contrast, significantly greater activation for

switching between arrays of words was observed in left lateral PFC and medial

parietal and occipital cortices. For the object greater than word contrast,

significantly greater activation for switching between arrays of objects was observed

in dorsolateral parietal regions, lateral occipital cortex and medial PFC.

3.4.3 PFC activation during switching does not reveal a hierarchy

The group-level activation result indicates that a broad network of brain regions

show an increase in activation in response to general switching demands. To test for

evidence of a hierarchy in the frontal lobes, we next compared the differences in

activation magnitude across ROIs in the frontal lobes.
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We segmented the switching activation contrast for the contrast of all switches

(Figure 3.3a) using a custom watershed transform (see methods). This separated

switching activation in the left frontal lobe into 5 ROIs (Figure 3.3b) that closely

aligned with the proposed coordinates of the rule abstraction hierarchy (Badre and

D’Esposito, 2007) and the information cascade model (Koechlin, Ody and

Kouneiher, 2003): dorsal premotor (PMd), pre-PMd, IFS, aPFC and, additionally, the

anterior insula (aINS).

For each ROI and participant, we used the group-level activation (Figure 3.3a) to

extract a weighted-mean beta activation that was subsequently z-scored

within-individual and compared in a two-way rm-anova with ROI (5 levels) and

switch type (6 levels) as within-subject factors. There were significant main effects

of ROI (F(4, 56)=7.175 p<0.001, =0.34) and switch type (F(5, 70)=7.190, p<0.001,η
𝑝
2

=0.34). Critically though, there was no ROI * switch type interaction (F(20,η
𝑝
2

280)=0.960, p=0.450, =0.06) (p-values Greenhouse-Geisser adjusted).η
𝑝
2

The main effect of ROI was examined by collapsing activation across switch type for

each ROI (Figure 3.3c). Switching activation did increase along an anterior axis

among the posterior frontal ROIs, in some accordance with the information cascade

model (Koechlin, Ody and Kouneiher, 2003). Activation in the most-posterior PMd

ROI was significantly less than in the pre-PMd (paired t-test: t14=-3.286, p=0.011,

CI=0.27 to 1.28, d=0.85). While pre-PMd and IFS activation did not significantly

differ (t14=-1.175, p=0.312, CI=-0.71 to 0.21, d=0.30), the IFS activation difference

with PMd was larger in terms of effect size (t14=3.733, p=0.007, CI=0.44 to 1.61,

d=0.96).

Despite this, activation in IFS was significantly greater than in aINS (t14=2.815,

p=0.021, CI=0.16 to 1.16, d=0.73) and the aPFC (t14=6.494, p<0.001, CI=0.76 to

1.52, d=1.68) and, critically, activation in most-anterior aPFC ROI did not differ to

the most-posterior PMd ROI (t14=0.359, p=0.725, CI=-0.58 to 0.82, d=0.09) (all ROI
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comparisons FDR-corrected). This provides some evidence of a posterior-anterior

hierarchy for switching predicted by the information cascade model (Koechlin, Ody

and Kouneiher, 2003), but does not replicate the rule abstraction model (Badre and

D’Esposito, 2007). However, these comparisons were for switching activation, in

general.

The main effect of switch type was then explored by collapsing activation across

ROI. Comparison and side-switching activation did not differ (paired t-test:

t14=-0.393, p=0.700, CI=-0.55 to 0.38, d=0.10). Relative to side-switching, activation

was significantly greater for rule-switching (t14=3.598, p=0.018, CI=0.35 to 1.38,

d=0.93) and target-switching (t14=3.040, p=0.027, CI=0.13 to 0.77, d=0.79).

rule-switching and target-switching activation did not differ (t14=1.840, p=0.173,

CI=-0.07 to 0.88, d=0.48). Relative to target-switching, dimension (t14=-0.944,

p=0.542, CI=-0.43 to 0.17, d=0.24) or task-switching (t14=-0.532, p=0.700, CI=-0.51

to 0.30, d=0.14) activation did not differ (all condition comparisons FDR-corrected).

3.4.4 Supplemental voxelwise analysis of cognitive demands does not

reveal an abstraction hierarchy or selectivity in PFC

We ran an unconstrained voxelwise analysis that directly tested the effect of

cognitive demand on activation (Figure 3.3e) by weighting each condition by the

group-median RT order. This contrast did not render activation increases in

frontopolar cortices for more demanding switches (e.g., dimension &

task-switching). Nor did contrasting task-switching, the most difficult switch,

selectively activate any region within the frontopolar cortex, when contrasted with

the easiest condition, comparison-switching. Instead, areas of suprathreshold

activation increase were distributed within a left lateralized set of regions comprising

areas of multiple-demand cortex and the dorsal visual streams (Figure 3.3e). The

inverse contrast did not render any regions of greater activation for less difficult

switches at the cluster-corrected threshold.
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Repeating the cognitive demand contrast, but for switching events separated by

task (words, objects) generated the same result. Both tasks showed activation

increases with switching demand across anterior and posterior PFC (Supplemental

Figure 3.2b).

3.4.5 Cascade and rule abstraction ROIs show no evidence of an

abstraction hierarchy in PFC

As a final step, we used the exact landmarks outlined by the cascade and rule

theories to test for evidence of a functional hierarchy. 5mm spheres, centred on the

ROI coordinates, were used to extract activation beta estimates from each switching

condition and subject, and modelled in a ROI * switch type rm-anova. The

information cascade ROIs (inferior frontal sulcus (IFS), dorsal premotor (PMd), and

prePMd) showed a main effect of switching condition (F(5, 70)=6.275, p=0.001, η
𝑝
2

=0.31), and no main effect of ROI (F(2, 28)=0.622, p=0.527, =0.04) or significantη
𝑝
2

interaction (F(10, 140)=1.500, p=0.201, =0.10) (p-values Greenhouse-Geisserη
𝑝
2

adjusted). The hierarchy abstraction ROIs (aPFC, IFS, PMd, prePMd) showed a main

effect of switching condition (F(5, 70)=4.481, p=0.009, =0.24), ROI (3, 42)=13.095,η
𝑝
2

p<0.001, =0.48) and no significant interaction (F(15, 210)=1.754, 0.122, =0.11)η
𝑝
2 η

𝑝
2

(p-values Greenhouse-Geisser adjusted).
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Figure 3.3 - Uniform activation increases in lateral frontal cortex (LFC) with
increasing switching demands. a) Activation increases associated with switching,
in general. b) LFC ROIs derived from a watershed transform of the switching
activation map (a). Coordinates from the rule abstraction hierarchy (Badre and
D’Esposito, 2007) are rendered as 5mm radius black sphere overlays. c) ROI mean
activation across switching conditions (z-scored within subject). d) ROI mean
activation for each ROI and condition (left-to-right: comparison, side, rule, target,
dimension, task). e) Supplemental voxelwise t-contrast testing the effect of cognitive
demand, indexed by RT, on activation. All maps are thresholded at p<0.01
uncorrected, followed by a p<0.05 cluster-correction. (aPFC=anterior prefrontal
cortex, aINS=anterior insula, IFS=inferior frontal sulcus, PMd=dorsal premotor
cortex).
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3.5 Discussion

The aim of this study was to test predictions from alternative perspectives on

human frontal lobe functional organisation. Neither perspective fully predicted the

observed results.

A novel feature of the task design was that switches at different levels of abstraction

were partially differentiated from general difficulty, as gauged by the response time

costs. From the perspective of models that assert that the functions of the frontal

lobes are organised hierarchically along a posterior-anterior abstraction axis

(Koechlin, Ody and Kouneiher, 2003; Badre and D’Esposito, 2007), we predicted

that switching costs associated with changes to rule mappings should activate

more anterior frontal regions than those associated with stimulus dimension or

target-switches. We also predicted that task-switches should specifically activate

the most anterior PFC region (Koechlin et al., 1999; Dove et al., 2000; Rushworth,

Passingham and Nobre, 2002; Braver, Reynolds and Donaldson, 2003). We could

find no evidence to support a posterior-anterior functional axis. We also found no

evidence that the aPFC plays a unique or specialised role in attentional switching,

despite this being a prevailing view in the literature.

Instead, our findings demonstrate that cognitive control, responsible for the

reconfiguration of attentional resources during switching, engages highly distributed

neural systems. More specifically, switching-associated activation was evident

throughout frontoparietal, subcortical and cerebellar regions. This included aPFC,

even at the lowest levels of switching demand. This highly distributed pattern

replicates several task-switching studies (Hampshire and Owen, 2006; Cusack,

Mitchell and Duncan, 2010; Kim et al., 2012; Daws et al., 2020) and accords poorly

with the notion that specific cognitive control processes are localisable to specific

regions, including the tight mapping of switching to frontopolar cortex, as has been

previously proposed (Koechlin et al., 1999; Rushworth, Passingham and Nobre,

2002; Braver, Reynolds and Donaldson, 2003).
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Conversely, the multiple-demand perspective in its original formulation does predict

that there should be patterns of distributed activation during switching conditions, in

general (Duncan and Owen, 2000). However, it also has been proposed that the

extent of this system is flexible and will recruit additional neural resources, typically

anterior frontal regions, in response to general increases in cognitive demand

(Duncan, 2013; Crittenden and Duncan, 2014).

This failure to validate either prediction presents an intriguing conundrum. A wealth

of imaging studies have reported functional dissociations within the brain volume

that comprises multiple demand cortex (Christoff et al., 2001; Ullsperger and von

Cramon, 2001; Hampshire, Duncan and Owen, 2007; Parkin et al., 2015; Crittenden,

Mitchell and Duncan, 2016; Mineroff et al., 2018). In many cases those dissociations

have been robustly reproduced. The latter refinement of the MD perspective

provides an explanation of why such dissociations might be evident. Therefore, it

differs from hierarchical models as the increased anterior spread of task related

activity within the PFC is predicted to be general for cognitive demands, irrespective

of their abstraction (Jiang and Kanwisher, 2003; Crittenden and Duncan, 2014). The

fact that no such anterior spread at higher switching demand was evident in the

current study accords poorly with that explanation.

Indeed, for either of these accounts to be accurate, they must describe fundamental

properties that generalise across contexts. When taken in combination, the results

presented here and in previous studies accord with the notion that functional

dissociations do exist within the lateral PFC, and that there may even be some level

of hierarchy in network dynamics or regional function. However, the notion of an

axis with concrete-abstract processing may be overspecified as it is based on

results that do not generalise to tasks that probe related processes using somewhat

different designs.

Arguably, this study did provide some evidence of a functional dissociation across

lateral PFC regions. For example, the watershed transform parcelated the
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task-evoked PFC activation into regions centered on distinct peak foci, and those

ROIs aligned well with areas previously reported to functionally dissociate in

hierarchical models (Koechlin, Ody and Kouneiher, 2003; Badre and D’Esposito,

2007). Furthermore, those regions showed differential sensitivity to switching.

However, the difference in activation presented as an inverted U-shape along the

posterior-anterior axis, with activation in the most anterior ROI (aPFC) similar to the

most posterior ROI (PMd). Moreover, activation uniformly increased in all PFC

regions with cognitive demand and regardless of abstraction.

A more accurate account of the data from this study comes from the

multiple-demand perspective as originally couched, or relatedly, the global

workspace model (Dehaene, Kerszberg and Changeux, 1998). However, when

taking a broader perspective, the challenge is to determine the functional basis of

previously observed dissociations, and possible hierarchy, within MDC.

We propose several possibilities for future investigation. One possible explanation is

that the apparent spread of activity with increased difficulty is a variant on the

“imager’s fallacy” (de Hollander et al., 2014). Specifically, application of a binary

threshold to statistical maps can produce the impression of functional dissociations.

Here, anterior PFC voxels were somewhat less active for switching in general, but

activity increased with general difficulty. Although the latter effect was uniform

across ROIs, if more anterior regions were just below and more posterior regions

just above the statistical threshold at the lower switching level, this could lead to the

illusion of a selective sensitivity of anterior region under higher switching demand.

This same issue holds true for the notion of an increased spatial spread of MD with

difficulty. This makes particular sense if MD is itself not considered to have a hard

boundary, but instead, to capture a gradient of domain generality, where each brain

region or voxel has some varying level of involvement across task contexts.

This latter notion of domain generality accords well with the observation of

functional dissociations within MD, given the capacity of multivariate machine

learning algorithms to identify tasks based on both activation and connectivity
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patterns therein (Crittenden, Mitchell and Duncan, 2016; Soreq, Leech and

Hampshire, 2019). Relatedly, we have argued that it may be inappropriate to impose

strong functional dissociations on what may essentially be a multivariate system

that supports tasks through a many-to-many mapping system (Hampshire and

Sharp, 2015; Lorenz, Hampshire and Leech, 2017). Such a relationship would

explain discrepancies in mappings from studies using similar but non-identical task

designs, that is due to the imposition of overly narrow experimental designs and

hypotheses based on narrow sampling of task designs (Lorenz, Hampshire and

Leech, 2017).

A further potential explanation relates to a series of studies where we have reported

reproducible evidence of functional hierarchies across the frontal cortices, in terms

of connectivity and regional activation analyses (Erika-Florence, Leech and

Hampshire, 2014; Parkin et al., 2015; Hampshire et al., 2016, 2019). These studies

highlight that brain regions show changes in activation patterns and dynamics even

when performing the same task but that are dependent on different stages of

learning. Specifically, as individuals practise novel tasks their response speed

increases and trial-evoked activation within PFC steadily decreases along an

anterior-posterior axis. Taken together, these “learning curves” demonstrate aPFC

recruitment during demanding contexts that can be transient as individual’s

behaviours become optimised and, consequently, global cognitive demand falls.

From this, we speculate that within-task learning occurs at different rates for more

and less complex task manipulations, and if not accounted for, and an average of all

trials of a type is taken, that could produce the illusion of greater aPFC activity

under more complex conditions, when differential placement on the learning curve

may underlie such differences.

It is important to address the present methodological approach and determine if this

precluded us from observing evidence of a hierarchy or multiple-demand

dissociation. First, it could be argued that our ML switching paradigm provided

switching-magnitudes and variability across switch types that were insufficient to
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detect switching-specific aPFC activation or differences between PFC regions that

would suggest a hierarchy. We consider false-negatives to be unlikely in this context

as behavioural performance showed a significant variability across switch types.

The comparison of the switches with low (side-switch) vs high (task-switching)

abstraction showed a substantial ~700ms difference in RT. Furthermore, there was

sufficient power to detect significant differences in aPFC activation for multiple

contrasts; however, these same contrasts were also evident elsewhere.

Second, our comparison of activation across the PFC was conducted using ROIs

that were constructed in a data-driven manner. Importantly, these ROIs showed a

high correspondence with, and contained, coordinates previously defined by the

cascade (Koechlin, Ody and Kouneiher, 2003) and abstraction hierarchy theories

(Badre and D’Esposito, 2007). However, to abate potential concerns that the

focused ROI analysis was biased, we performed an unconstrained whole-brain

analysis which tested the effect of switching-abstraction on voxelwise activation.

Both contrasts supplemented and extended the ROI analysis by demonstrating that

switching-abstraction, and direct comparisons between the least and most

challenging switches (task>comparison), increased activation across PFC and

beyond in bilateral occipital cortices dorsal visual streams. Strikingly, this absence

of evidence in support of a functional hierarchy was also the case when directly

measuring activation from the exact MNI coordinates previously defined by both

hierarchical models.

Finally, it could be argued that activation increases for more abstract switches are

explainable by these switches being more challenging and therefore requiring

individuals to attend to stimuli for longer periods. This is unlikely to be the case

here, as we used individual trial RT to model activation per unit time, which

essentially factors out activation differences due to visual-attentional processing

times. Therefore, it is the case that even taking into account those differences,

uniform increases in activation per unit time were evident for more difficult switching

conditions.
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3.6 Limitations

A central challenge to this investigation is in the attempt to dissociate abstraction

from difficulty. It is challenging to separate these constructs on a conceptual level.

Operationally, abstraction can refer to the hierarchical arrangement of multiple rules

or policies that are applicable, override or conjunct with rules lower down in the

hierarchy. Difficulty can be considered as the extent to which a task can be

performed accurately and efficiently. Concurrently, difficulty relates to the extent to

which competing tasks interfere or a task places a load on cognitive processes.

Difficulty is often subjectively experienced as greater ‘effort’ and interacts with

motivation.

It is reasonable to consider these constructs, abstraction and difficulty, as

interrelated. Tasks that require greater abstraction tend to be more difficult as

establishing the hierarchy and integration of multiple rules increases load. Matters

are further complicated by task learning; whereby, the load is minimised as

stimuli-response mappings, and mappings between rules, are reinforced with

practice.

Despite this, the multilevel switching paradigm used here in Chapter 3 does attempt

to partially dissociate abstraction and difficulty. Essentially, the amount of

information being updated was modulated on every trial but the nature of the

update varied. Abstraction was modulated by the nature of the change in the

stimulus-response mapping while difficulty was modulated by the amount of

information that changed on the screen. For example, rule or dimension switches

(Figure 3.2) required an update of the current task mappings, such as switching

from match to odd one out or from shape to colour. These switches involved

minimal changes to the objects on screen (although features may have switched

between the probes). In contrast, target switches did not change the task mappings

but presented a new target on the screen and required an update of the mappings

between the new target and the current probes.
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In both cases, these “abstract” or “difficult” updates evoked similar increases to RT,

response errors and frontal lobe activation. This raises an interesting possibility

relating to whether these constructs are underpinned by the same processes or

distinct processes evoke similar changes in behaviour and BOLD activation. The

current investigation is limited as it may not be able to equivocate between these

two possibilities.

Relatedly, interpretations of cognitive processes from the observed fMRI BOLD

signal should be cautious. Whatever the resolution that may be available for

dissociating cognitive processes at the conceptual level, it is unlikely that this can

be matched by fMRI. A central issue for fMRI is identifying the correct domain in

which mental constructs can be appropriately mapped (Poldrack & Yarkoni, 2016).

The spatial domain is complicated by the same brain regions activating to distinct

processes and regions coactivating as part of distributed functional networks, a.k.a

“one-to-many” and “many-to-many” mapping issues (Lorenz et al., 2017). The

current resolution available to fMRI can be particularly problematic if distinct

processes are supported by separate but densely overlapping networks.

Hypothetically, the present experiment would not be able to dissociate an abstract

vs a difficult update if these are separate processes and if they are supported by

spatially overlapping networks (Soreq et al., 2021). The blurry lens of fMRI activation

would generate similar observations, in this case. However, future work could be

conducted within the domains of temporal dynamics and multivariate connectivity

patterns which may provide the means to tease these processes apart (Soreq et al.,

2019, 2021).

3.7 Conclusions

In summary, our results challenge predictions of prominent theories of abstraction

and multiple-demand regarding the functional organisation of the frontal lobes. We

demonstrate that neither of these models fully accounts for the distributed and

uniform activation increases in the frontal lobes during switches with increasing
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abstraction and cognitive demands. However, the MD perspective in its original

form is closer to the mark when explaining the results reported here. Further work is

required to better specify a fundamental organisation of the lateral PFC that can be

demonstrated to generalise across task contexts.
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3.8 Supplemental figures

Supplemental Figure 3.1 - Comparison of parametric and non-parametric
activation maps. Group-level activations maps derived from two different
approaches: A parametric approach using the SPM software and a non-parametric
approach using the FSL randomise permutation tool. a) Activation similarity map of
the intersection of significant voxels. Voxels are weighted by absolute differences
between maps (normalised by the largest voxelwise difference). Light colours
indicate greater similarity between maps. b) Scatterplot of voxel t-statistical values
from the parametric and non-parametric maps. Each point represents a single
voxel.
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Supplemental Figure 3.2 - Switching activation contrasts broken down by task
(words, objects). a) The average activation for switches that involved arrays of
words or objects directly compared using t-contrasts. Green: Words > Objects;
Yellow: Objects > Words. b/c) Cognitive demand t-contrasts representing activation
increases for more demanding switch events. These contrasts are equivalent to the
contrast rendered in Figure 3e but the switch events were separately modelled for
objects (b) and words (c). All maps are thresholded using an initial p<0.01 voxel
threshold followed by an FDR cluster-level correction for multiple comparisons.
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“Fortune favors the prepared mind.”

― Louis Pasteur
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Chapter 4: Optimisation of functional network

resources when learning behavioural strategies for

performing complex tasks

Building on chapter 3, I analyse fMRI data from a novel task-switching experiment

that was designed and collected by Dr Adam Hampshire. Addressing aim 2 of this

thesis, in two studies, I examine how healthy adults learn to mitigate

switching-costs by implementing structured behavioural routines. The findings from

this experimental chapter are prepared for submission and, subsequently, the use of

“we” refers to my predictions, analysis, data visualisation and interpretation.

The ability to create an efficient behavioural routine varies across individuals.
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4.1 Abstract

We developed two novel self-ordered switching (SOS) fMRI paradigms to

investigate how human behaviour and underlying network resources are optimised

when learning to perform complex tasks with multiple goals. SOS was performed

with detailed feedback and minimal pretraining (study 1) or with minimal feedback

and substantial pretraining (study 2). In study 1, multiple-demand (MD) system

activation became less responsive to routine trial demands but more responsive to

the executive switching events with practice. Default Mode Network (DMN)

activation showed the opposite relationship. Concomitantly, reaction time learning

curves correlated with increased connectivity between functional brain networks

and subcortical regions. This ‘fine-tuning’ of network resources correlated with

progressively more routine and lower complexity behavioural structure. Furthermore,

overall task performance was superior for people who applied structured

behavioural routines with low algorithmic complexity. These behavioural and

network signatures of learning were less evident in study 2, where task structure

was established prior to entering the scanner. Together, these studies demonstrate

how detailed feedback monitoring enables network resources to be progressively

redeployed in order to efficiently manage concurrent demands.

Keywords: Cognitive control, learning, behavioural structure, task-switching, fMRI.
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4.2 Introduction

The ability to rapidly learn complex tasks is a definitive feature of human cognition.

Studies of cognitive control suggest that the human brain achieves this by rapidly

adapting to encode behavioural routines (Finc et al., 2020; Khambhati et al., 2018),

also known as a ‘task set’, comprising the combinations of rules, strategies and

stimulus-response mappings that enable optimal performance (Sakai, 2008). This

encoding is typically associated with distributed activation of the multiple-demand

(MD) system (Duncan, 2013).

During instruction based learning (IBL), generating and establishing a simple routine

imposes a cognitive demand that rapidly decreases with practise. This learning can

be accompanied by a decay in MD activation, particularly in anterior prefrontal

cortex (aPFC), as reaction time (RT) decreases (Hampshire et al., 2016, 2019). The

established behavioural routine can be robustly identified by task-specific

multivariate patterns of the brain’s functional connectivity (FC) (Soreq et al., 2019,

2021) and these patterns are predictive of behavioural performance (Rosenberg et

al., 2016; Soreq et al., 2021). As individuals learn a task, FC is dynamic and

becomes more stable with increased FC within cortical networks (Hampshire et al.,

2016) and in their connectivity with subcortical regions (Antzoulatos & Miller, 2014;

Bassett et al., 2011).

In everyday life, the optimal behavioural routine is often not evident when first

performing tasks. This can be due to a lack of clear instruction, the inherent

complexity of the task, or shifting demands. Consequently, it is necessary to

monitor outcomes and progressively update behavioural routines in order to

optimise behaviour (Sharp et al., 2010; Swick & Turken, 2002). This updating of

routines is critical for flexible behaviour (Ionescu, 2012); however, it comes with a

cost and is associated with increases in reaction time (RT) and heightened MD

activation (Daws, Soreq, et al., 2020; Hampshire & Owen, 2006). Furthermore, it

often is necessary to juggle multiple concurrent tasks, or to manage sub-routines of

complex tasks, and in the process, to monitor multiple outcomes. Increased task
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complexity poses a challenge for flexible cognitive systems due to their intrinsic

limitations in capacity (Duncan, 2013). Under such conditions, humans have a

tendency to impose hierarchical structure to their behavioural routines (Fallon et al.,

2013).

This tendency towards self-ordered structure is underpinned by decisions regarding

when and in what order to switch attention between competing tasks.

Consequently, switching paradigms provide a natural choice for studying the

cognitive control processes that enable flexible human behaviour. However,

task-switching paradigms typically control when switches occur (Kiesel et al., 2010),

which does not capture the self-ordered nature of real-world human behaviour

(Hampshire & Owen, 2006). Despite this limitation, there is evidence that cognitive

demand is minimised with learning and by structuring behaviour, where possible.

Task-switching imposes a considerable cognitive demand but switching-costs to RT

will decrease with practise (Yeung & Monsell, 2003b), although a residual cost

persists in humans even after tens of thousands of trials (Stoet & Snyder, 2007).

Moreover, switching-costs decrease with preparation time and also when switching

events are predictable (R. D. Rogers & Monsell, 1995). During voluntary

task-switching (VTS), participants are less likely to switch under high cognitive load

(Demanet et al., 2010) and can exhibit a repetition bias despite being instructed to

evenly and randomly switch between tasks (Arrington & Logan, 2004, 2005).

These findings indicate that both learning and the structuring of behaviour are

important mechanisms for minimising cognitive demand when managing competing

task demands. Here, we investigate this further using functional MRI (fMRI) and two

novel “self-ordered switching” (SOS) paradigms. The SOS paradigm requires

participants to learn through a process of feedback-driven trial and error how to

manage their time between two tasks, each of which has two rules that the

participants selects. To score maximum points, the participant must spend time on

all four sub-tasks. In two studies, the concurrent optimisation of brain function and

behaviour was examined as participants either actively learnt SOS demands based
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on multiple feedback elements (study 1) or, as a control condition, performed SOS

with minimal feedback only and after receiving extensive pre-training (study 2).

We tested the hypothesis that in study 1, where participants were performing the

task for the first time and with detailed feedback, self-ordered behaviour would

optimise with practise. It was predicted that RT would decrease and that

behavioural routines would become increasingly structured. Using fMRI measures of

network activation and FC, we hypothesised that brain function would vary as

behaviour optimised. Specifically, we predicted that MD activation would decrease

with practise for the simple trial events, but that these learning curves would be less

rapid for the more demanding switching events. We predicted that FC increases

between functional networks associated with cognition would accompany the

learning of optimal behavioural routines, reflecting more efficient network

processing. Finally, we expected that in study 2, where the task had been

pre-trained and feedback was minimal, that participants would show little or no

behavioural learning effects.
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4.3 Methods

4.3.1 Participants.

31 healthy right-handed participants were recruited in total: Study 1 - n=16, mean

age 24.75 years, range 19-40, 10 female; Study 2 - n=15 mean age 26.47 years,

range 19-42, 11 female. Approval for this study was received by the Cambridge

university research ethics committee and participants gave written informed

consent. Participants were reimbursed £20 for their time.

4.3.2 Self-ordered switch (SOS) paradigms.

We designed two SOS paradigms that required participants to manage their time

between two concurrent tasks that each had two subordinate rules in order to gain

maximum points within 20 minutes. There was a matching task (MT) and an odd

one out (OOO) task, both involving simple visual discriminations of objects (Figure

1a). The subordinate rules of each task were differentiated by the requirement to

apply the rules to either colour or shape. During each trial, arrays of simple

colour-shape objects were presented and participants made a visual discrimination

response based on the current task and rule.

Critically, in order to keep gaining points, participants had to organise their time

across all four sub-tasks. This meant that they chose whether to repeat the same

condition (repeat-trial) or to switch between the tasks or the rules (task-switch,

rule-switch). Responses were made with a button positioned under the right hand.

Each trial continued until a response was made using either a left or right button

press. The task and rule task did not change between trials unless the participant

opted to task-switch or rule-switch by pressing the up or down button respectively.

When performing MT trials, a target and two probe objects (each with a shape and

colour) were presented and the participant indicated via a left or right button press

which of the two probes matched the target given the currently selected shape or

colour rule. Similarly, during OOO trials, a 2x2 object grid was presented and the
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participant indicated with a left or right button press which side of the display

contained the object that differed from the others given the currently selected colour

or shape rule.

The task and rule discrimination criteria were designed to be simple enough that

individual trials could be performed with high accuracy and minimal effort. This

ensured that individuals could focus on the executive requirement to learn how to

divide their time across the tasks and rules in order to gain maximum points (see

detailed criteria below). In both studies, SOS was continuously performed inside the

scanner for 20 minutes with no resting periods. The studies differed with respect to

the training administered and the response feedback received during the scanning

session.

In study 1, participants played a short demo, during which they were required to

undertake each of the four task-rule combinations and each of the switch types

once (rule or task switch). On screen instructions were sequenced to orient the

participant towards the feedback elements (described below) and controls for

responding and switching. They then entered the scanner and undertook the SOS

paradigm in a single continuous 20 minute acquisition. Both tasks were displayed

on the screen with the MT at the top and the OOO task at the bottom (Figure 1c).

The currently active task was indicated with a red border, the inactive task had a

grey border (these border colours flipped when the task-switch button was

pressed). The active rule was displayed with a text cue in the centre of the task

panel (“COLOUR” or “SHAPE”, in yellow) and flipped when the rule-switch button

was pressed. On each trial, new stimuli were displayed and participants were able

to repeat the condition or could task-switch and/or rule-switch once prior to

performing the trial within the selected panel. A feedback array was then

immediately displayed for 1.5 seconds followed by the stimuli for the next trial

(Figure 1c).

Participants learnt to optimally sequence their responses based on a hierarchically

arranged set of performance meters (supplemental Figure 4.1a-b). These meters
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were as follows. (1) An overall score meter was located at the centre of the screen

alongside (2) two meters indicating the number of points currently accumulated for

each of the two tasks. These were presented continuously on the screen.

Additionally, the feedback array after each trial comprised (3) text indicating positive

or negative feedback for the present trial response (“CORRECT” in green or

“INCORRECT” in red) and (4) four meters, showing points currently accumulated on

each of the sub-task (i.e., colour and shape for MT vs OOO).

These score elements interacted hierarchically. Specifically, sub-task meters would

increase after a correct response to the corresponding condition (e.g., a correct

response to a MT colour trial) and would decrease if an incorrect response was

made. All meters ranged between one to ten and were initialised with five points at

the start of the experiment.

Within each MT and OOO task, the aim was to respond to, and switch between, the

task’s colour and shape rules in a sequence that would build up both rule meters to

the maximum level of ten (supplemental Figure 4.1c-e), at which point, the two

subtask meters would reset to five, and the corresponding high-order task meter

and overall score incremented by 1. To encourage switching, if one subtask meter

got further than two points ahead of the other, then the other meter decreased by a

point (supplemental Figure 4.1d).

Switching between tasks was encouraged in a similar way to rule switching as the

inactive task meter would decrease if the active task meter was two or more points

ahead. Successfully dividing time between each task would build up both task

meters, thereby increasing the overall score. When both task meters reached the

maximum level of ten, both meters would reset to the initial position and a +10 point

bonus was awarded to the overall score (supplemental Figure 4.1f).

Given that switching would be costly in terms of both effort and time, and the aim

was to score as many points as possible per unit time, optimal behaviour could be

defined as having a routine that used the minimal number of switches required to
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ensure sufficient dividing of time between each task’s sub-rules and between each

task. Those who learnt the most efficient way of doing this, via trial and error, would

be expected to score the most points during the experiment. An example sequence

of events that a participant could perform is described in the supplementary

materials.

In study 2, participants performed SOS with the same instructions, stimuli, rules and

tasks; however, there were modifications in the presentation of the tasks, training

and feedback. Most critically, immediately prior to the scanning session,

participants received a 20 minute training session as opposed to a minimal demo.

This extensive training session was designed to enable participants to arrive at a

structured routine for performing the task prior to the scanner session. Additionally,

the task and sub-task feedback scales from study 1 were only present during the

training. Therefore, the only feedback available in the scanner was represented by

the overall score number. There also were no bonus points awarded on increasing

both task scales to their limit whilst in the scanner. These modifications were

designed to minimise the information that the participant could use to further

optimise their behavioural routine inside of the scanner whilst ensuring that they had

sufficient information to remain engaged. Finally, as opposed to presenting both

tasks simultaneously (study 1), only the currently selected MT or OOO task was

presented on the screen (Figure 4.1e). This modification was intended to further

control for activity related to switching between spatial locations as opposed to

tasks.
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Figure 4.1. Self-ordered switching (SOS) experiments. a) Schematic of the two
tasks (MT - Matching task, OOO - Odd one out) and the two rules (colour, shape) of
the SOS paradigm. Grey arrows represent repeat-trials where the same condition
was repeated. Task-switching and rule-switching are represented by the blue and
orange arrows, respectively. b) In study 1, SOS was performed after minimal training
with a short demo. c) Both tasks were simultaneously displayed on the screen and
hierarchical response feedback was presented with progress meters on each task
overall as well as each of the task’s subordinate rules. d) In study 2, SOS was
performed after extensive training with full hierarchical feedback and then performed
in the scanner with minimal feedback involving the overall score only (e).
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4.3.3 Behavioural analysis.

The RTs from correct trials were separated into three categories: Repeat-trials,

rule-switch and task-switch. Repeat-trial RT was the time between the stimuli

presentation and the L/R response being made. Rule-switch or task-switch RT was

the time between the corresponding switch button being pressed and the

subsequent L/R response. For each participant, RT’s for each category were

summarised using the median from correct trials. The number of trials completed

would naturally vary across participants and response accuracy was summarised

for each RT category as the percentage of correct responses made. Separate

one-way repeated-measures analysis of variance (RM-ANOVA) models were

independently conducted for the RT and accuracy measures.

Trial conditions could be repeated or switched between as each participant saw fit

(Figure 4.1a). To quantify the extent to which participants structured their behaviour,

we estimated the algorithmic complexity (Zenil et al., 2018) of each behavioural

timecourse. Algorithmic complexity estimates the size of the smallest algorithm that

could generate a given sequence and tends to be smaller for sequences with

consistent structures vs. random sequences.

Here, we use the framework, outlined by Zenil et al. (2018), which combines a block

decomposition method (BDM) and the coding theorem method (CTM) (Lempel &

Ziv, 1976) to provide a reasonable estimate of Kolmorogov-Chaitin complexity (K)

(Chaitin, 1966; Kolmogorov, 1968) for large strings in a computationally tractable

way. The advantage of BDM is that it provides an estimate of K that not only

considers statistical regularities, (e.g., as is captured by Shannon entropy), but it is

also sensitive to segments of an algorithmic nature.

Timecourse length naturally varied across individuals, and to account for this, we

normalised an individual's algorithmic complexity by the mean algorithmic

complexity calculated from 100 randomly shuffled versions of the individual’s data
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(qualitatively similar results were obtained without normalisation). NB:- As expected,

the shuffled data exhibited significantly greater algorithmic complexity (paired t-test:

Study 1 - t15=-9.775, p<0.001, d=3.54; Study 2 - t14=-35.329, p<0.001, d=14.29).

A more focused behavioural analysis was conducted to examine how RT and

algorithmic complexity varied over the course of the 20 minute experiment. Here,

the behavioural timecourses were split into three non-overlapping time-windows

(6.67 minutes of data), or “Learning stages”. The median RT for each category

(correct trials) as well as the normalised algorithmic complexity (using the same

procedure outlined above) were extracted from each learning stage.

4.3.5 MRI acquisition and preprocessing.

Whole-brain blood oxygenation level dependent (BOLD) fMRI recordings were

acquired using the same Siemens 3T Trim Trio scanner and following parameters in

both studies: TR=2s, TE=30ms, FA=78°, 3mm3 voxels, 3.75mm slice-gap, 32 axial

slices. 630 volumes were acquired during the 20-minute SOS task run. A

T1-weighted magnetization prepared rapid acquisition gradient echo (MPRAGE)

sequence was also acquired using the following parameters: TR=2250ms,

TE=2.99ms, IT=900ms, FA=9°, 1mm3 voxels, 256 axial slices.

fMRI pre-processing was conducted using standard parameters with the Statistical

Parametric Mapping 12 (SPM) toolbox in Matlab 2018b . The first 10 volumes were1 2

discarded to account for T1-equilibrium effects. The remaining images were

slice-time and motion-corrected, and the mean echo planar image (EPI)

co-registered to the tissue segmented T1 image, normalised to 2mm3 MNI space

and spatially smoothed (full half width maximum = 8 mm kernel).

2 "MATLAB - MathWorks - MATLAB & Simulink." Accessed July 30, 2019. https://www.mathworks.com/products/matlab.html.

1 "SPM12 - Wellcome Trust Centre for Neuroimaging - UCL." Accessed July 30, 2019. https://www.fil.ion.ucl.ac.uk/spm/software/spm12/.
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4.3.6 Image data analysis.

Image Pre-processing was conducted using standard parameters with the

Statistical Parametric Mapping 12 (SPM) toolbox in Matlab 2018b . The first 103 4

volumes were discarded to account for T1-equilibrium effects. The remaining

images were slice-time and motion-corrected, and the mean echo planar image

(EPI) co-registered to the tissue segmented T1 image, normalised to 2mm3 MNI

space and spatially smoothed (full half width maximum = 8 mm kernel).

4.3.7 fMRI activation modelling.

Participant’s voxelwise fMRI data was modelled using General Linear Models (GLM)

with the psychological events defined by responses to one of the four trial

conditions (MT colour, MT shape, OOO colour, OOO shape) and when one of the

two task-switches (MT to OOO, OOO to MT) or four rule-switches (MT colour to MT

shape, MT shape to colour, OOO colour to shape, OOO shape to colour) occurred.

Errors were infrequent but were captured in an additional predictor. Models in study

1 included an additional set of feedback events for when the rule or task bars

de/incremented and when bonus points were awarded. These psychological

predictors were convolved with the canonical haemodynamic response function

(HRF) with the durations set to 0s.

Head motion and nuisance variables were modelled using the rigid-body

realignment parameters, the mean timecourses from the white matter and

cerebrospinal fluid tissue segmentations, alongwith their 1st order temporal

derivatives. This resulted in 16 parameters. Additional spike regressors were

included where framewise displacement (Power et al., 2012) exceeded the voxel

acquisition size (3mm).

The 1st-level beta maps were estimated for each psychological predictor reactive to

the model intercept (as there were no resting periods). Modelling against this

4 "MATLAB - MathWorks - MATLAB & Simulink." Accessed July 30, 2019. https://www.mathworks.com/products/matlab.html.

3 "SPM12 - Wellcome Trust Centre for Neuroimaging - UCL." Accessed July 30, 2019. https://www.fil.ion.ucl.ac.uk/spm/software/spm12/.
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“implicit baseline” results in significant activation differences being relative to the

average activation across time.

Additional 1st-level models were created to examine how activation varied over

time. Specifically, the psychological predictors were segmented by the three

learning stages defined in the behavioural analysis. The trial response events were

collapsed into a single predictor, and switching events were collapsed into a single

task-switch and a single rule-switch predictor. The same nuisance predictors were

used in these models.

The group-level modelling of activation associated with switching involved a

voxelwise one-way RM-ANOVA of the beta maps representing the two task-switch

and four rule-switch conditions. To examine how switching activation varied over

time, switch>repeat contrasts were generated from each learning stage and

modelled with a group-level two-way RM-ANOVA with learning stage (3 levels) as

the within-subject factor and study (2 levels) as a covariate. All group-level

activation maps were initially thresholded at an uncorrected p<0.01, followed by a

p<0.05 false discovery rate (FDR) cluster correction.

4.3.8 Modelling functional connectivity learning effects.

Generalised psychophysiological interaction (gPPI) models (Friston et al., 1997;

McLaren et al., 2012) were used to examine how connectivity varied as SOS was

performed. Specifically, gPPIs were fitted between pairs of mean timecourses from

274 ROIs defined by external atlases that parcelated the cortex, subcortex and

cerebellum (Buckner et al., 2011; Fan et al., 2016; Schaefer et al., 2018). gPPI’s

were simultaneously estimated for the psychological events in each learning stage

and pair of ROIs using the following:

,𝑌𝑇 = β
0

+ [𝑌𝑆 *  𝐻(𝑋)]β
𝐺

+ [𝑌𝑆,  𝐻(𝑋),  𝐸]β + 𝑒

where, , is the matrix of psychological timecourses and, , its HRF convolution.𝑋 𝐻(𝑋)

is the target ROI timecourse and, , the seed ROI timecourse. is the matrix of𝑌𝑇 𝑌𝑆 𝐸
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motion & tissue signal timecourses. are the gPPI betas weights, , the betaβ
𝐺

β

weights of no-interest, , is the model intercept and, , the residual. The resultingβ
0

𝑒

betas from each pair of ROIs were averaged ([model A->B + model B->A] / 2) and

z-scored across learning stage. Subsequently, each dFC estimate represented the

change in FC relative to that connection’s baseline FC.

To estimate how gPPIs varied over the learning stages, generalised linear mixed

effect (glme) models were fitted to each connection. This mass-univariate approach

modelled each connection with the three learning stages as a fixed effect and

participants as a random effect. The resulting model set was corrected for

multiple-comparisons at a p<0.05 FDR threshold.
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4.4 Results

4.4.1 SOS costs to reaction time decrease with practise.

As expected, trials were performed with near-ceiling accuracy (Study 1 -

mean=94.87%, SD=4.18; Study 2 - mean=94.69%, SD=4.04). Response accuracy

did not vary across the repeat-trials, rule-switch or task-switch trials (one-way

rm-anova: Study 1 - F2,30=1.218, p=0.310, =0.08; Study 2 - F2,28=1.867, p=0.173,η
𝑝
2

=0.12).η
𝑝
2

In contrast, RT varied substantially between the repeat-trials, rule-switch and

task-switch trials in both studies (one-way rm-anova: Study 1 - F2,30=48.588,

p<0.001, =0.76; Study 2 - F2,28=52.886, p<0.001, =0.79). At a finer grain, inη
𝑝
2 η

𝑝
2

study 1 (Figure 4.2a), task-switching slowed response speed on average by 883ms

(SD=538) (paired t-test: t15=6.573, p<0.001, confidence interval 95% (CI)=0.60 to

1.17, Cohen’s d=1.64), and rule-switches were 179ms (SD=273) faster (t15=-2.630,

p=0.019, CI=0.03 to 0.33, d=0.66), relative to repeat-trials (FDR corrected). In study

2 (Figure 4.2b), response speed slowed by 267ms (SD=143) after rule-switching

(paired t-test: t14=7.214, p<0.001, CI=0.19 to 0.35, d=1.86), and by a further 362ms

(SD=268) after task-switching (t14=5.227, p<0.001, CI=0.21 to 0.51, d=1.35) (FDR

corrected).

In order to examine changes in switching-costs with learning, the trials were

segmented by the three time-windows, or “learning stages”. Switching-costs for

each learning stage were calculated by subtracting the mean repeat-trial RTs from

the task-switch or rule-switch trial RTs. Task-switching costs varied over learning

stages in both studies (one-way RM-ANOVA: Study 1 - F2,30=3.579, p=0.040, η
𝑝
2

=0.19; Study 2 - F2,28=5.413, p=0.010, =0.28), reducing between the 1st and lastη
𝑝
2

stage by 369ms (SD=607) in study 1 (paired t-test: t15=-2.433, p=0.028, CI=0.05 to
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0.69, d=0.61), and by 278ms (SD=418) in study 2 (t14=-2.570, p=0.022, CI=-0.51 to

-0.05, d=0.66). Rule-switching costs did not vary significantly across learning stages

in study 1 (F2,30=0.128, p=0.881, =0.01), but did in study 2 (F2,28=5.543, p=0.009,η
𝑝
2

=0.28) and reduced by 217ms (SD=286) between the 1st and last learning stageη
𝑝
2

(t14=-2.945, p=0.011, CI=-0.38 to -0.06, d=0.76).

Individual differences in switching costs were examined further by correlating mean

switch-trial RTs with the total number of switches performed across participants

(supplemental Figure 4.2a-b). There was a significant negative correlation (Pearson:

Study 1 - r15=-0.557, CI=-0.83 to -0.09, p=0.025; Study 2 - r14=-0.658, CI=-0.88 to

-0.22, p=0.008). Therefore, even when self-ordered, there were substantial switching

RT costs, the switching RT costs were optimised over time with learning, and

individuals who made more switches had lower switch RT costs.

Repeat-trial RT varied between studies and with practise in a manner that indicated

learning effects. A two-way rm-anova of repeat-trial RT showed main effects of

study (F1,29=16.866, p<0.001, =0.37), learning stage (F1,29=309.770, p<0.001,η
𝑝
2 η

𝑝
2

=0.91) and a significant study * learning stage interaction (F1,29=14.516, p<0.001, η
𝑝
2

=0.33). Repeat-trial RT was significantly slower in study 1 (two-sample t-test:

t29=4.119, CI = 0.29 to 0.85, p<0.001, d=1.20) but decreased at a greater rate

between the first and last learning stages (two-sample t-test: t29=-2.878, CI = -0.37

to -0.06, p=0.007, d=0.93).

4.4.2 Task performance relates to structured behavioural strategies

Notably, the number of points scored did not relate in a trivial manner to the total

switches made. This was also the case when controlling for the number of trials

completed (see supplemental materials for more details). However, the algorithmic

complexity of individuals’ behaviour (Figure 4.2c-d) had a significant negative

correlation with points scored (partial Pearson: Study 1 - r15=-0.646, CI=-0.87 to

-0.22, p=0.017; Study 2 - r14=-0.805, CI=-0.93 to -0.50, p=0.002) and the number of
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response errors made (partial Pearson: Study 1 - r15=-0.695, CI=-0.89 to -0.31,

p=0.004; Study 2 - r14=-0.785, CI=-0.93 to -0.46, p<0.001). NB:- These partial

correlations control for the number of events completed. That is, people whose

behavioural routines were more structured and whose trial-responses were more

accurate achieved higher scores. Exemplar behavioural timecourses from each

study are rendered in Figure 4.2e-f.

As predicted, algorithmic complexity was significantly lower in study 2, compared to

study 1 (two-sample t-test: t29=-4.500, CI=-0.36 to -0.14, p<0.001, d=1.26).

Moreover, study 2 exhibited a significantly greater repetition bias than study 1

(two-sample t-test: t29=6.643, CI=0.19 to 0.36, p<0.001, d=1.53).

Furthermore, within-subject behavior became increasingly structured as the SOS

was practiced. Algorithmic complexity in the first behavioural learning stage

negatively correlated with the sum of change across all three learning stages (partial

Pearson Study 1 - r15=-0.515, CI=-0.81 to -0.03, p=0.0496; Study 2 - r14=-0.899,

p<0.001, CI=-0.97 to -0.72). This indicates that increases in behavioural structure

were greater for those who were initially behaving in a less structured manner.

Therefore, individuals developed more structured behaviour with practice, being

characterised by ‘chunks’ of repeat-trials that were consistently punctuated by

switches between rules and tasks, and behaviour in study 2 began at a more

structured level, due to structured routines developed during the extensive

pre-training.
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Figure 4.2. SOS switching costs and behavioural structuring. Switching-costs to
reaction time (RT) decreased with practise in study 1 and 2 (a/b). Reaction times
(RT) for each condition were summarised within each ~7 minute learning stage (L).
Each point represents a participant’s median RT for a condition. Boxplots represent
the group median (central line), and the 25-75th percentiles (boxes). c/d) Normalised
algorithmic complexity (y-axis) of participants’ SOS behaviour against overall task
performance, in terms of points scored (x-axis). The residuals are plotted from a
partial correlation controlling for the number of trials completed. For each study,
three participants are highlighted and their behavioural timecourses are displayed in
e/f. Of those, participant 1 (P1) generated the most complex SOS behaviour and P3
the least.
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4.4.3 SOS activates multiple-demand cortex and reduces default mode

network activation.

We sought to identify brain regions where activation increased when individuals

opted to switch between tasks or rules. Collapsing across switch-type, the

cluster-corrected group-level t-contrast associated SOS with activation increases in

the dorsolateral frontoparietal cortices, cerebellum, insula, putamen, and thalamus

(Figure 4.3a). This pattern was consistent across studies (dice similarity = 0.58). The

inverse t-contrast associated SOS with activation reductions in regions associated

with the DMN (Figure 4.3b) and this pattern was consistent across studies (dice

similarity = 0.56).

4.4.4 Multiple-demand and default mode network activation changes

with learning.

Previous studies have examined activation changes when simple tasks are

established through practise (Hampshire et al., 2016, 2019; Petersen et al., 1998;

Ruge et al., 2019). To expand on this, voxelwise activation was compared across

time during SOS. For each of the three learning stages, a 1st-level contrast was

estimated for switching minus trial event activation. These contrasts were examined

using group level random effects analyses with a 3 * 2 RM-ANOVA design where the

learning stage was the within-subject factor and study was the between-subject

factor.

The main effect of learning stage contrast rendered six bilateral regions where the

difference between switching and trial activation significantly differed between the

learning stages. For each cluster, a paired t-test determined the direction of the

activation change using the mean bilateral activation from the 1st and last learning

stages. Each cluster showed significant differences that survived bonferroni

correction (alpha=0.0083=0.05/6, see supplemental materials). We combined those

regions whose activation increased (Figure 3c) into a composite MD region of

interest (ROI) of the anterior cingulate, dorsolateral parietal cortex and occipital

120



cortex clusters. The MD ROI activation was significantly increased in the last

learning stage, compared to the first (paired t-test: t30=7.230, CI=0.75 to 1.34,

p<0.001, d=0.68). Those regions where activation decreased were combined into a

composite DMN ROI and included the posterior cingulate, putamen and temporal

lobe (Figure 3d). The DMN ROI activation was significantly decreased in the last

learning stage, compared to the first (paired t-test: t30=7..432, CI=0.49 to 0.85,

p<0.001, d=1.15).

Notably, MD activation increasing and DMN activation decreasing with learning is the

exact opposite direction to what has been observed during simple stimulus-response

learning tasks (Hampshire et al., 2019). To understand why this learning effect

appeared to be inverted, we independently examined trial response activation and

switching activation in the MD ROI across the learning stages (Figure 3e). The trial

response events are more comparable to simple learning curve paradigms. Directly

replicating these studies, activation in the MD ROI varied across the learning stages

for trial responses (one-way RM-ANOVA: F2,60=16.043, p<0.001, =0.35) and wasη
𝑝
2

significantly decreased in the last learning stage, compared to the first (paired t-test:

t30=-4.573, CI=-0.99 to -0.38, p<0.001, d=0.82). Conversely, MD ROI switching

activation also varied across learning stage (one-way RM-ANOVA: Task-switch -

F2,60=3.329, p=0.043, =0.09; Rule-Switch - F2,60=6.313, p=0.003, =0.17) but wasη
𝑝
2 η

𝑝
2

significantly increased in the last learning stage, compared to the first (paired t-test:

Task-switch - t30=2.224, CI=0.03 to 0.67, p=0.034, d=0.40; Rule-switch - t30=2.669,

CI=0.09 to 0.66, p=0.012, d=0.48).

The opposite pattern was evident for the DMN ROI activation (Figure 3f).

Specifically, activation varied across the learning stages for trial responses (one-way

RM-ANOVA: F2,60=10.119, p<0.001, =0.25) but was significantly increased in theη
𝑝
2

last learning stage compared to the first (paired t-test: t30=3.595, CI=0.11 to 0.40,

p=0.001). Conversely, DMN ROI switching activation also varied across learning

stages (one-way RM-ANOVA: Task-switch - F2,60=16.544, p<0.001, =0.36;η
𝑝
2
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Rule-switch - F2,60=15.080, p<0.001, =0.34) but was significantly decreased in theη
𝑝
2

last learning stage, compared to the first (paired t-test: Task-switch - t30=-4.398,

CI=-0.73 to -0.27, p<0.001, d=0.79; Rule-switch - t30=-5.112, CI=-0.46 to -0.20,

p<0.001, d=0.92).

The sum of differences in mean MD activation over learning stage negatively

correlated with individuals’ normalised algorithmic complexity (pearson, r15=-0.499,

p=0.049, CI=-0.798 to -0.004) in study 1 (Figure 3g) but not in study 2 (r14=-0.240,

p=0.932, CI=-0.53 to 0.49). The equivalent analysis of the DMN ROI activation

(Figure 3h) did not correlate with algorithmic complexity (pearson, Study 1 -

r15=0.295, p=0.268, CI=-0.24 to 0.69; Study 2 - r14=0.290, p=0.294, CI=-0.26 to

0.70).
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Figure 4.3. Multiple-demand and default mode activation varies with SOS
learning. Group-level activation increases (a) and decreases (b) predicted by
switching events. Dice similarity coefficients (DSC) represent the spatial similarity of
significant voxels between the studies. d/e) Clusters of activation change over
learning stages separated based on whether activation increased (c) or decreased
(d). e/f) Mean activation independently examined for each learning stage (L) and
condition for the MD (e) and DMN (f) composite ROIs (shaded area represents the
standard error). g/h) Correlations between the sum of activation change over
learning stage and normalised algorithmic complexity of SOS behaviour for the MD
(g) and DMN (h) composite ROIs. All activation maps are thresholded at an
uncorrected p<0.01, followed by a p<0.05 FDR cluster correction.
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4.4.5 Functional connectivity between frontoparietal networks and

subcortical regions increases with learning.

In accordance with the behavioural results showing that repeat-trial RT varied

between studies and with practise (Figure 4.4a), the FC predicted by trial responses

varied across learning stages in a manner that was largely specific to study 1. The

mass-univariate glme modelling of the gPPI weighs across the learning stages

identified connections whose FC significantly varied across learning stages. In study

1, the models that survived FDR correction for multiple comparisons were

predominantly for connections between networks (Figure 4.4b) associated with

cognition, such as the DMN, networks associated with MD (frontoparietal and

attention networks), as well as with subcortical regions (Figure 4.4c). The glme

models’ t-statistic was used to determine whether the FC increased or decreased

across the learning stages. This indicated that FC increased as the SOS task was

practised in study 1. Notably, these effects were largely absent in study 2 (Figure

4.4d).

Finally, we estimated the relationship between the decreases in RT and FC over the

learning stages. A mass univariate approach was taken where a partial correlation

was calculated for each connection using the difference in gPPI and repeat-trial RT

between the 1st and last learning stages. The partial correlation allowed this

relationship to be estimated whilst controlling for the number of trials an individual

completed. The resulting set of correlation coefficients were FDR-corrected for

multiple comparisons. This unconstrained analysis showed significant correlations

between the same systems identified in the previous analysis, demonstrating that a

greater decrease in RT with learning correlated with a greater increase in FC. Again,

these effects were specific to study 1 (Figure 4e) and largely absent in study 2

(Figure 4.4f).
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Figure 4.4. Increased between-network functional connectivity with learning. a)
Reaction time (RT) decreased at a greater rate between the three windows (W) in
study 1. The mean repeat-trial RT was plotted for each window with the standard
error of the mean. b) Task-dependent functional connectivity (FC) changes for trial
responses were estimated between brain regions and these were ordered by nine
networks for visualisation purposes. c/d) Generalised linear mixed effects models
identified connections whose strength significantly varied over the learning stages
for study 1 and 2. The model t-statistic was used to render the connections in red or
blue for positive or negative change, respectively. e/f) Partial correlations were used
to estimate the relationship between changes in RT and FC over time for study 1
and 2 (controlling for the number of trials completed). Here, a positive correlation
indicates an increase in response speed and FC. Each set of connectivities were
FDR corrected and the surviving weights were rendered in the schemball and in the
accompanying density distribution plot that was within-set normalised.
CB=Cerebellum, DM=Default Mode, DA=Dorsal Attention, FP=Frontoparietal,
LI=Limbic, SM=Somatomotor, SC=subcortical, VA=Ventral Attention, VS=Visual.
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4.5 Discussion

The novel self-ordered switching paradigm developed here enabled new insights to

be derived into the processes by which people learn complex multi-component

tasks. In this executively challenging context, the learning process was

characterised by the concurrent optimisation of behavioural and functional-network

deployment; specifically, hierarchically structured behavioural routines that

minimised switching costs were optimised based on the monitoring of multiple

outcomes. Concurrently, functional-network resources were redeployed towards the

executive switching points around which those routines were organised.

In everyday life we often are confronted with situations where multiple concurrent

tasks must be performed. Furthermore, real-world tasks are often intrinsically

hierarchical in their demands, requiring sub-goals to be completed in order to

achieve overarching goals (Poljac et al., 2018). The majority of experimental

paradigms that have been used to study cognitive control processes enforce careful

control of the flow of events, for example, specifying when the participant must

switch between sub-tasks (Kiesel et al., 2010; Koch et al., 2018). These types of

design facilitate the careful balancing of conditions, but they lack ecological validity

insofar as they do not provide the participant with the opportunity to apply their

executive abilities in order to organise their own behaviour (Goldberg & Podell,

2000). This is important, because structured routines are a defining characteristic of

human behaviour with disorganisation being symptomatic across prominent

neurological and psychiatric populations (Averbeck et al., 2011; Collins & Koechlin,

2012; Fallon et al., 2013).

Moreover, the majority of cognitive control studies do not take into account the

shifting role that brain systems play as a task is learnt. We argue that this is a critical

oversight because the purpose of cognitive control systems is not just to support

complex behaviour, but more to enable the learning of such behaviours in order that

they can be performed with minimal effort.
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Indeed, we and others have previously reported that the changes in brain activity

and connectivity that are associated with learning during commonly applied

cognitive control paradigms can dwarf the control processes that those paradigms

were designed to examine (Badre et al., 2010; Erika-Florence et al., 2014). More

specifically, in a recent sequence of articles, we and others reported that the

learning of simple stimulus-response mappings from either instruction or feedback

was accompanied by an ongoing reduction in event-related activity within

frontoparietal networks associated with effortful cognition and a reduction in default

mode network activity (Hampshire et al., 2016, 2019; Ruge et al., 2018, 2019; Ruge

& Wolfensteller, 2010). This likely reflected a steady transition from deliberate to

automated modes of behaviour.

The results of the current study extended that work by examining the shifting role of

brain networks during the learning of tasks that are more ecologically valid insofar

as they require multiple sub-tasks to be efficiently self-organised. When this learning

process was supported by detailed ongoing feedback in study 1, the behavioural

routines that participants tended to develop had several notable characteristics,

these being the minimisation of number of switches performed, the hierarchical

sequencing of task and rule switches, and the tendency towards algorithmically

simpler sequences with practice. Interestingly, all three of these characteristics

correlated with overall task performance, as quantified in number of points awarded

across learning stages or in terms of individual differences in behavioural routines;

however, from a simple computational perspective this would not necessarily have

been the case.

For example, task switches could have been performed at the same frequency, or

subordinate to rule switches whilst producing the same number of points per trial

completed. However, participants in study 1 tended to organise the rule switches

subordinate to the task switches, a structure that was implicitly encouraged by the

structure of the feedback elements. Notably, task switches were more effortful, as

evidenced by greater response time costs; therefore, the bias towards more rule
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than task switches, and fewer switches overall, was adaptive insofar as it reduced

overall executive costs. Relatedly, the application of algorithmically simpler routines

was demonstrably less effortful, being accompanied by reduced switching costs

and the achievement of higher overall scores. From this perspective, the

development of hierarchically structured behaviour can be seen to reflect a

tendency to optimise towards a mode of behaviour that requires minimal switching

effort to produce maximum reward.

Indeed, evidence of a tendency to self-order behaviour in a structured manner even

when such structure is not a task requirement has been seen previously in some

previous studies. A prominent example is voluntary task-switching (VTS) paradigms,

which instruct participants to randomly choose between two tasks on each trial.

Interestingly, the original VTS reports imply that participants did not fully adhere to

this instruction and exhibited a significant repetition bias (Arrington & Logan, 2004,

2005). This is evidence of the behavioural self-ordering that reduced the frequency

of task-switching that may have resulted in an advantageous reduction in cognitive

demand. Similarly, here, participants who were better practised at SOS (study 2)

exhibited a significantly greater trial repetition bias, and also behaved with a more

structured routine.

Relatedly, we have also observed that when identifying targets during a novel

self-ordered intradimensional-extradimensional switching paradigm, participants

tend to hierarchically order their search behaviour between stimuli of different

dimensions, this in a context where there is no intrinsic computational advantage to

sequencing the search by stimulus dimension but switching between dimensions

nonetheless incurs a greater response time costs (Hampshire & Owen, 2006).

Perhaps the most striking result of the current study pertains to how the underlying

network resources associated with repeat and switch trials changed as the

behavioural routine was established. More specifically, the optimisation of a

structured behavioural routine was concomitant with a progressive ‘fine-tuning’ of

the brain’s functional activation that was more complex in its dynamics than that
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which has previously been observed during simple stimulus-response learning

(Hampshire et al., 2016, 2019; Ruge et al., 2019; Ruge & Wolfensteller, 2010). In

accordance with those past findings, frontoparietal activation in response to the

trials was observed to decrease as they were practised whilst the degree of default

mode network deactivation was also seen to reduce. Unexpectedly though, we also

observed the opposite pattern of change for switching events, with frontoparietal

activation increasing and DMN activation decreasing as a function of learning.

These executive switching events were effortful and critical for guiding behaviour

and had to be conducted in a strategic manner. This distinguishes the SOS from

most other task-switching and VTS paradigms.

Furthermore, the ACC and DLPFC regions identified here are part of the MD system

and generally activate in response to increasing cognitive effort (Crittenden &

Duncan, 2014). Therefore, this pattern of results likely reflects a redeployment of

flexible and limited capacity network resources towards the executive switching

events that enable structured behaviour as the simple stimulus-response mappings

that constitute individual trials become automatic through practice. One intriguing

possibility is that frontoparietal systems operate at the leading edge of the

automatisation process, enabling progressively more complex hierarchical

behaviours to be developed. A testable prediction of this is that the switching

activation would also decrease with enough practise. This would make an

interesting prediction that could be tested across multiple SOS scanning sessions,

perhaps with paradigms that have scope for deeper hierarchies that limited capacity

resources can progressively develop.

In terms of individual differences, it is interesting to note that in study 1, the scale of

change in trial vs switch activation over learning stages related to the complexity of

the behavioural routine. Those participants who could establish an optimal balance

between repeating a condition and making the costly switches behaved in a more

structured manner, scored the most points and exhibited a greater ‘fine-tuning’ of

frontoparietal activation away from simple trials to the executive switching events.
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This indicates that optimal structured routines may also help accelerate the learning

process.

The key difference between study 1 and study 2 was that the latter had more

substantial training prior to entering the scanner and only minimal feedback within

the scanner. These modifications were intended to provide a control condition

where the potential for further optimisation of the behavioural routine was greatly

reduced, with participants in study 2 being likely further along the ‘learning curve’.

The behavioural results supported this view, as in study 2, SOS was performed

faster and with routines that had low algorithmic complexity. In this context, the

changes in behaviour across time also were both less pronounced. RT dropped at a

lower rate and the algorithmic complexity progressed towards a more stereotyped

pattern that expressed more consistently repeating structures.

Intriguingly, the differences across studies in behavioural and network activity

signatures of learning was also evident in the connectivity analyses. More

specifically, in study 1 we observed widespread increases in FC between functional

networks in the brain that have been associated with cognition and their

connections with subcortical regions. A similar increase in network coherence was

evident in the individual differences analysis, where greater reductions in RT were

associated with a greater increase in network functional connectivity with learning.

In contrast, FC changes with practise were largely absent in study 2. These findings

accord with the notion that cognitive behaviours can through practice be supported

by higher efficiency network states that are characterised by lower activity but

increased connectivity (Hampshire et al., 2016; Soreq et al., 2019, 2021; Stokes,

2015).

More broadly, we believe that paradigms such as the SOS that enable participants

the freedom to self-organise their behaviour have untapped potential for

understanding normal and pathological cognitive control functions. The natural

variation in the behavioural efficiency of healthy adults suggests that there is a

potential to examine self-ordered behaviours in patient populations that suffer from
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cognitive impairments. Indeed, high activity-low connectivity states have been

reported in some dysexcutive populations when perfoming tasks that require

cognitive control (Hampshire et al., 2013; Sheffield et al., 2021). Furthermore, it

could be predicted that patients may take longer to generate a stable behavioural

routine and that this routine would be more complex, inefficient and refined at a

slower rate, compared to healthy controls. These features may dissociate across

patient populations for example, Parkinson’s patients show difficulty in updating

strategies during set-shifting and can show a reduced tendency towards structured

dimensional switching routines (Fallon et al., 2013), whereas patients with

schizophrenia may prematurely implement a strategy before sufficiently exploring

the options (Averbeck et al., 2011). Future work also should focus on the learning of

structured routines over longer time frames and within paradigms that provide even

greater potential for hierarchical self-organisation, and should examine how the

responsiveness of functional networks evolves as deeper hierarchical behaviours

are established.

4.6 Limitations

A limitation of the design in study 1 relates to the presentation of new stimuli

following a task-switch or rule-switch. The visual information in supplemental figure

4.1 can be used as a reference to help clarify the order of the task events and

timings. A trial began with new stimuli for the active task. If a response is made, the

RT represents the time between the onset of the new stimuli and the response

being made. When a response is made, the hierarchical feedback panel is

presented and this is followed by the onset of the subsequent trial with new stimuli.

If a rule-switch is made, the RT is the difference between the rule-switch button

being pressed and the response being made. However, while the rule text would

update (“shape” or “colour”), the stimuli did not update. This represents an error in

the implementation of the task. Effectively, the user was already aware of the stimuli

after they made the rule-switch and this was evident in the apparent “facilitation

effect” observed in the rule-switch RT data.
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The two tasks were both on display with one at the top and one at the bottom.

Stimuli from both tasks were visible at all times. A similar error in the task

implementation was present here because the stimuli did not update during a

task-switch. Again, the stimuli only updated, within-task, after a trial response and

feedback display event occurred. In contrast to rule switches, the separate task

displays make it unlikely that participants had the stimuli of the task they were

switching to in mind. This cannot be ruled out, however.

Despite this, a substantial task-switching cost to RT was evoked. Task-switch RT

was the time between the task-switch button being pressed and the subsequent

trial response. Task-switching is a reorienting of attention; however, paradigms

wouldn’t traditionally require a drastic shift in visual focus. Subsequently, some may

argue that the ‘pure cognitive’ aspect of the task-switching process was

confounded by the reorientation of visual attention to a greater extent than would be

present in other paradigms.

Study 2 built on, and accounted for, the task implementation errors as stimuli

updated after either a trial response or a switch was made. Moreover, tasks were

shown in isolation and covered the entire display. The RT data followed the

expected trend with switching-costs that followed rule-switches and significantly

greater switching-costs following task-switching. Critically, there were multiple

examples of evidence that suggested a robust replication between the studies,

despite the differences in task implementation.

Fortunately, the task implementation issues do not undermine the inferences that

can be made regarding the optimisation of behaviour and brain function. For

example, the activation analyses modelled the points in time that buttons were

pressed but the event durations were set to 0. Effectively, fitting a HRF to each

event allowed for the prediction of activation changes associated with a user

making a switch or trial response. Critically, both studies converged in terms of the

voxelwise activation analyses.
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More broadly, it is challenging to interpret changes in fMRI regional activation and

relate them to cognitive constructs (Poldrack & Yarkoni, 2016). Here, switching

events predicted activation increases in multiple-demand (MD) cortex but the

activation magnitudes varied during the course of the experiment. The trend of

decreasing MD activation predicted by trial events over time represents a robust

replication of previous findings that are indicative of learning (Hampshire et al.,

2016, 2019). However, the increase in MD activation over time for the switching

events is novel. A dissociation between the trial response and switching activation

timecourses for MD activation may represent evidence of a ‘fine-tuning’; whereby,

the simpler parts of the routine are automated and greater attention is placed on the

executive switch events that structure the behaviour. However, while this may be a

reasonable inference to make from these data, it is important for future work to

explore this further, given the novelty of this particular finding.

4.7 Conclusion

In summary, we developed SOS paradigms to examine how behaviour and brain

states optimise to maximise efficiency. Behavioural performance and routines were

sensitive to learning and as individuals learnt to manage SOS demands and this

was reflected by an ongoing optimisation of the brain’s functional organisation.

These findings characterise a fundamental property of human neurocognitive

systems as the ongoing and concurrent self-optimisation of behavioural structure

and network dynamics in order to maximise performance outcomes and minimise

the use of neural resources.
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4.8 Supplemental materials

4.8.1 Repetition bias

A repetition bias was calculated as the proportion of consecutive trials from the same

condition relative to the total number of trials completed (supplemental Figure 4.2a). There

was a significantly lower repetition bias in study 1 compared to study 2 (two-sample t-test:

t29=-6.643, p<0.001, CI=-0.36 to -0.19, d=1.53). This indicates that participants in study 2

were more likely to repeat the conditions than switch between rules or tasks.

A two-way repeated-measures analysis of variance (RM-ANOVA) was used to explore the

study differences between the repeat-trial and switch events (supplemental Figure 2b).

Condition was the within-subject factor (repeat-trial, rule-switch, task-switch) and study was

the between-subject factor (2 levels). There was a significant interaction of event number

with study (F2,58=62.128, p<0.001; =0.68). Participants in study 1 performed fewer trialsη
𝑝
2

(two-sample t-test: t29=-5.262, p<0.001, CI=-81.87 to -36.04, d=1.38) and performed more

rule-switches (t29=8.125, p<0.001, CI=49.85 to 83.39, d=1.64) than participants in study 2.

The number of task-switches did not differ between studies (t29=0.024, p=0.981, CI=-11.426

to 11.69, d=0.01).

The ratio of task-to-rule-switching differed (two-sample t-test: t29=-8.118, p<0.001, CI=- 0.71

to -0.43, d=1.64), with study 1 individuals (mean=0.294, SD=0.139) more likely to switch

within-task than study 2 (mean=0.865, SD=0.242), who performed task-switching or

rules-witching almost equally. Supplemental Figure 3e-f visualises these behavioural

differences with graphs weighted by the mean probability of one event following another in

each study.

4.8.2 Number of switches does not correlate with task performance

The number of switches performed did not significantly correlate with the overall points

scored (pearson: Study 1 - rule-switch r15=0.473, CI=-0.03 to 0.79, p=0.065; Study 1 -

task-switch r15=0.213, CI=-0.32 to 0.64, p=0.428, ; Study 2 - rule-switch r14=0.160, CI=-0.38

to 0.62, p=0.569; Study 2 - task-switch r14=0.034, CI=-0.49 to 0.54, p=0.905) (uncorrected).

This was also the case when controlling for the number of trials completed (partial Pearson:

134



Study 1 - r15=0.407, CI=-0.11 to 0.75, p=0.132; Study 2 - r14=0.151, CI=-0.39 to 0.62,

p=0.605).

4.8.3 Trial activation modelling

The 1st level trial response contrasts maps were modelled at the group-level with a two-way

repeated-measures (RM-ANOVA). The within-subject factors were task (match, odd one out)

and rule (colour, shape). Group-level activation maps were thresholded at p<0.01 followed

by a false discovery rate (FDR) cluster-level correction for multiple comparisons.

In both studies, the average effect of trial response contrast rendered activation in occipital

cortex and in multiple-demand (MD) cortex, and included dorsolateral frontoparietal cortex,

the supplementary motor area (SMA) anterior cingulate cortex (ACC) and anterior insula

(supplemental Figure a/d). The main effect of task contrast showed an activation difference

in the occipital cortex with greater activation during OOO trials (supplemental Figure 4b/e).

The main effect of rule contrast showed an activation difference in occipital cortex with

greater activation during shape trials (supplemental Figure 4c/f).

4.8.4 Switching activation between study differences

In the switching activation over learning stage analysis, the switch > trial contrast for each

window was modelled in a two-way RM-ANOVA with learning stage as the within-subject

factor (3 levels) and study (2 levels) as a covariate. The between-study differences in

switching > trial activation was observed in the main effect of study contrast (supplemental

Figure 4g). Study 1 showed greater activation in regions associated with the default mode

network. Study 2 showed greater activation in regions associated with the multiple-demand

(MD) network.

4.8.5 Switching greater than trial activation changes over learning

stages

The main effect of learning stage contrast rendered 6 bilateral regions of interest (ROI). To

determine the direction of the change, the activation was collapsed across hemispheres and

compared with a paired t-test between the first and last learning stage. Activation in the
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anterior cingulate (ACC), dorsolateral parietal cortex (DLPC) and occipital cortex (Occ.) was

significantly increased between the first and last learning stages (paired t-test: DLPC -

t30=4.657, p<0.001, CI=1.65 to 0.64, d=1.56; ACC - t30=5.267, p<0.001, CI=1.37 to 0.61,

d=1.59; Occ. - t30=4.707, p<0.001, CI=1.42 to 0.56, d=1.57). Activation decreased in the

posterior cingulate cortex (PCC), putamen (Put.) and in the posterior temporal lobe (Temp.)

(paired t-test: PCC - t30=4.097, CI=0.31 to 0.94, p<0.001, d=0.74; Put. - t30=3.412, CI=0.23 to

0.91, p=0.0019, d=0.62; Temp. - t30=5.401, CI=-1.12 to 0.51, p<0.001, d=0.97). The

comparisons made with these 6 ROIs survive bonferroni correction (alpha=0.0083, 0.05/6).
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Supplemental Figure 4.1. SOS hierarchical response feedback (study 1). a) The
feedback panel displayed response feedback along with progress meters for each condition.
A correct response increased the bar for the given condition and an incorrect response
decreased it. b) Progress meters were displayed for each task and increased when both
meters for that task (a) maxxed out and reset. The task meters and overall score were
displayed in between the two task panels. c) The SOS display and a correct response to a
Match task (MT) colour trial. d) An example of the inactive rule being penalised, followed by
a rule-switch. e) A participant has successfully switched between and filled both of the MT
rule progress bars. The bars reset to the initial position and the task progress meter
increases and overall score updates. Here, the participant opted to press the task-switch
button and respond to the odd one out (OOO) task. Subsequently, the MT border turns grey
and the OOO border turns red. f) Successfully switching between each task’s rules and each
task causes both task progress meters to reach the maximum. The overall score receives a
+10 bonus and the task meters reset.
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Supplemental Figure 4.2. a/b) Mean task-switch and rule-switch cost (y-axis, seconds)
correlates with the total number of switches made in both studies. c/d) The number of
rule-switches and task-switches completed. Each participant’s datapoint size is weighted by
the normalised algorithmic complexity of their behavioural timecourse. The colour represents
the number of points scored (black/brown = low points, light-brown/orange = high points).
e/f) Graphs representing the probability of repeat-trials for each condition and switches
between them (grey = repeat-trials, orange = rule-switch, blue = task-switch). Edge widths
represent the group average proportions of events. MT=Match task, OOO = odd one out, C
= colour, S = shape.
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Supplemental Figure 4.3. a) Trial response activation modelling: A two-way
repeated-measures voxelwise analysis of variance (RM-ANOVA) modelled activation change
with task (match, odd one out) and rule (colour, shape) as the within-subject factors. This
model was used to contrast the average effect of trials (a) and the main effects of task (b) or
rule (c). This procedure was repeated for study 2 (d-f). g) The main effect of study contrast
generated from the switch > trial across the three learning stage activation analysis. To
determine the direction of the main effect, two t-contrasts were generated to display study 1
> 2 (green) and study 2 > 1 (lilac) differences. All maps were thresholded at p<0.01 followed
by a false discovery rate (FDR) cluster-level correction for multiple comparisons.
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“Today I escaped from anxiety. Or no, I discarded it, because it was within me, in my

own perceptions — not outside.”

- Marcus Aurelius
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Chapter 5: Decreased brain modularity after

psilocybin therapy for depression

The findings from previous chapters imply that neurocognitive flexibility is important

for successfully adapting behaviour. In particular, it was the activation and

connectivity of the MD, DMN and other higher-order brain systems that co-varied

with task performance. In this chapter, I analyse resting-state fMRI data from two

clinical trials of psilocybin therapy in patients with depression. These data were

collected by Dr Robin Carhart-Harris. Addressing aim 3 of this thesis, I examine how

recovery from depression relates to the brain systems associated with cognitive

control. The findings from this experimental chapter are prepared for submission

and, subsequently, the use of “we” refers to my predictions, analysis, data

visualisation and interpretation.

Well-being may depend on brain systems that are integrated and flexible.
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5.1 Abstract

Importance

Psilocybin therapy shows antidepressant potential. Our data suggests psilocybin

may be effective by provoking less modular brain dynamics.

Objective

To assess the sub-acute impact of psilocybin on brain activity in patients with

depression.

Design

Pre vs post-treatment resting-state functional MRI (fMRI) was recorded in two trials:

1) Open-label treatment-resistant depression (TRD) trial with baseline vs 1 day

post-treatment fMRI (April-2015 to April-2016); 2) Two-arm double-blind RCT in

major depressive disorder (MDD), fMRI baseline vs 3 week after psilocybin-therapy

or 6 weeks of daily escitalopram (January-2019 to March-2020).

Setting

Study visits occurred at the NIHR Imperial Clinical Research Facility.

Participants

Adult male and female patients with TRD or MDD.

Intervention(s) (for clinical trials) or Exposure(s) (for observational studies)

Study 1: Two oral doses of psilocybin (10mg and 25mg, fixed order, 7 days apart).

fMRI was recorded at baseline and one day after the 25mg dose. Study 2: either: 2

x 25mg oral psilocybin, 3 weeks apart, plus 6 weeks of daily placebo

(‘psilocybin-arm’), or 2 x 1mg oral psilocybin, 3 weeks apart, plus 6 weeks of daily

escitalopram [10-20mg] (‘escitalopram-arm’). fMRI was recorded at baseline and 3

weeks after the 2nd psilocybin dose which was the final day of the 6-week daily

capsule ingestion.
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Main Outcome(s) and Measure(s)

Beck Depression Inventory and fMRI network modularity.

Results

Study 1: In 16 adults (mean age [SD], 42.8 [10.1] years, 4 [25%] female), psilocybin

therapy was associated with markedly decreased BDI scores at 1 week (mean

difference, -21; 95% CI=[-27.3, -14.7], P<.001) and 6 months (mean difference,

-14.19; 95% CI=[-21.3, -7.1], P<.001). Decreased network modularity at one day

post-treatment correlated with treatment response at 6 months (pearson, 0.64;

P=.01). Study 2: In 43 adults (42.7 [10.5] years, 14 [33%] female), antidepressant

effects favoured the psilocybin-arm at 2 (mean difference, -8.76; 95% CI=[-13.6,

-3.9], P=.002) and 6 weeks (mean difference, -8.78; 95% CI=[-15.6, -2.0], P=.01).

Specific to the psilocybin-arm, improvements at the 6 week primary endpoint

correlated with decreased network modularity (pearson, -0.42, P=.025).

Conclusions and Relevance

Robust and reliable antidepressant effects and consistent efficacy-related functional

brain changes across two studies suggest that psilocybin therapy is a promising

treatment option for depression with a plausible antidepressant action: decreased

network modularity.

Trial registration

ClinicalTrials.gov identifier: NCT03429075
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5.2 Introduction

Depression is a highly prevalent mental health condition (World Health Organisation, 2017),

the incidence of which has increased during the Covid-19 pandemic (Tang et al., 2021), e.g.,

as reflected in increased prescriptions of antidepressant medications (Rabeea et al., 2021).

However, even the best performing antidepressant drugs show modest efficacy (Hofmann et

al., 2017), non-negligible side effects (Locher et al., 2017), discontinuation problems

(Haddad, 1998), and high relapse rates (Steinert et al., 2014), highlighting the need for new

improved treatments (Nutt & Carhart-Harris, 2020).

Patients with a diagnosis of depression often exhibit a negative cognitive bias, characterised

by pessimism (Lyons & Carhart-Harris, 2018) poor ‘cognitive flexibility’ (Rock et al., 2014),

rigid thought patterns (Beck & Clark, 1988) and negative fixations regarding oneself and

future prospects (Lyons & Carhart-Harris, 2018). A number of authors have directly or

indirectly taken inspiration from dynamical systems theory to describe depressive episodes

as ‘attractor states’, i.e., stereotyped states with gravitational pull (Holtzheimer & Mayberg,

2011; Rolls, 2016).

Neuroimaging research has consistently found examples of abnormal brain functioning in

depression, resonant with its phenomenology (Hamilton et al., 2015; Kendler, 2016; Nestler

et al., 2002). A hierarchically supraordinate intrinsic brain network (Margulies et al., 2016),

the default mode network (DMN), is associated with introspection and self-referential

thinking (Andrews-Hanna et al., 2014) and these functions are often overactive in depression

(Lyons & Carhart-Harris, 2018). Indeed, several studies have linked excessive engagement

of DMN functioning with depressive symptomatology (Hamilton et al., 2011; Kaiser et al.,

2015).

In addition to the DMN, other higher-order brain networks such as the executive (EN) and

salience networks (SN) have been implicated in depression (Beevers, 2005; Ellard et al.,

2018; Lydon-Staley et al., 2019). These networks are associated with the ‘cognitive control’

of thoughts and attention switching (Daws, Scott, et al., 2020; Kim et al., 2012) between

introspective thought and an external focus (Turnbull et al., 2020). Such attentional switching

is impaired in depression (Wilkinson & Goodyer, 2006). Tellingly, the serotonin 2A (5-HT2A)

receptor subtype, which is the key proteomic binding-site of ‘classic’ serotonergic

psychedelic drugs, such as ‘psilocybin’ (Vollenweider et al., 1998), is most densely
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expressed in a broad pattern of cortex that closely resembles a conjunction map of the DMN,

EN and SN (Beliveau et al., 2020), corresponding to the upper half of the brain’s principal

hierarchical gradient (Margulies et al., 2016).

In the last 15 years, at least six separate clinical trials have reported impressive

improvements in depressive symptoms with psilocybin therapy (Andersen et al., 2021).

Included among these studies are: 1) an open-label trial in treatment-resistant depression

(Carhart-Harris et al., 2017), and 2) a double-blind randomised controlled trial (DB-RCT) with

an active comparator, the selective serotonin reuptake inhibitor (SSRI) and conventional

antidepressant, escitalopram (Carhart-Harris et al., 2021). These two trials, which included

pre and post-treatment functional magnetic resonance imaging (fMRI), are the focus of the

present paper’s analyses.

The therapeutic action of psilocybin and related psychedelics is incompletely understood.

However, one model proposes that psychedelics cause a 5-HT2A receptor induced

dysregulation of spontaneous population-level neuronal activity, linked to a temporary

‘disintegration’ of intrinsic functional brain networks (Nutt et al., 2020) and a hypothesised

decrease in the precision-weighting of internal predictive models instantiated by these

functional modules (Carhart-Harris & Friston, 2019). One important corollary of modular

‘disintegration’ appears to be the broadening of the brain’s functional repertoire of states or

‘state-space’ – commensurate with a broader or flatter global energy landscape (L.-D. Lord

et al., 2019).

Here we hypothesize that the well-replicated finding of brain network disintegration and

desegregation under psychedelics (Carhart-Harris et al., 2012; Luppi et al., 2021) will be

apparent sub-acutely (Winkelman, 2015), in post-treatment resting-state fMRI data. We also

hypothesise that this effect, consistent with a flatter energy landscape, will relate to improved

depression outcomes, and also that it will not be observed after a course of the selective

serotonin reuptake inhibitor (SSRI), escitalopram.
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5.3 Materials and Methods

5.3.1 Trial overviews

The trial designs for and the main clinical outcomes of the open-label (Carhart-Harris et al.,

2017) and DB-RCT (Carhart-Harris et al., 2021) have been previously published. Both were

conducted at the NIHR Imperial Clinical Research Facility and received Imperial College

London Sponsorship, NHS research ethics favourable opinion, Health Research Authority

and MHRA approval. This work was done under a UK Home Office Schedule 1 Drug

Licence.

5.3.2 Participants

For both trials, eligibility required a general practitioner (GP) confirmed diagnosis of unipolar

MDD (16+ on the 21-item Hamilton Depression Rating scale [HAM-D]). The open-label trial

had the additional criteria of treatment-resistant depression, as no improvement despite

multiple courses of antidepressant medication (mean = 4.6 ± 2.6 past medications, range =

2-11) (Sackeim, 2001).

Exclusion criteria were: Immediate family or personal history of psychosis, risky physical

health condition (physician-assessed), history of serious suicide attempts, positive

pregnancy test and MRI contraindications. The DB-RCT had the additional exclusion criteria

of selective serotonin reuptake inhibitor (SSRI) contraindications or previous escitalopram

use. Eligible patients undertook telephone screening interviews, provided written informed

consent and their mental and physical medical histories were thoroughly evaluated.

5.3.3 Interventions

Patients in the open-label trial attended a 1-day pre-treatment baseline session that included

eyes-closed resting-state fMRI and clinical assessment (Figure 5.1a). This was followed by

two psilocybin therapy dosing days (DD), separated by 1 week. A low-dose of psilocybin

(10mg) was orally ingested on DD1 and followed by a high-dose dose (25mg) on DD2. The

follow-up fMRI and clinical assessment occurred one day after DD2. Patients attended an

on-site clinical assessment at 1-week post-DD2 and completed further clinical assessment

electronically at 3 and 6 months
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Of the 59 MDD patients in the DB-RCT, 30 were randomly allocated to the ‘psilocybin-arm’

and 29 to the ‘escitalopram-arm’ (Figure 5.1b). Patients attended a pre-treatment baseline

eyes-closed resting-state fMRI. DD1, consisting of either 25mg psilocybin (psilocybin-arm) or

1mg psilocybin (escitalopram arm). All patients were informed that they would receive

psilocybin, but were blind to the low-end dosage. DD2 occurred three weeks after DD1 and

was a duplicate dosage. There was no dosage-crossover. Beginning one day post DD1,

patients took daily capsules for 6 weeks and 1 day in total. For both conditions, one capsule

per day was ingested for the first 3 weeks and two thereafter. Capsule content was either

inert placebo (microcrystalline cellulose, psilocybin-arm) or escitalopram in the

escitalopram-arm, 10mg for the first 3 weeks and 2 x 10mg = 20mg total thereafter.

5.3.4 Measuring depression severity

Beck Depression Inventory 1A (BDI-1A) scores were used to assess depression severity in

both studies. This patient-rated measure captures a broader range of symptoms, with an

additional focus on the cognitive features of depression, compared to other measures such

as the QIDS-SR-16 (Fried, 2017). In the open-label trial, BDI was measured at baseline and

1 week, 3 months and 6 months post DD2. For the DB-RCT, BDI was measured at baseline

and 2, 4 and 6 weeks post DD1.

5.3.5 Measuring brain network modularity

For each scanning session, resting-state fMRI was recorded using a 3T Siemens Tim Trio

MRI scanner at Imanova, London, UK (see Supplemental Methods: MRI acquisition).

Our principal metric of interest was brain network modularity, a biological substrate that

describes the degree of segregation between the brain’s functional networks (also known as,

the communities of brain regions) (Bassett et al., 2011). Preprocessed fMRI data were used

to estimate functional connectivity (FC) matrices from 100 cortical regions as defined by a

functional atlas (Schaefer et al., 2018) (see Supplemental Methods: MRI preprocessing;

Functional connectivity) that were subjected to a commonly used community detection

algorithm (Blondel et al., 2008). This step seeks to maximise the extent to which the brain

regions can be segregated into non-overlapping communities or modules (Newman, 2004).

See the Supplemental Methods: Modularity section for details on modularity estimation and

normalisation.
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The modularity metric used in the present work has been applied in many previous contexts,

including depression studies (Finc et al., 2020; Lydon-Staley et al., 2019; Zheng et al.,

2018), where high modularity scores indicate a greater degree of separation between brain

networks. Scores were compared between imaging sessions and correlated with depression

severity scores.

5.3.6 Brain network characteristics

The modularity metric assesses a particular property of global brain function. To gain a

finer-grained perspective on changes to individual networks, we employed methods from

functional cartography (Mattar et al., 2015). For study 1, we measured changes in network

recruitment as the probability that brain regions of a network form communities with regions

from the same network and network integration as the probability that regions form

communities with regions from other networks (see eMethods: Functional cartography). For

study 2, a dynamic community detection and flexibility analysis (Mucha et al., 2010) was

applied using a sliding-window approach where FC was estimated for multiple windows in

time, instead of for the entire scan. Network flexibility was then defined by the average

number of times that brain regions within a given network changed their community affiliation

across time (Mattar et al., 2015) (see Supplemental Methods: Dynamic flexibility).
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Figure 5.1. Trial timeline schematics. a) Open-label trial. Eligible patients attended
a baseline resting-state fMRI and clinical assessment visit. This was followed by two
psilocybin therapy dosing days (DD) separated by 1 week, which differed in dose
strength (DD1=10mg, DD2=25mg, oral psilocybin). The post-treatment fMRI scan
occurred one day after DD2. Remote clinical assessment continued for 6 months. b)
DB-RCT. Patients attended a baseline resting-state fMRI and clinical assessment
visit and were randomly assigned to the psilocybin-arm (top-branch) or escitalopram
arm (bottom-branch). The psilocybin-arm involved 2x25mg psilocybin therapy DD’s
with 3 weeks of daily placebo capsules following each DD. The escitalopram-arm
involved 2x1mg psilocybin therapy DD’s with 3 weeks of 10mg daily escitalopram
following DD1 and 20mg of escitalopram following DD2. Both groups attended a
post-treatment fMRI and clinical assessment visit 6 weeks and one day after DD1.
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Figure 5.2. Recruitment flow diagram for the open-label (a) and DB-RCT (b).
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5.4 Results

Open-label trial

5.4.1 Depression severity

Of the 19 patients recruited, 3 were excluded due to excessive fMRI head-motion.

The remaining 16 patients (mean age=42.75, SD=10.15, 4 female) were the final

analytical sample (Figure 2a). Baseline BDI scores indicated severe depression

(mean BDI=34.81, SD=7.38). As previously reported, rapid and sustained reductions

in depression severity were observed post-treatment (Carhart-Harris et al., 2017).

Relative to baseline, significant BDI reductions were observed at 1 week (mean

difference, -21.0 points; 95% CI, -27.30 to -14.71, P<.001) and this was still evident

6 months (mean difference, -14.19 points; 95% CI, -21.29 to -7.09, P<.001).

5.4.2 Decreased brain modularity following psilocybin therapy

Confirming our primary hypothesis prediction, brain network modularity was significantly

reduced (Figure 5.3a) one day after psilocybin therapy (mean difference, -0.29; 95% CI 0.07

to 0.50, P=.012), indicative of an increased integration of brain networks.

5.4.3 Decreased modularity predicts long-term clinical outcomes

We hypothesised that decreased brain network modularity would relate to sustained

improvements in depression severity following psilocybin therapy. To test this, we calculated

Pearson correlations between the post-treatment brain modularity and the BDI scores from

the 3 post-treatment timepoints (1 week, 3 months, 6 months). After false discovery rate

(FDR) correction for multiple-comparisons, a strong significant correlation was observed at 6

months (Figure 5.3b - pearson, 0.64; P=.023). Although consistent with this, relationships at

3 months (0.46; P=.114) or 1 week (0.29; P=.284) did not survive correction. Furthermore,

the pre vs post-treatment change in modularity significantly correlated with the change in

BDI score at 6 months, relative to baseline (Figure 5.3c - pearson, 0.54; P=.033). These

results indicate that decreased brain modularity relates to long-term improvements in

depression symptom severity.
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5.4.4 Decreased DMN & increased DMN-frontoparietal FC

post-treatment

Consistent with previous work and our a priori assumptions, psilocybin therapy was related

to significantly decreased DMN network recruitment (mean difference, -0.54; 95% CI, -0.92

to -0.15, P=.009), and increased integration between the DMN and multiple frontoparietal

networks (DMN - EN, mean difference, 0.53; 95% CI, 0.15 to 0.90, P=.01; DMN - SN, mean

difference, 0.55; 95% CI, 0.14 to 0.95, P=.01, FDR-corrected). A post-hoc exploratory

analysis of network recruitment and integration was conducted between the cortical

networks (Figure 5.3d/e). These results indicate a decrease in within-DMN connectivity

alongside an increase in DMN connectivity to other higher-order networks, namely the EN

and SN.
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Figure 5.3. Open-label trial: Treatment-resistant depression patient responses
to psilocybin therapy relate to decreases in brain network modularity one day
post-treatment. a) Brain modularity (Q - normalised) significantly reduced,
indicating a global increase in brain network integration. The solid and dotted lines
represent the mean and median, respectively. Patient’s data are connected by solid
lines and rendered red if modularity decreased. b) Absolute post-treatment scan
modularity correlated with absolute Beck depression inventory (BDI) scores at 6
months post-treatment. c) Change in brain modularity after treatment significantly
correlated with the change in BDI scores between baseline and at 6 months. d)
DMN recruitment decreased and its integration with the EN (gold) and SN (purple)
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increased (bars represent the standard error of the mean) following psilocybin
therapy. e) Paired t-statistics of the change in network recruitment (diagonal) and
between network integration (off-diagonal). This exploratory analysis uses an
uncorrected P<.05 threshold (Red=increase, Blue=Decrease). Comparisons do not
survive multiple comparisons correction. DMN=Default Mode Network, DA=Dorsal
attention, EN=Executive Network, LI=Limbic, SM=Somatomotor, SN=Salience
Network, VS=Visual.
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Double-blind randomised controlled trial

Of the 59 MDD patients recruited, 29 were randomly allocated to the escitalopram-arm. Of

those, 21 patients (mean age [SD], 40.9 [10.1], 6 [29%] female) were included in this

imaging sample. 30 patients were randomly allocated to the psilocybin-arm. Of those, 22

patients (mean age [SD], 44.5 [11.0], 8 [36%] female) were included (Figure 2b).

5.4.5 Psilocybin therapy has greater efficacy than escitalopram for

treating depression

Decreased depressive symptom severity was significantly greater under psilocybin than

escitalopram, indicating superior efficacy of psilocybin therapy vs. escitalopram (Figure 5.4).

This was confirmed within this sample in whom we had neuroimaging data by a significant

arm x timepoint ANOVA interaction for the BDI scores (F, 4.47; P=0.005). FDR-corrected

pairwise comparisons relative to baseline were significantly different at 2 weeks (mean

difference, -8.73; 95% CI = -13.55 to -3.91, P=0.002), 4 weeks (mean difference, -7.79, 95%

CI = -13.62 to -1.95, P=0.013) and at 6 weeks (mean difference, -8.78, 95% CI = -15.58 to

-1.97, P=0.013), all favouring the psilocybin-arm.

5.4.6 Increased brain network integration is specific to psilocybin

therapy

Confirming our primary hypothesis (Figure 5.5a-b) and replicating the findings of the

open-label trial, brain network modularity significantly reduced following psilocybin therapy

(mean difference, -0.39; 95% CI = -0.75 to -0.02, P=0.039). Individuals’ changes in brain

network modularity significantly correlated with changes in BDI scores at the 6 week primary

endpoint (pearson, 0.42, P=.025, one-tailed).

Importantly, this replication was specific to the psilocybin-arm; in the escitalopram group

(Figure 5.5d-e), modularity did not change from baseline to week 6 (mean difference, 0.01;

-5% CI -0.35 to 0.33, P=0.945) and there was no significant relationship with changes in BDI

scores (pearson, 0.08; P=0.361, one-tailed).
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5.4.7 Depression recovery correlates with increased cognitive network

flexibility.

Next, we examined the dynamic flexibility of the brain’s canonical networks. This

finer-grained metric summarises how often brain regions change their community allegiance

during the course of an fMRI scan. Post-treatment changes in network flexibility were

correlated with the changes in BDI score. Specifically, increased EN dynamic flexibility

related to greater depression recovery at the 6 week primary endpoint for the psilocybin-arm

(pearson, -0.76, P=0.001). Significant relationships predominantly involved the EN, SN and

dorsal attention networks (Figure 5.5c). No significant correlations between BDI and dynamic

flexibility were observed in the escitalopram-arm (Figure 5.5f).
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Figure 5.4. DB-RCT: Beck depression inventory (BDI) scores from each study
arm. a) Boxplot for each timepoint at which BDI scores were measured. Decreases
in depression severity from baseline were significantly greater in the psilocybin-arm
(red) than in the escitalopram-arm (blue) at each timepoint. Median values are
represented by the central marks, the 25th and 75th percentiles by the box edges
and the whiskers extend to the data range. b) Individual patient BDI scores in a
raster plot. Each row represents a single patient, each column represents a
timepoint (BL=Baseline, wk=week). Rows were ordered by each patient’s total BDI
score sum across timepoints. Black/grey=Severe depression, white/light grey=Mild
to no depression.
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Figure 5.5. DB-RCT: Brain modularity reductions and individual differences are
specific to psilocybin treatment. a) Significant decreases in brain network
modularity (Q - normalised) in the psilocybin-arm post-treatment. The solid and
dotted lines on the distributions represent the mean and median, respectively.
Individual patient data are represented, connected with solid lines between sessions
which were rendered red if modularity decreased between sessions. b) Patient
individual differences (relative to baseline) correlate with improved treatment
response at the 6-week primary endpoint. c) Significant correlations between
changes in dynamic network flexibility and BDI (relative to baseline) at 6 weeks are
coloured and those that survive FDR-correction are denoted with a * (white =
P>.05). The equivalent analyses in the escitalopram-arm did not show significant
session differences in brain modularity (e) and individual differences in BDI at 6
weeks (relative to baseline) did not correlate with modularity changes (e) or network
flexibility (f). DN=Default Mode Network, DA=Dorsal attention, EN=Executive
network, LI=Limbic, SM=Somatomotor, SN=Salience Network VS=Visual.
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5.5 Discussion

In light of growing evidence for the antidepressant efficacy of psilocybin therapy

(Carhart-Harris et al., 2021), these findings advance our understanding of possible

underlying brain mechanisms. Across two separate trials decreased brain modularity was

observed and correlated with improvements in depressive symptomatology. Moreover, this

antidepressant action may be specific to psilocybin therapy, as no changes in modularity

were observed post treatment with the conventional SSRI antidepressant, escitalopram.

Previous research into the acute brain action of psychedelics have revealed well-replicated

changes in global brain function that are somewhat consistent with those observed here, i.e.,

an increased repertoire of inter-regional and between-network FC (L.-D. Lord et al., 2019;

Luppi et al., 2021; Roseman et al., 2014). Our previous analysis had suggested some

contrasting changes in the architecture of spontaneous brain function post psilocybin

treatment for depression versus during the acute psychedelic state itself – i.e., spatially

expanded DMN FC (post-treatment for TRD) versus acute DMN disintegration

(Carhart-Harris et al., 2017). Other teams have, however, reported some evidence

suggestive of increased inter-network FC 1 week and 1-month post-psilocybin (Barrett et al.,

2020), as well as 1-day post-ayahuasca (Pasquini et al., 2020), including consistent

increases in DMN-SN FC (Pasquini et al., 2020), albeit in healthy volunteers. The present

findings greatly extend on previous work however, by showing robust, reliable and

treatment-specific decreases in brain modularity post psilocybin therapy for depression that

relate to antidepressant efficacy.

The present modularity metrics may be more sensitive indices of the antidepressant action

of psilocybin than previously applied time-averaged within and between-network FC

analyses (Carhart-Harris et al., 2017). Indeed, they may bear relevance to other FC metrics

applied to acute-state psychedelic fMRI data (L.-D. Lord et al., 2019; Luppi et al., 2021;

Roseman et al., 2014) where a general picture of increased global FC and a broadened

state-space has emerged (Carhart-Harris & Friston, 2019). In this context, the results could

be understood as a ‘carryover’ effect resembling brain dynamics associated with the acute

psychedelic state, albeit at an attenuated level and in a specific population (i.e., depressed

patients).

159



Previous research on resting-state activity in depression has found abnormal community

structure (A. Lord et al., 2012) and heightened network modularity (Wei et al., 2017),

correlating with symptom severity (Lydon-Staley et al., 2019; Ye et al., 2015). Additional work

implies elevated FC between limbic regions such as the amygdala and high-level cortical

regions in depression, correlating with ruminative symptoms (Feurer et al., 2021), as well as

elevated within-DMN FC also correlating with rumination (Hamilton et al., 2011). Taken

together, a model emerges of abnormally modular spontaneous brain function in depression

that is effectively remediated by psilocybin therapy. According to various findings, the FC

energy landscape or state-space in depression can be described as abnormally constricted,

paralleling the narrow, internally focused, ruminative quality of mood and cognition in the

disorder (Rolls, 2016). In contrast, psilocybin therapy appears to expand the brain’s

state-space, both acutely (Petri et al., 2014) and, as has been shown here, post-acutely in

depressed patients, in a fashion that correlates with antidepressant outcomes. Moreover,

this ‘liberating’ action of psilocybin is paralleled by subjective reports of emotional release via

psychedelic therapy (Roseman et al., 2019; Watts et al., 2017) as well as sub-acute

increases in behavioural optimism (Lyons & Carhart-Harris, 2018), cognitive flexibility

(Murphy-Beiner & Soar, 2020), and psychological flexibility post psychedelic-use (Close et

al., 2020; Davis et al., 2020; Zeifman et al., 2020).

We believe that this ‘liberating’ effect of psilocybin on cortical activity occurs via its direct

agonist action on cortical 5-HT2A receptors, dysregulating activity in regions rich in their

expression. We believe chronic escitalopram does not have the same effect on brain

modularity due to its more generalised action on the serotonin system and likely

predominant effect on inhibitory postsynaptic 5-HT1A receptors, which are richly expressed

in limbic circuitry (Carhart-Harris & Nutt, 2017; Nutt et al., 2020).

Beyond the global decrease in network modularity post psilocybin, we observed functional

changes in default mode, executive and salience network dynamics that are consistent with

neurobiological models of depression (X. Wang et al., 2016). These higher-order

frontoparietal networks house the highest density of the 5-HT2A receptors, the principal

action-site for serotonergic psychedelics (Beliveau et al., 2020; Vollenweider et al., 1998).

High-level frontoparietal networks are implicated in the acute action of psychedelics, where

they show reduced modularity and increased communication with regions ordinarily beyond

their limits of allegiance (Carhart-Harris et al., 2012; L.-D. Lord et al., 2019; Luppi et al.,

2021; Roseman et al., 2014).
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The EN and SN have been associated with tasks requiring cognitive flexibility such as,

planning (Hampshire et al., 2013), learning (Hampshire et al., 2019) and task-switching

(Daws, Scott, et al., 2020; Kim et al., 2012); impaired functioning of these networks have

been reported in depression (Lydon-Staley et al., 2019; Wei et al., 2017), and other

disorders exhibiting cognitive inflexibility such as traumatic brain injury (Hellyer et al., 2015),

autism spectrum disorder (Watanabe & Rees, 2017) and obsessive-compulsive disorder (Gu

et al., 2007). Our results suggest that decreased modularity, or increased flexibility, of EN

regions, following psilocybin therapy, is a key component of its therapeutic mechanism of

action. We did not formally assess cognitive flexibility in the clinical trials reported here but

we did observe improvements in general cognitive functioning post psilocybin treatment in

the DB-RCT (Carhart-Harris et al., 2021).

Phase 3 clinical trial evidence will be required to achieve licensing for psilocybin therapy and

pragmatic trials would help inform questions regarding treatment practicability and

optimization (Andersen et al., 2021). For more mechanistic research, we would recommend

using network modularity measures such as those employed here. Brain imaging research

can generate large statistical spaces that can be burdensome to manage and susceptible to

noise, contributing to the challenge of detecting reliable biomarkers. Composite measures of

brain function, such as dynamic network modularity, combined with a symptoms-based

approach, may constitute an improved approach in this regard, however (Andersen et al.,

2021).

The dynamic flexibility analysis employed in trial 2 provided a useful perspective. However, it

is limited by its requirement for fMRI scans with many timepoints. Timeseries need to be of

sufficient length to be split into multiple time-windows that are themselves sufficiently long to

compute reliable FC measures. It can be challenging to reliably collect high-quality data of

sufficient length in patient cohorts. Advances to fMRI temporal resolution, however, may

improve this issue in the near future.

5.6 Limitations

This investigation relies on several abstractions of the fMRI data. In particular, the

data were transformed into Pearson correlation FC matrices which were then

summarised by network modularity and other cartography measures, including
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network integration and dynamic flexibility. Arguably, all measures of brain function

may suffer from limited validity and specificity. fMRI activation analyses benefit from

several decades of implementation and they still require careful interpretation given

the inherent lags in neurovascular coupling and the array of non-neuronal

confounding factors. Network-level and dynamic analyses of fMRI data require

further development both in terms of the methodology and the conceptual

interpretations. Nonetheless, the fervent research into network-level and dynamic

descriptions of brain function has presented a significant potential for gaining

understanding (Parkes et al., 2021).

Here, a hypothesis regarding a reduction in network modularity was confirmed in

two independent studies. Evidence was then presented which suggested that the

change in network organisation was meaningful as it correlated with patient

outcomes. However, the modularity metric is multivariate and can therefore be

influenced by many factors as it is derived from an underlying FC matrix. The limited

specificity of network modularity was supplemented by the network-level

cartography analyses which identified networks whose organisation change

provided a plausible explanation of a modularity decrease.

The dynamic flexibility analysis in study 2 may suffer from several potential

confounds. As mentioned, there is no consensus on how to perform these analyses

as the approaches are still in development. It may be challenging to even achieve a

consensus in the short-term given the variability in fMRI temporal resolution and

SNR that protocols currently offer. However, it is reasonable to be guided by certain

principles, such as those relating to statistical power. For example, sliding-window

analyses can be used to assess dynamics, with respect to changes in the

correlation weights over time. However, there are several considerations that will

influence the degrees of freedom such as the number of ROIs, the window-size,

window-overlap and number of windows. For dynamic flexibility measures, a

sufficient number of TRs need to be available to reliably estimate a Pearson

correlation within a window and for a sufficient number of windows to be defined.
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Moreover, parameters for the multilayer modularity estimation such as the within

and inter-layer coupling can vary.

Here, windows were set to 30 TRs with 50% overlap. For dynamic fMRI analyses,

30 TRs is a typical, but conservative, use of the data as it provides a reasonable

amount of statistical power for estimating Pearson FC while maximising the number

of windows available across time. Moreover, in line with other studies, the gamma

and omega coupling parameters were set to 1 (Bassett et al., 2011; Finc et al.,

2020). Effectively, this could be thought of as a default because the coupling

strengths were not being up-weighted or down-weighted.

Despite this, these dynamic analyses are limited in that there may be many factors

that may cause fluctuations in the cross-correlations of timeseries over time. Do

these fluctuations represent something that is neuronal, stochastic noise, or both?

While stochastic noise has not been ruled out by the current investigation, it is

worth noting the strong correlations between the increased dynamic flexibility of

specific networks and improved patient outcomes (r~0.7-0.8). Critically, these

orthogonal findings were specific to the psilocybin-arm, there was no evidence of

this effect in the escitalopram-arm.

This investigation is limited as it does not rule out these potential confounds when it

comes to dynamic analyses of fMRI data. There is scope for future research to

investigate the nature of these ‘dynamic’ fluctuations via parameter sweeps of

window size, window overlap and noise. Simulations of this kind may help to help

understand the neural components of a fluctuating fMRI signal and to identify the

optimal parameters for minimising noise and other confounding factors.

5.7 Conclusion

Depression presents considerable challenges to multiple stakeholders. Here, we identify a

robust, reliable and potentially specific biomarker of response to psilocybin therapy for

depression that may help to explain why it could become a valuable new treatment option.
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5.8 Supplemental materials

5.8.1 MRI acquisition

Brain imaging was performed on a 3 T Siemens Tim Trio at Invicro, London, UK.

Anatomical images were acquired using the ADNI-GO (Alzheimer’s Disease

Neuroimaging Initiative, Grand Opportunity) (Jack et al., 2008) recommended

MPRAGE parameters (1 mm isotropic voxels, TR = 2300 ms, TE = 2.98 ms, 160

sagittal slices, 256 × 256 in-plane FOV, flip angle = 9 degrees,

bandwidth = 240 Hz/pixel, GRAPPA acceleration = 2).

In both studies, fMRI data were collected with T2*-weighted echo-planar images

(EPI) with 3 mm isotropic voxels. In study 1, a 12 channel head coil was used to

acquire 240 volumes in ~8 minutes: TR = 2000 ms, TE = 31 ms, 36 axial slices, flip

angle = 80 degrees, bandwidth = 2298 Hz/pixel, GRAPPA acceleration = 2). In study

2, a 32-channel head coil was used to acquire 480 multiband-accelerated (2x)

volumes were acquired in ~10 minutes: TR = 1250 ms, TE = 30 ms, 44 axial slices,

flip angle = 70 degrees, bandwidth = 2232 Hz/pixel, GRAPPA acceleration = 2).

5.8.2 MRI preprocessing

Imaging data were preprocessed via a custom in-house pipeline composed of tools

from the FMRIB Software Library (FSL) (S. M. Smith et al., 2004), Analysis of

Functional NeuroImages (AFNI) (Cox, 1996), Freesurfer (Dale et al., 1999) and

Advanced Normalisation Tools (ANTs) (Avants et al., 2009) packages. Patients were

excluded if either fMRI scan contained >20% of volumes with a framewise

displacement (FD) greater than 0.5 mm (Power et al., 2014).

Specifically, the following pre-processing stages were performed: 1) removal of the

first three volumes; 2) de-spiking (3dDespike, AFNI); 3) slice time correction

(3dTshift, AFNI); 4) motion correction (3dvolreg, AFNI) by registering each volume to
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the volume most similar, in the least-squares sense, to all others; 5) brain extraction

(BET, FSL); 6) rigid body registration to anatomical scans (BBR, FSL); 7) non-linear

registration to 2 mm MNI brain (Symmetric Normalization (SyN), ANTS); 8) scrubbing

(Power et al., 2012) - using a framewise displacement (FD) threshold of 0.5 mm,

scrubbed volumes were replaced with the mean of the neighbouring volumes. 9)

6mm full width at half maximum (FWHM) gaussian spatial smoothing (3dBlurInMask,

AFNI); 10) 0.01 to 0.08 Hz band-pass filtering (3dFourier, AFNI); 11) linear and

quadratic de-trending (3dDetrend, AFNI); 12) Voxelwise nuisance regression with the

6 realignment motion regressors and 3 tissue signal regressors (ventricles

(Freesurfer, eroded in 2 mm space), draining veins (DV) (FSL’s CSF minus

Freesurfer’s Ventricles, eroded in 1 mm space) and local white matter (WM) (FSL’s

WM minus Freesurfer’s subcortical grey matter (GM) structures, eroded in 2 mm

space). Regarding local WM regression, AFNI’s 3dLocalstat was used to calculate

the mean local WM time-series for each voxel, using a 25 mm radius sphere centred

on each voxel (Jo et al., 2010).

5.8.3 Functional connectivity (FC)

A functional atlas was used to separate the cerebral cortex into 100 regions of

interest (ROI) (Schaefer et al., 2018). We then estimated the FC between each pair

of ROIs by calculating a Pearson correlation coefficient between each pair of mean

signal ‘timecourses’ (representing fluctuations in neural activity over time). This

resulted in an FC matrix, with each element representing the connectivity strength

between a pair of ROIs. Positive values were retained and Fisher transformed to

z-scores. This procedure was repeated for each patient and scan (baseline,

follow-up).

5.8.4 Modularity

The FC matrices were used to summarise the community structure and segregation

of brain networks using a common Louvain-like community detection algorithm

(Blondel et al., 2008) where the objective is to maximise the extent to which brain

areas can be separated into non-overlapping communities or modules (Newman,
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2004). The modularity quality function score, (Newman, 2004, 2006; Newman &

Girvan, 2004), tends to be high when the brain exhibits a high segregation between

its functional networks (e.g., strong clusters of FC within brain

networks/communities with weak FC to the rest of the brain).

This approach has been commonly applied to fMRI data to characterise how brain

function adapts in a number of contexts (Bassett et al., 2011; Finc et al., 2020),

including in depression studies (Gong & He, 2015; Zheng et al., 2018). Here,

modularity, , (Mucha et al., 2010; Newman, 2004) was defined in the standard way𝑄

by:

,𝑄 =  1
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To allow valid comparisons between patients and scans, the modularity scores were

generated 100 times and the partition with the largest modularity score was

normalised by the mean modularity generated from 100 randomly rewired (shuffled)

FC matrices (Maslov & Sneppen, 2002). This common procedure was applied to

account for the non-deterministic and near-degenerate partitions (solutions with

differing but similar optimality) generated by Louvain algorithms and to account for

modularity scores relating to the total sum of FC within the network (Rubinov &

Sporns, 2011). This process was repeated independently for each patient and scan.
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5.8.5 Functional cartography

The community detection procedure generates a community assignment to each

ROI. We used these labels to determine the extent to which ROIs were recruited to

the functional network that they typically ‘belong to’, as defined by healthy adults

(e.g., DMN regions should reliably form communities with each other).

First, we created an allegiance matrix, , (Bassett et al., 2015; Mattar et al., 2015)𝑃

which represented the probability that two regions and were assigned to the same

community across the 100 iterations of the modularity algorithm, defined here as:

,𝑃
𝑖𝑗

 =  1
𝑂

𝑂=1

𝑂

∑ 𝑎
𝑖,𝑗
𝑘,𝑜

where as the number of partitions. For each partition, equals 1 if𝑂 = 100 𝑎
𝑖,𝑗
𝑘,𝑜

regions and belong to the same community.𝑖 𝑗

Using the allegiance matrix, we then calculated scores for each region that

summarised the extent that regions from the same functional network form

communities together (recruitment) or regions from two different systems form

communities together (integration) (Bassett et al., 2015; Mattar et al., 2015). These

functional cartography measures were then normalised against the mean values

from 1000 randomly shuffled ROI-network assignments to account for differences in

the number of regions in each network (Finc et al., 2020). Recruitment and

integration scores were then averaged at the network level using 7 predefined

cortical networks (Yeo et al., 2011).

5.8.6 Dynamic flexibility

A dynamic flexibility analysis was conducted in study 2 using a multilayer modularity

estimation (Lucas et al., 2016; Mucha et al., 2010). FC matrices were generated

from 30-volume sliding-windows (37.5 seconds of real-time) with 50% overlap
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resulting in a matrix for each patient and scan. This window size is typical𝑁 𝑥 𝑁 𝑥 𝑇

for estimating dynamic FC with fMRI (Leonardi & Van De Ville, 2015). Multilayer

modularity, , was estimated 100 times from each FC matrix by:𝑄
𝑀𝐿

𝑁 𝑥 𝑁 𝑥 𝑇
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null FC at layer . The two free and structural and temporal resolution𝑙 γ ω

parameters are used to scale the number of communities and strength of inter-layer

edges, respectively. As is typical for dynamic modularity fMRI analyses, both were

set to 1 (Finc et al., 2020; Harlalka et al., 2019; Mattar et al., 2015).

The multilayer modularity estimation generates an matrix where each element𝑁 𝑥 𝑇

represents the community assignment of each ROI at each layer (time-window).

From this, the flexibility metric, , can be simply calculated as the number of times𝑓

an ROI changes its community allegiance, given the number of observations (Mattar

et al., 2015):

𝑓
𝑖

= 1 −  1
𝑇−1

𝑙

𝑇−1

∑ δ 𝑐
𝑖𝑙

, 𝑐
𝑗𝑙+1( ),

Flexibility scores close to 0 represent rigid ROIs whose community allegiance is

stable across time, scores close to 1 represent flexible ROIs whose community

allegiance regularly changes (highly flexible).
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“If I have seen further it is by standing on the shoulders of Giants”

― Issac Newton
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Chapter 6: General Discussion

This chapter provides the opportunity to synthesise the main findings from the

research presented in this thesis. The first objective is to re-state the aims of the

thesis and evaluate the extent to which they align with the experimental findings.

From this, the main threads are drawn together to emphasise the novelty and

importance of the potential inferences this is research. Finally, these insights are

carried forward to a discussion of future directions that could expand on the present

findings and address the new questions that they raise.

The flexibly ordered brain: The adaptive sequencing of neurocognitive states.
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6.1 Synthesis and inference

This thesis investigated how human brain systems adapt to cognitive demand and

how these systems are implicated in recovery from depression. The aims of this

thesis were:

1 - To identify the brain systems associated with exogenous attention switching.

2 - To test how the brain optimises switching-cost demand by structuring behaviour.

3 - To test how cognitive control systems are implicated as patients with depression

respond to a psilocybin therapy clinical intervention.

The fMRI task activation analyses presented in Chapter 3 generated findings that

imply that a distributed network of brain regions respond to attention switching. In

contrast to what might be predicted by modular accounts of brain function,

activation increased in many regions of the brain that are considered to be part of

the multiple-demand (MD) network (Fedorenko et al., 2013). Activation increases

were observed in large portions of the anterior and lateral prefrontal cortex, anterior

insula and dorsal lateral parietal cortices. MD activation during cognitive demand

isn’t novel in itself. This finding is a further example that can be predicted from the

distributed functional network accounts of cognitive control (Duncan, 2013).

However, the finding that MD activation increased in a somewhat uniform manner

may be novel. This was not predicted either by the hierarchical accounts of frontal

lobe organisation (Badre & D’Esposito, 2007; Koechlin et al., 2003) nor was it fully

predicted by the MD account (Crittenden & Duncan, 2014; Duncan, 2013). There

was no evidence of frontal lobe activation fractionating as cognitive demand

increased. It is important to consider what this could represent given the reports of

activation fractionating as a function of cognitive demand during instruction based
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learning (IBL) (Hampshire et al., 2016; Mohr et al., 2016), working memory (Soreq et

al., 2019) and planning paradigms (Hampshire et al., 2013).

Despite the modest sample size, the paradigm did deliver robust differences in

terms of behavioural performance and functional activation. Moreover, these

differences were explainable by the cognitive demand that the switching events

presented. For example, the low-level perceptual switches were associated with

smaller switching-costs and weaker MD activation relative to the higher-order

updates to, targets, rules and stimuli sets. Subsequently, observing a uniform

activation increase across MD regions is unlikely to represent a false negative.

It could be argued that this novel paradigm places a relatively high cognitive

demand on the subjects. Switching events occurred on every trial and there was

little opportunity to predict the kinds of switches that would occur in the sequence.

This limits the extent to which cognitive demand can be mitigated through learning

as seen during IBL (Hampshire et al., 2016) or by structuring behaviour as seen in

Chapter 4 and during voluntary task switching (VTS) (Arrington & Logan, 2004,

2005). The task-set, or procedure, held in mind was being constantly updated. This

is a context of high cognitive demand and attention. Subsequently, these findings

could be considered explainable by the MD account of frontal lobe organisation

because the ‘entire’ MD system is predicted to be recruited under higher cognitive

demand (Crittenden & Duncan, 2014). Despite the experimental manipulations that

varied demand, it could be that all of the task events were in the ‘upper end of

cognitive demand and therefore all switches recruited most of the MD system.

Yet, this would not explain the lack of regional fractionation across the least or most

demanding switching events, even if all of the switches generated high demand. If

this is a reasonable assertion, then this underlines the potentially limited

generalisability of both of the hierarchical or MD models of frontal lobe organisation.

It is important to recognise this because these accounts seek to describe

fundamental properties of the frontal lobe’s functional organisation. Therefore, it is

173



reasonable to expect to observe evidence of their claims in all contexts that involve

frontal lobe function.

Beyond presenting a potential limitation of current frontal lobe models, there are

broader messages from Chapter 3. These findings reinforce the distributed network

properties of cognitive control. They imply that updating the representation of the

present context is an important property of brain function that requires the

synchronisation of many spatially distal regions, even when low-level perceptual

updates are required. These findings, therefore, challenge the notion that

task-switching is subserved by a specific region of aPFC, e.g., the frontal poles

(Koechlin et al., 1999).

A novel feature of Chapter 3 was the finding that switching-costs vary with cognitive

demand. The increased switching-cost and MD activation distinguished the

low-level perceptual switches from the higher-order abstract switches. From this, it

could be inferred that the abstract updates to rules and task-switching are more

costly because a greater reconfiguration of the attentional state is required. This

paints cognition as a hierarchical phenomenon whereby task representations are

built from fine-grained representations that are grouped by increasing levels of

abstraction. If so, a higher-order update to the representation may be costly due to

the drastic overhaul of the entire hierarchy; whereas, a ‘tweak’ to the low-order

mappings may be less costly as it may not necessitate a propagation throughout

the entire task representation.

Despite BOLD’s indirect measure of neural activity, it is reasonable to draw -

cautious - inferences which suggest that these high-level reconfigurations also

present a greater regional metabolic demand (Logothetis, 2008; Logothetis &

Wandell, 2004). Indeed, switching was accompanied by concurrent increases in MD

activation and decreases in DMN activation. These potentially opposing mixtures of

activation change would, therefore, make it difficult, and probably unreasonable, to

draw strong conclusions about changes to global metabolism. However, it can be
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argued that the metabolic demands of those MD regions were significantly greater

during high-level reconfiguration, vs low perceptual remapping.

Given that switching is so costly, it follows that it would be advantageous to define,

implement and refine behavioural routines that would minimise the cognitive

demand of switching when managing competing task demands. Daily life requires

the management of and switching between distinct competing goals. One could

randomly engage with these goals but this would likely result in a greater than

necessary amount of switching-cost and encourage inefficient modes of operation.

Alternatively, an extreme minimisation of switching could allow a single task to be

worked on to completion; however, this would be at the detriment to other tasks

and may prohibit the adaptation of goals and priorities to the changing

environmental demands.

Naturally, the efficiency of human behaviour will likely depend on the ability to

flexibly order task sequences: Ordering behavioural routines to minimise cognitive

demand but, at the same time, being flexible enough to adapt the routine by

evaluating one’s progress to the changing environmental demands. Understanding

impairments to either of these aspects has clear implications for various clinical

populations. For example, patients with obsessive compulsive disorder (OCD) can

fail to flexibly remap task rules during reversal learning (Chamberlain et al., 2008)

and patients with depression can exhibit hyperactive inwardly focused rumination

(Rolls, 2016).

Chapter 4 examined how the healthy adult brain adapts to novel demands as

behavioural routines are developed. This rare opportunity was afforded by the novel

self-ordered switching (SOS) paradigms that were designed by Dr Adam Hampshire.

The two SOS experiments allowed individuals to structure their behaviour whilst

managing and switching between, competing demands. Building on, and

replicating, the findings from Chapter 3, MD activation was not only predicted by

switching events but it varied over time in a manner that was consistent with

task-learning.
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It is fascinating to consider the concurrent optimisation of the brain and behaviour

as novel demands are practised. In most task fMRI experiments, the events are

strictly controlled meaning that individuals are reacting rather than deciding. While

this approach is valuable, the SOS paradigm is particularly novel as individuals

could behave as they saw fit.

As would be predicted from IBL experiments (Hampshire et al., 2016; Mohr et al.,

2016), individuals rapidly optimised their SOS behavioural performance in terms of

faster response speed. Trial response speed increased and switching-costs

decreased. Beyond this, there was evidence that behavioural routines became

increasingly structured as SOS was practised. The structuring of behaviour is likely

advantageous for multiple reasons. However, prior research has indicated that

switching-costs are diminished when switching-events are predictable (R. D. Rogers

& Monsell, 1995). In such cases, predictability follows from individuals observing the

patterns of events generated by the paradigm. In contrast, predictability in Chapter

4 likely increased as individuals solidified their behavioural routines as they found

their solutions.

Critically, the changes in MD activation that accompanied this learning process

dissociated the simple trials and demanding switching events. Practising the simple

visual discriminations on each trial was associated with ‘learning curves’ that have

been observed in IBL experiments (Hampshire et al., 2016, 2019; Mohr et al., 2016)

with MD activation decreasing with practice. Intriguingly, the opposite trend was

observed for switching events as MD activation increased with practice.

Together, this may indicate a novel insight into learning and the brain’s adaptation of

behaviour. As recognised in Chapter 3, task-switching is costly and particularly

when the switch involves updates that are higher-order and abstract. The results

from Chapter 4 may reflect an ability to rapidly learn and automate the low-level

elements of a relatively complex behavioural routine (stimulus-response mappings

of simple visual discriminations, in this case). This process may reflect a mechanism
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of adaptive resource reallocation whereby the automation of the behavioural

routine’s simple elements effectively ‘frees-up’ resources toward the higher-order

aspects relating to the overall strategy and performance of the current routine. In the

SOS case, this would relate to deciding the optimal combinations of when and

which switches to perform. Indeed, those who developed behavioural routines that

were more structured exhibited greater adaptation of MD activation and were more

successful at the task overall.

Evidence of the brain’s flexible adaptation was also observed in the functional

connectivity (FC) analyses. Here, a striking distinction between the two studies was

revealed. The generalised psychophysiological interaction (gPPI) FC measure used

here has the advantage of capturing task-dependent changes in FC that are over

and above the intrinsic FC. When SOS was practised after minimal training, making

a trial response was associated with increased FC between many regions with

higher-order network associations. The increase over time was linked to practise

effects as changes in FC strength co-varied with increases in response speed.

Taken together, this shift toward a state of increased connectivity and decreased

activation reveals an interesting relationship between attentional states and learning.

A similar observation has been made with working memory change detection

paradigms (Soreq et al., 2019). Here, the encoding and maintenance of information

are associated with widespread activation that attenuates as FC patterns emerge.

Critically, these patterns are specific enough to reliably decode the type and amount

of information being maintained (Soreq et al., 2019).

In Chapter 4, the adaptation in FC and concurrent optimisation of behaviour was

specific to study 1. It is reasonable to consider this as an interesting neurocognitive

feature because individuals in study 1 were performing SOS in the scanner after

minimal training and were exposed to feedback. This was in contrast to study 2

where individuals performed SOS in the scanner after more robust pretraining and

without feedback. Subsequently, there was a greater opportunity for in-task learning

in study 1. Moreover, individuals in study 2 likely went in the scanner with a known
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behavioural routine that remained stable over time (given the lack of in-task

feedback). In support of this, response speed was faster and behavioural routines

were significantly more structured in study 2 but response speed increased at a

greater rate in study 1.

At first glance, the widespread FC effects observed in study 1 could be interpreted

to reflect signal drift. It is common in fMRI data to observe linear trends that result

from interactions between the temperature dependency of the magnetic field

strength and heat being generated from hardware rapidly switching gradients during

EPI acquisition (Foerster et al., 2005). However, this is an unlikely explanation of the

between-study difference for multiple reasons. Detrending steps were taken during

the data preprocessing and both studies were conducted on the same scanner and

for the same period of time. Moreover, bidirectional effects were observed in the

activation analyses and these were consistent with the system those regions belong

to and also specific to the event type (e.g., trial vs switch).

Taken together, Chapter 4 demonstrates a concurrent optimisation of the brain and

behaviour. The findings imply that the brain can adapt via learning and behavioural

structuring to minimise cognitive demand with the outcome of improved behavioural

performance. The lateral frontoparietal MD systems activated in response to

cognitive demand but their markers of activation and FC varied with practise as

simple processes, or components, within a complex task were learnt. This process

may represent a general neurocognitive feature that has the benefit of minimizing

switching-costs required for adapting to and simultaneously managing multiple

tasks.

The self-ordered behaviour observed in Chapter 4 presented an interesting

opportunity to consider variability across healthy individuals. Successfully

performing the SOS could be achieved via a myriad of routines. Hypothetically, an

individual could switch on every trial and score many points. If consistently

performed, this would be represented by a simple repeating loop that may result in

a highly structured routine. However, this procedure would likely impose a high and
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sustained cognitive demand given the high frequency of switching events. Instead,

the top-performing individuals opted to minimise switch frequency by grouping

consecutive trials within each task and rule. Such a procedure may be more

complex than simply switching on every trial; however, this approach appears to be

effective in minimising cognitive demand as these novel routines were amenable to

learning.

Furthermore, those top performers showed a greater adaptation to the task

demands, in terms of activation of connectivity of higher-order functional networks.

These individual differences in neurocognitive flexibility may present an interesting

opportunity to gain insight into clinical populations; however, it can be challenging

for patients to perform cognitive tasks in the scanner. Moreover, if the aim were to

assess how brain function adapts to clinical intervention, it can be challenging to

avoid task-learning confounds (Zhang et al., 2021).

Chapter 5 took the opportunity of a clinical context to build upon the inferences

made thus far regarding neurocognitive flexibility. The findings presented in chapters

3 and 4 shed some light on how higher-order systems adapt to optimise behaviour.

Arguably, cognitive rigidity is a salient feature of depression (Beck & Clark, 1988;

Grahek et al., 2018) and patients can exhibit impaired attention switching abilities

(Meiran et al., 2011; Wilkinson & Goodyer, 2006). Mirroring this, functional

abnormalities of the higher-order networks have been associated with the cognitive

flexibility that is observed in patients with depression (Goodman et al., 2021;

Hamilton et al., 2011).

The recent observations made from Dr Robin Carhart-Harris’ psilocybin for

depression trials (Carhart-Harris et al., 2016, 2021) provided a rare opportunity to

examine the changes in brain function that accompany the alleviation of patients’

depression symptoms. Admittedly, there were no healthy controls to establish

whether patients’ brain function was abnormal at baseline. However, the changes in

the brain’s functional organisation that followed psilocybin therapy followed a
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trajectory that was indicative of normal brain functioning. Indeed, these changes

also co-varied with the long-term treatment responses.

From a global perspective, psilocybin therapy was followed by a decrease in

network modularity which implies an increase in between-network integration. In

these trials, the fMRI recordings weren’t captured during the acute action of

psilocybin. Instead, they were captured before and the day after (study 1) or three

weeks after (study 2) the psilocybin therapy intervention.

The global decrease in modularity observed here appears to represent a ‘carry-over’

effect, an echo of the acute effect, perhaps. The acute action of psychedelics, such

as psilocybin, pushes brain function toward a labile state defined by heightened

integration and flexibility (Carhart-Harris & Friston, 2019). This state is markedly

different from typical healthy brain function (Carhart-Harris et al., 2012). Moreover,

the psychedelic state could be argued as the polar opposite of the functional regime

of depression as is implied by the observations of heightened between-network

segregation (Wei et al., 2017; Ye et al., 2015) and reduced dynamic flexibility

(Goodman et al., 2021), relative to healthy controls.

The two studies in Chapter 5 associated the rapid, substantial and sustained

treatment response of psilocybin to greater increases between-network integration.

The shared variance in patient outcomes with changes in network modularity

suggests that this composite measure of the brain’s functional organisation is

clinically relevant. However, it was advantageous to delve deeper and address

whether this global shift was underpinned by a general shift in brain networks or

was specific to certain functional systems.

There are multiple converging lines of enquiry that made it logical to predict that the

brain’s higher-order systems would feature in this finer-grained enquiry. The set of

lateral frontoparietal networks (including the MD network) and the DMN express the

greatest density of psilocybin’s principal site of serotonergic action, the 5HT-2A

receptor (Beliveau et al., 2020). Furthermore, these systems are tightly associated
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with cognitive control abilities (Duncan, 2013; Soreq et al., 2021) and can function

abnormally in depression (Beevers, 2005; Ellard et al., 2018; Lydon-Staley et al.,

2019). Moreover, evidence from Chapters 3 and 4 indicate that these systems

flexibly adapt to changing environmental demands and that their flexibility is

associated with the ability to efficiently self-organise behaviour.

Subsequently, the functional cartography findings were predictable and

interpretable. In particular, hyperactive DMN functioning has been associated in

rumination in depression patients (Hamilton et al., 2011). The day after psilocybin

therapy within-DMN, FC had significantly weakened and between-network

connectivity between the DMN and lateral frontoparietal higher-order systems

increased. Admittedly, these more specific markers were not replicated in study 2;

however, this may result from differences in the study protocols as the

post-psilocybin scan was at three weeks in study 2. Study 2 also used a different

fMRI protocol that allowed for twice as many volumes to be acquired. This afforded

the dynamic sliding-window analysis in study 2 that also implicated the MD

(executive) network via an increase in dynamic flexibility which correlated with

improved patient outcomes.

Taken together, replicating the global reduction in network modularity and the

converging findings from the cartography analyses indicate that an increase in the

integration and flexibility of the brain’s functional networks may underlie the

psilocybin treatment response in patients with depression. It could be argued that

these markers imply a healthy shift in the sequencing of neurocognitive states. For

example, if a healthy control group was available, it would be reasonable to predict

that the significant differences at baseline would be attenuated following the

intervention.
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6.2 Future directions

This investigation has presented many further avenues to explore. I am at wonder

with our ability to generate in vivo neuroimaging data. The scale at which these data

are being acquired is unprecedented. As alluded to in the introduction chapter,

neuroimaging research is rapidly advancing and our understanding of how best to

use this technology to yield insights on brain function are maturing. Concurrently,

improvements in MR hardware to boost sampling frequency and SNR are being met

with advances in computational power and data modelling.

While these advances are promising, it is the interpretation of these data that may

present the biggest challenge. Continued interdisciplinary efforts that bridge

philosophy, psychology, cognitive science and the neurosciences are required to

develop our conceptual frameworks of the brain and mind. This should aid the field

to design experiments that ask questions that generate clearer insights. For

example, the move away from the early modular zeitgeist to the current epoch of

dynamic network perspectives on brain function seems to be entirely the correct

direction.

Looking forward, I anticipate that the short-to-medium term objectives will relate to

refining the data modelling approaches. Ideally, it will be possible to capture precise

mechanistic descriptions that govern the sequences of neurocognitive states

involved in the brain’s self-organization principles and how these adapt whilst

interacting with the environment. To this end, the dynamic approaches to modelling

neuroimaging data are particularly exciting. However, these may require further

development and will become more viable as MR temporal resolution and SNR

increase.

In the long term, the central challenge to neuroimaging will be whether individuals

can be characterised in a specific manner. It is reasonable to assume that it will be

possible, one day, to infer the appropriate course of action for a psychiatric patient

182



after a conventional brain scan. The increasing interest in the dense-sampling of

individuals may present an avenue toward this end.

Concerning the research presented in this thesis, I believe that there is a clear need

to develop paradigms that capture naturalistic behaviours. A limitation of many

paradigms in use today is that they are designed to repeatedly measure a process in

isolation over a 5-20 minute period. It is difficult to conjure up a real-world scenario

that this would closely relate to. Even during repetitive monotonous work, people

strategize, strike up conversations or daydream. It is the case that repetitive, or

contrived, aspects of in-scanner paradigms are a deliberate consequence of the

poor SNR of fMRI meaning that many measurements are required to achieve a

requisite amount of statistical certainty. It is also the case that these paradigms will

continue to generate useful insight into brain function.

However, future experimenters should consider incorporating elements of

self-ordered behaviours into their fMRI paradigms. Ecological validity will always be

an issue when it comes to the inferences that can be made from psychological and

cognitive research involving humans in controlled environments. It’s like performing

chemistry with dirty test tubes. However, the ability to navigate the varying demands

of daily life likely represents an important handle on mental health and well-being.

Dr Adam Hampshire’s SOS paradigm that was featured in Chapter 4 demonstrates

that it is possible to capture meaningful insight when individuals perform tasks in a

relatively free manner. To my knowledge, the SOS paradigm is unique in this

respect. Further research should be conducted to capture how people self-order

their behaviour particularly in contexts like the SOS where the problem space

exhibits a near-degeneracy with many possible solutions that result in similar

outcomes.

It will be illuminating to explore self-ordered behaviours within clinical populations

and cluster these data to identify sub-types of maladaptive behaviour. It would be

useful to capture how individuals strategize their behaviour and make use of their

cognitive resources within naturalistic contexts. This could, potentially, be achieved
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by setting errands for a subject to complete at the home or within a virtual context.

Identifying these maladaptive features could be useful for artificial intelligence (AI)

assisted healthcare. For example, daily routines for at-home patients could be

tailor-made to avoid the impact of the cognitive control impairments associated with

their clinical status.

A limitation of the cross-sectional studies presented here is that variation between

individuals could result from fluctuations in well-being or motivation. Even in healthy

adults, factors such as sleep, caffeination, stress and blood sugar influence

cognitive ability and the brain’s haemodynamics. Capturing individual fluctuations in

initiatives such as the myConnectome project and the Midnight Scan Club has

generated an exciting new research avenue toward this end. A holistic

dense-sampling approach to research may become an important alternative to the

group average perspectives on data modelling. There may even be scope for

developing subject-specific models of changes to the brain’s functional organisation

over various timescales.

Perhaps there are “rhythms” to the brain and cognitive ability, in the sense that there

are natural variations that occur over weeks and months. At the peaks and troughs

of these fluctuations, you may find differences in network organisation, cognitive

ability and well-being. Cross-sectional comparisons aren’t well-equipped to deliver

insights in this case. However, dense-sampling approaches could be used to track

these macro-fluctuations and observe whether the frequency of these changes

varies between healthy adults and across patient cohorts. In Chapter 5, there was

evidence to suggest the fMRI data acquired after the intervention could be used to

predict the long-term treatment response. Similarly, it would be interesting to

consider if a dense-sampling approach could be used to predict the likelihood of a

future decline in well-being and clinical status. A proactive warning of upcoming

declines in well-being would be a game-changer for the treatment of disorders

including depression and schizophrenia.
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The psilocybin for depression trials suggests that there is a great potential for

psychedelic therapies. It will be important for these clinical trials to progress to

phase 3 trials where larger numbers of patients can be evaluated. One of the

challenges of brain imaging research is the large statistical spaces they can

generate. Subsequently, it can be advantageous to use composite scores that can

elegantly capture a useful and reliable index of the brain’s functional organisation.

Graph theoretical measures, such as network modularity and others, have the

potential utility for making neuroimaging analyses of larger-scale clinical trials more

tractable.

Many open questions relate to the action of psychedelics on brain function.

Arguably, there is a need for the field to make up for the time lost to misinformed

political climates. As mentioned, large-scale clinical trials are the next frontier.

However, the findings from this thesis suggest that it may be informative to

incorporate direct assessments of cognitive control into future trials. Concerning

depression, it would be reasonable to predict that some of the cognitive deficits

observed at baseline would attenuate following psilocybin therapy. For example, it

would be reasonable to predict greater switching-costs at baseline, in comparison

to controls. Moreover, it could be predicted that individual differences in treatment

responses would correspond to a greater reduction in switching-costs. This

potential evidence of increased cognitive flexibility would neatly build upon the

increases in network flexibility that was identified in Chapter 5. The challenge would

be developing operationally simple paradigms that can be performed multiple times

by patient cohorts without the potentially confounding effects of difficulty or

learning.

There are other open questions relating to the specificity of psilocybin and other

psychedelic therapies. Arguably, the recent proliferation of psychedelic research

suggests that the greatest potential lies in those “internalising” disorders such as

addiction, anxiety, depression, eating disorders and OCD. These disorders exhibit

symptomatic features relating to rigid thought patterns and repetitive behaviours.

Further work is required to determine the validity of this transdiagnostic potential.
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While the serotonin hypothesis of depression is not baseless, it may portray an

overly simplistic picture of brain function and well-being. The mediocre efficacy of

conventional antidepressants does not do much to support the notion that

increasing serotonin availability is sufficient for treating depression. There are likely

many other contextual factors that modulate well-being including diet, sleep quality,

exercise and being embedded within a nurturing social context.

One future direction of research is to explore if non-pharmacological approaches

could also encourage flexible brain function in a manner that improves patient

well-being. It is interesting to consider whether exposing patients to new and

stimulating experiences, that may come with travel, skill learning or with acquiring

more fulfilling employment, could positively influence patient well-being. The

logistics of this would be prohibitive due to the individualised need and would

require an “empirical life coach”, perhaps. However, a dense-sampling clinical

approach could be taken. Here, focused questions could be addressed. For

example, it could be asked how brain dynamics and mood fluctuate over weeks

with and without periods of intensive aerobic exercise, meditation or in relation to

sleep quality.

Could “healthy” brain dynamics be trained? Closed-loop neurofeedback paradigms

could be used to train individuals to express certain functional dynamics, such as

functional state-spaces that are broad and flexible. It could be useful to incorporate

elements of attention switching into the paradigm. Given the symptomatic profile of

depression, learning to recognise and override maladaptive rumination is a common

aim of cognitive behavioural therapy (CBT). Could CBT be enhanced with real-time

neurofeedback? In theory, markers of the individual's current focus of attention

could be developed to crudely represent periods of “external” or “internal” focus.

From this, the proportion of time in each state could be monitored and it would be

interesting to ask whether transitions could be encouraged. Could this kind of

‘flexible dynamics training’ decrease the probability of maladaptive rumination in

depression?
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On a theoretical level, there is the potential to develop models that characterize

clinical disorders by the brain’s functional dynamics. Given the current

understanding, it may be reasonable to consider a continuum of clinical disorders

with ‘hyper-stability’ on the one end and ‘hyper-flexibility’ on the other. Healthy

adults, for example, would be placed in the middle with optimal metastability, e.g., a

mixture of stability and flexibility. Patient cohorts suffering from cognitive rigidity

(e.g., Anxiety, ASD, Depression, OCD) would place on in a hyper-stable region. In

contrast, cohorts with attention deficits and/or impaired belief updating, such as in

ADHD or Schizophrenia, where maintaining stable focused attentional states is

challenging, would place on the hyper-flexible region. The brain under the acute

action of psychedelics would be placed on the extreme edge of hyper-flexibility.

Clearly, this continuum is conjecture and would require extensive empirical

investigation. However, this theoretical model may be useful as it would imply that

psychedelics have utility for patient cohorts in the hyper-stable region because they

nudge brain function toward the hyper-flexible region. It would also predict that

psychedelic therapies would not be effective for patient cohorts that are situated in

the hyper-flexible region.
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6.3 Conclusion

In conclusion, this thesis provides novel insight into the nature of cognitive control.

The extraordinary ability to rapidly structure thoughts and behaviour is critical for

successfully navigating the varied and unpredictable demands of daily life. Yet, our

understanding of these mechanisms is incomplete. Cognitive control and

task-switching are supported by a broad network of brain regions that rapidly form

coactivating coalitions to process information and generate context-dependent

routines to meet novel overarching goals. These neurocognitive mechanisms are

complex but this research suggests that it is beneficial for higher-order systems to

behave dynamically and flexibly. The flexible ordering of neurocognitive states

appears to be an important feature of intelligent behaviour and well-being.
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“Emancipate yourself from the idea of a celestial dictatorship and you have taken the

first step to becoming free.”

― Christopher Hitchens
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