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Abstract

Complex alterations in brain function and neurochemistry underlie pathology
and treatment in multiple neuropsychiatric disorders, yet remain incompletely
characterised. This thesis outlines possibilities for human neuroimaging
techniques sensitive to spontaneous fluctuations in large-scale neurobiological
signalling, or ‘resting-state network (RSN) functional connectivity’, to address
such knowledge gaps.

Novel RSN-sensitive analysis approaches to functional magnetic
resonance imaging data are introduced. These techniques are then evaluated
experimentally, in contexts relevant for maladaptive cognitive and motivational
processing, for their utility to identify and characterise systems-level signatures
of individual differences in neurochemistry and psychopharmacological
responsiveness.

Firstly, RSN functional connectivity measures are investigated in the
context of pharmacological intervention with nicotine replacement therapy in
habitual smokers. Results identify connectivity between executive control and
‘default mode’ RSNs as a neural signature of pharmacotherapeutic efficacy in
treating cognitive symptoms of nicotine withdrawal. Secondly, RSN connectivity
is investigated alongside specific neuroreceptor-sensitive measures to
investigate the extent to which network connectivity patterns reflect
fundamental neurobiology in healthy subjects. Individual differences in
dopamine D3 receptor availability - a possible marker for reward-related
behaviours - are associated with topographic connectivity signatures within
RSNs implicated in cognitive and motivational control. Thirdly, the ability of RSN
metrics to characterise distinct neurochemical manipulations is tested in healthy
subjects. Dopamine agonistic and antagonistic neuromodulations display
differential effects on signalling in cortico-subcortical and cortico-cortical
reward circuitry and interact selectively with subject impulsivity. Finally, RSN
cortico-subcortical connectivity metrics are investigated for their sensitivity to
clinical-pharmacological effects in Parkinson’s disease. Results reveal evidence
for both compensatory large-scale network mechanisms and ‘non-normalising’

dopaminergic medication effects in patients.



Overall, findings indicate novel systems-level neuroimaging methodology
probing interactions within and between RSNs to provide sensitive, biologically
plausible markers for behavioural and neuropharmacological characteristics of
neuropsychiatric disorders. Continued development of functional network
analysis approaches may facilitate their direct application to clinical and drug

development domains.
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Chapter 1 - General introduction

1.1 - Theoretical background

The human brain possesses seemingly unrivalled biological and computational
complexity. This inherent quality is manifest across multiple, intricately
organised and interacting scales: from the genetic level, via molecular and
cellular levels, up to microscopic and macroscopic levels of neuronal arrays and
large-scale networks of neural systems. Yet, at each level of biological complexity
the brain is prone to dysfunction, for example, in various forms of neurological
and psychiatric disease. Thus, despite the difficulties facing comprehensive study
of this highly evolved organ, the importance of such knowledge for answering
key questions of cognition and behaviour, clinical diagnosis, treatment efficacy
and prognosis in neuropsychiatric diseases continues to motivate the
achievements of researchers in multiple neuroscientific fields, addressing
different scales of brain complexity. The result of this is that, in steady strides
over the past decades, significant advances have been made in our
understanding of the function and dysfunction of distributed regions and
networks within this tightly packed, but highly organised, bundle of matter.
Arguably, this task has begun to appear a great deal more achievable in recent
years due to the advent and continuous refinement of functional neuroimaging

techniques.
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1.1.1 - Systems-level imaging of the brain: a valuable neuroscientific approach

Conceivably, one of the most promising and, currently, most widely used
technique for understanding how the human brain operates is functional
magnetic resonance imaging (FMRI) with acquisition sequences sensitive to
blood-oxygenation level-dependent (BOLD) contrast. First developed by Ogawa
and colleagues (Ogawa et al., 1990), the BOLD FMRI technique uses gradient-
echo planar imaging (EPI) sensitive to the deoxygenation of haemoglobin and, by
association, the oxygen consumption and energy demands of neuronal
populations. It thus provides a comparative, though indirect, measure of the
ensemble activity of these populations. Although insufficient to inform direct
neuronal interpretations, the effective convergence of high spatial and
reasonably high temporal resolutions of measurements achievable with FMRI
fuels the popularity of this method as a means of testing hypotheses about
specialisation of function in the brain (as summarised in a number of excellent
texts, e.g., Jezzard et al, 2001; Huettel et al, 2004). To date, this has been
achieved chiefly through model-based analyses and statistical contrasts testing
the proportion of BOLD signal change across various task and ‘baseline’
conditions. Historically, this approach has been used largely to inform theories of
‘functional localisation’, the spatial segregation across distinct brain regions of
specific psychological functions, often with the aim of teasing apart the
differential coding of mechanistically related concepts such as face and object
perception (Kanwisher et al., 1997), visual and auditory linguistic perception
(Dehaene et al., 2002) or comparatively high-level cognitive functions related,
for example, to the processing of reward and affective information (e.g.,

O'Doherty et al., 2003; Behrens et al., 2008).
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Within this classical BOLD FMRI approach, brain activity evoked during
cognitive or behavioural task paradigms typically has been assumed, for analysis
purposes, to conform to a strict temporal model (i.e., an experimenter-derived
notion of how functional brain circuitry should activate selectively - above a
given statistical threshold - to a given experimental manipulation, rather than a
data-driven observation of how different aspects of ongoing activity within this
neurocircuitry are perturbed during environmental or state changes). More
recently, however, the ability to identify and quantify the temporal synchronicity
of activity between BOLD signalling in distributed brain regions has also been
recognised. Correlated dynamic signals across spatially distinct neuroanatomical
areas are important because they mirror an inherent phenomenon of complex
neural systems, known as “functional connectivity” (Gerstein and Perkel, 1969;
Dickson and Gerstein, 1974; Varela et al, 2001; Friston, 2011). In line with
principles of neuroplasticity (e.g., those advocated by Hebbian learning theory;
Hebb, 1949), patterns of functional connectivity operating across multiple time
scales observed using different measures of brain activity, including BOLD FMRI,
are thought to reflect distinct neuronal populations activating with a common
functional purpose and, potentially, the variability in their inter-regional
communication strength (Dickson and Gerstein, 1974; Gevins et al, 1985;
Ahissar et al,, 1992; Horwitz et al., 1992; Friston et al., 1993; Biswal et al., 1995;
Cordes et al.,, 2000; Buzsaki and Draguhn, 2004).

Functional connectivity analysis techniques have been applied
successfully to FMRI data from studies incorporating cognitive-behavioural task
models, for which they provide additional information to ‘traditional’ activation-

based approaches about network-level processes altering in line with such
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models (e.g., Friston et al, 1997; Bokde et al., 2001; Hampson et al., 2002).
Despite this, it is arguable that their greatest practical utility may be found in the
investigation of task-independent, or “resting-state” BOLD fluctuations (Fox and
Raichle, 2007; Fox and Greicius, 2010; Murphy and Mackay, 2011). Since the
original discovery of Biswal and colleagues (Biswal et al., 1995) that systems-
level functional connectivity phenomena can be identified from BOLD data
spontaneously (i.e., without overt experimental stimulation), it has become
increasingly clear that resting-state investigations can provide useful
complementary conceptual information about the human neural functional
architecture to that made available by traditional task-based approaches and,
further, that they may be more directly ‘translatable’ to numerous ‘real-world’
applications in clinical and drug development domains (e.g., Greicius et al., 2004;
Fox and Raichle, 2007; Castellanos et al., 2008; Fleisher et al., 2009; Varoquaux
et al.,, 2010; Murphy and Mackay, 2011; Khalili-Mahani et al., 2012).

While task-based approaches to FMRI require the assumption that the
underlying neural activity of interest conforms to a strict temporal model, many
studies assessing functional connectivity (during both tasks and the resting
state) restrict their hypotheses to strict spatial models (e.g., “seed-based
correlation analysis”; SCA; see section 2.1.2). However, these temporal and
spatial signatures may not reflect fully the patterns of brain activity and
connectivity that characterise clinically relevant functional and dysfunctional
neural modifications, for example those initiated pharmacologically (Greicius,
2008; Schleim and Roiser, 2009; Murphy and Mackay, 2011). In contrast,
multivariate, model-free analysis methods (e.g., “independent component

analysis”; ICA; see section 2.1.3) applied to resting-state FMRI data allow the
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simultaneous measurement and assessment of multiple, large-scale, functional
dynamic systems in the human brain, without the need to impose overly
restrictive prior assumptions on the analysis regarding the anatomy or dynamics
of pathological or pharmacological effects on said systems (Beckmann et al,
2005; Smith et al, 2009, 2012a). In the context of neuropsychiatric or
psychopharmacological applications, it is particularly difficult to impose prior
specifications about expected changes in the spatio-temporal patterns of brain
activity accompanying, for example, symptom improvements following acute or
longitudinal medical or experimental interventions. Therefore, combined
resting-state network and model-free analysis approaches may be more
appropriate than task- and model-based alternatives for probing brain activity in
these unrestricted domains. In this thesis, therefore, these approaches are
applied in a number of related contexts and evaluated in terms of both their

benefits and limitations.

1.1.2 - Validation of systems-level functional connectivity metrics

With the benefits such as those introduced in the previous section in mind, an
increasing number of researchers have begun to include resting-state functional
connectivity techniques as standard parts of their testing batteries. However,
these methods are not without their criticisms. The lack of a priori models
describing the temporal characteristics of resting-state FMRI data renders them
fundamentally uncontrolled and, in the absence of any experimental
intervention, difficult to interpret in terms relevant for cognition and behaviour.
One initial and influential critique focussed heavily on debating the value of

affording a “special status” to brain activity measured in the resting state, in
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particular contesting the idea that such measures could reflect a ‘baseline’ of
brain function (Morcom and Fletcher, 2007; although for responses highlighting
how this critique is, in part, misdirected, see Buckner and Vincent, 2007; Raichle
and Snyder, 2007). Fortunately, consistent observations that the spatial
organisation of spontaneous activity strongly mirrors that of task-evoked
activity (as measured using BOLD FMRI) somewhat negates these criticisms and
allows the neuroimaging community to refocus their attention on the potential
(e.g., clinical and pharmacological) applications of these novel, systems-level
techniques (e.g., Fox and Raichle, 2007; Poldrack et al., 2009; Smith et al., 2009;
Northoff et al., 2010a; Van Dijk et al., 2010; see also section 1.2).

The burgeoning interest and increased confidence in resting-state
functional connectivity techniques is, in part, exemplified by the recent creation
of a “Brain Connectivity” journal (Pawela and Biswal, 2011). In the opening issue
of this publication, it was highlighted by Friston that functional connectivity
FMRI measures historically have been (and still are) interpreted widely and
inaccurately as reflecting ‘coupling’ between neuronal populations (Friston,
2011). Although the correlations between measures extracted from FMRI are
likely to reflect multiple sources of signal variation, separate from the ‘true’
coupling association between the activity time series of two (or more) neuronal
populations, a number of statistical techniques put forward recently show
promise in teasing these factors apart (Christova et al., 2011; Friston et al,, 2011;
Smith et al, 2011). Furthermore, there is compelling evidence from rodent
optogenetic FMRI that changes in the correlation between BOLD signals in
spatially distinct brain regions do indeed approximate measures of altered

functional coupling, within thalamocortical pathways that are known from
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neurophysiological studies to be key pathways of oscillatory coupling
interactions influencing (in this case motor) function (Lee et al., 2010). In fact,
this optogenetic study by Lee and colleagues has provided a crucial validation of
functional connectivity metrics as measured using BOLD FMR], indicating that

the mechanisms they represent are fundamentally neuronal in nature.

1.2 - Resting-state networks (RSNs)

Through the application of resting-state FMRI methods!, a characteristic set of
co-activating functional networks (see, e.g., Fig. 1.1) is found consistently across
subjects (Beckmann et al., 2005; Damoiseaux et al., 2006; De Luca et al,, 2006;
Fox and Raichle, 2007; Smith et al., 2009), imaging centres and hardware (Biswal
et al.,, 2010), stages of cognitive development (Fair et al., 2007; Fransson et al,,
2007; Doria et al,, 2010) and, to some extent, across degrees of consciousness
(Boly et al.,, 2008; Greicius et al., 2008) and across species (Vincent et al., 2007;
Hutchison et al.,, 2010, 2012; Mantini et al, 2011; Lu et al, 2012). Moreover,
connectivity within individual networks has been shown to be heritable (Glahn
et al., 2010) and altered resting (and stimulus-guided) functioning of large-scale
systems has been found in correlation with individual differences in behavioural
performance (Fox et al., 2007; Kelly et al., 2008), as well as in neuropsychiatric
disease (e.g., Greicius et al., 2004; Castellanos et al., 2008; Di Martino et al., 2009;
Seeley et al., 2009) and under pharmacological manipulation (Anand et al., 2005;
Hong et al,, 2009; Kelly et al., 2009; Khalili-Mahani et al., 2012). As with other

functional connectivity phenomena and in line with Hebbian learning principles

1Portions of this section are adapted from a related publication: Cole DM, Smith SM, Beckmann
CF (2010a) Advances and pitfalls in the analysis and interpretation of resting-state FMRI data.
Front Syst Neurosci 4:8.
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(Hebb, 1949), co-activation within these networks is purported to reflect the
spontaneous energy demands of activity within neuron populations that, via
‘firing’ together with a common functional purpose, have subsequently ‘wired’
together through synaptic plasticity (e.g., Bi and Poo, 1999, 2001; Saini et al,,
2004; Raichle and Mintun, 2006; Lewis et al, 2009). There is, therefore,
compelling evidence for these systems, widely referred to as “resting-state”
networks (RSNs; Greicius et al., 2003; Beckmann et al.,, 2005; De Luca et al,
2006), or in some cases “intrinsic connectivity networks” (e.g., Seeley et al,
2007), as core functional networks in the mammalian brain. Within this thesis
these large-scale functional brain networks, where appropriate, are referred to
as “RSNs”. This nomenclature choice is not intended to imply that the patterns of
activity and connectivity observed in this state are fundamentally ‘special’, or
even functionally distinct from those modulated during traditional task-based
paradigms (thus circumventing some of the criticisms levelled by Morcom and
Fletcher, 2007). The intention is merely to imply that the resting state may be a
useful context in which to observe and investigate these systems. Indeed, the co-
activating networks identified consistently in analyses of resting-state FMRI data
are compatible spatially with each of the major distinct brain systems that have
been identified using functional imaging methods across a huge number of
cognitive and behavioural tasks (Smith et al., 2009; see also section 1.4.1 and Fig.

1.2).
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Figure 1.1. Eight of the most common and consistent RSNs identified by ICA: A) RSN
located in primary visual cortex; B) extrastriate visual cortex; C) auditory and other
sensory association cortices, including portions of bilateral insula and anterior/mid-
cingulate; D) the somatomotor cortex; E) the ‘default mode’ network (DMN), involved in
episodic memory processes and self-referential mental representations and, conversely,
deactivated during demanding cognitive tasks requiring the externalisation of
attentional focus; F) a prefrontal network implicated in executive control and salience
processing; and G and H) two right- and left-lateralised frontoparietal RSNs spatially
similar to the bilateral dorsal attention network and implicated in working memory and
cognitive attentional processes (for further details, see Beckmann et al., 2005). Three-
dimensional slice co-ordinates relative to the anterior commissure are provided in
MNI152 stereotactic space (Montreal Neurological Institute, Canada). Regions showing
positive association with the characteristic RSN time course are shown in red-yellow
colouring; negative temporal RSN associations in blue-cyan. R = right hemisphere, L =
left; in all Figures, brain images are presented in line with radiological convention.

In accordance with the rapidly increasing interest in resting-state FMRI research,
a number of analysis techniques have been developed with the aim of probing
RSNs in BOLD data (reviewed in Chapter 2). The majority of analysis approaches
used thus far have been spatially model-driven, with strong a priori hypotheses

regarding the functional connectivity of specific regions of interest (ROIs), or
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individual voxel locations of interest, within the imaged brain. Recently,
however, a great deal of attention has been focused on the patterns of
connectivity between multiple ROIs within spatially distributed, large-scale
networks - RSNs. RSNs can be identified via both model-driven (e.g., seed-based
correlation analysis; SCA; Biswal et al., 1995; Greicius et al., 2003; Fox et al,,
2005; see also section 2.1.2) and data-driven analyses (e.g., independent
component analysis; ICA; McKeown et al., 1998; Kiviniemi et al., 2003; Beckmann
et al., 2005; see also section 2.1.3). There is evidence that they can be reliably and
reproducibly detected at individual subject and group levels across a range of
analysis techniques (Greicius et al., 2004; Damoiseaux et al., 2006; Shehzad et al,,
2009; Zuo et al,, 2010a, 2010b). However, different approaches do often provide
varying, though complementary, information about the spatio-temporal
characteristics of these networks (see, e.g.,, Chapter 2). Moreover, the ‘ideal’
approach for characterising RSNs tends to depend on the specific questions
researchers wish to ask of the data.

This thesis probes the general hypothesis that methods sensitive to large-
scale network functional connectivity, in the resting state, may be useful for
assessing the systems-level neural implications of underlying neurochemical and
psychopharmacological mechanisms. Such contexts and their extensions to
combined investigation with clinically relevant questions are relatively under-
researched application areas for these methods. Of particular novel interest here
is the question of whether or not RSNs can be modulated in ways relevant for
neuropsychiatric diseases associated with aberrant reward, motivation and
cognitive control processes, such as addiction, depression, Parkinson’s disease

and schizophrenia (e.g., Braver et al., 1999; Schultz, 2002; Wise, 2004; Anand et
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al,, 2005; Mansvelder et al., 2006; Dagher and Robbins, 2009; Koob and Volkow,
2010; Roiser et al, 2012). Localised brain structural or functional deficits
associated with many neuropsychiatric disorders are either poorly replicated or
non-existent, with successful efforts reported to date focussed almost exclusively
on structural classification in Alzheimer’s disease and related neurological aging
disorders (as discussed by, e.g., Linden, 2012). Therefore, RSN metrics may
prove ideal, less reductionist, candidates for tapping into more subtle, systems-
level deficits that presumably underlie such clinical problems (see e.g., Filippini
et al.,, 2009; Menon, 2011; Sutherland et al., 2012), as well as the systems-level
differences that underlie variability in related behaviours and personality factors
in the general, ‘healthy’ population (Lewis et al., 2009; Mennes et al.,, 2010;

Adelstein et al,, 2011).

1.3 - Novel applications of advanced network-sensitive analysis techniques
Despite a huge volume of pre-clinical research into the neural mechanisms and
treatment of maladaptive cognition and motivational processing characteristic of
multiple neuropsychiatric disorders, clinically effective pharmacotherapies have
remained an elusive (and often costly) problem for the scientific community, the
pharmaceutical industry and, further, for society at large (World Health
Organization, 2008; Insel and Sahakian, 2012; Linden, 2012). The work
described in this thesis proceeds on the assertion that, relative to more
‘traditional’ models and approaches, resting-state FMRI warrants further
exploration for its potential to benefit medical research in domains of
neuropsychiatric drug development, due to a favourable combination of

repeatability, spatio-temporal specificity, statistical sensitivity and
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translatability (e.g., Greicius, 2008; Cole et al.,, 2010a; Fox and Greicius, 2010;
Murphy and Mackay, 2011).

As a consequence of the complex systems biology of the brain, it is often
difficult both to identify variability in brain signals (e.g., BOLD) that may be
induced when functional processing is challenged by neuropsychiatric pathology
or pharmacological intervention (especially when brain structure overall
remains intact) and, further, to characterise these spatiotemporal observations
in terms of their neural underpinnings and/or behavioural sequelae. Disorders
such as addiction, schizophrenia and their treatment, for example,
symptomatically affect diverse cognitive and motivational processes, which are
known to be associated with multiple and distributed large-scale neuronal and
neurochemical systems (Bressler, 1995; Nieoullon, 2002; Mansvelder et al,
2006; Koob and Volkow, 2010; Sesack and Grace, 2010; Goldstein and Volkow,
2011; Newhouse et al, 2011). These systems, in turn, are difficult to probe
comprehensively in a controlled experimental setting, such as with any given
cognitive task (Greicius, 2008; Fox and Greicius, 2010; Menon, 2011; Murphy
and Mackay, 2011). Thus, the distributed neural circuitry underlying cognitive
and behavioural aspects of, for instance, addiction (as described in e.g., Koob and
Volkow, 2010) may provide an ideal model in which to explore biological and
mathematical hypotheses pertaining to RSN functionality, through the use of
novel methods in an applied psychopharmacological context (for review see
Sutherland et al., 2012). It is argued in the following chapters that one can assess
and summarise complex neural dynamics in a manner relevant for clinical and
pharmacological applications by quantifying and comparing functional

connectivity at the level of (resting-state) networks in BOLD FMRI data,
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particularly those spanning brain regions involved in higher-level cognitive,
emotional and reward processes.

To date, differences from healthy comparison subjects in RSN functional
connectivity have been identified in multiple neurological and psychiatric
populations, some of which show a high degree of consistency across studies and
techniques. Most notable, perhaps, are the findings of altered “default mode
network” (DMN; see Fig. 1.1E and section 1.4.1) function in relation to symptoms
and markers of Alzheimer’s disease (Greicius et al., 2004; Buckner et al., 2005;
Rombouts et al., 2005; Wang et al., 2006; Wang et al., 2007a; Filippini et al,,
2009; Rombouts et al, 2009). However, other neuropsychiatric disorders,
associated with symptoms of aberrant reward and motivation and their
underlying neurochemistry (e.g., addiction, depression, Parkinson’s disease and
schizophrenia), by and large, do not enjoy this level of replication. Furthermore,
while average differences in connectivity patterns between population groups
are reported regularly, validations of their characteristics as useful for
diagnostics at the level of individual subjects (Greicius, 2008), or indeed for
standardised measures and predictors of how brain signalling may be modulated
experimentally over time, for example via disease pharmacological intervention
(Matthews et al., 2011), are currently relatively remote prospects (although see,
e.g., Varoquaux et al,, 2010; Klumpers et al., 2012).

In conjunction with novel functional connectivity analytical approaches,
the resting-state BOLD FMRI technique has certainly proven valuable in
delineating some previously unclear aspects of the human neural functional
architecture relevant for psychological functions and dysfunctions (e.g., Filippini

et al, 2009; O'Reilly et al, 2010; limitations to mechanistic neuronal
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interpretations notwithstanding). However, the very existence of multiple,
though often complementary (see section 2.1), analytical options for
investigating large-scale neural signals may actually foster the difficulties of
probing these (already complex) systems-level phenomena. This issue is
particularly prominent in resting-state FMRI studies, where the aforementioned
lack of a priori activity models has resulted in the development of a wide range of
innovative techniques attempting to characterise these unconstrained data. Prior
to expanding further on such issues in Chapter 2, in the remainder of the current
chapter these resting-state networks are introduced and described in terms of

their specific characteristics.

Figure 1.2. Two distinct right- RSNS BM

(blue-cyan) and left-lateralised
(red-yellow) large-scale somato-
motor cortical co-activation
networks, complete with
contralateral cerebellar clusters,
identified consistently by two
different methods. Left: RSNs
identified by ICA of a group of
healthy subjects (N = 36). Right:
The same networks identified by
meta-analytic ICA methods applied
to functional activation data from
the BrainMap (BM) database (N =
29671). These results are
supported by and extend prior
knowledge about cortical somato-
motor systems, in terms of their
function, spatial localisation,
lateralisation and connectivity (for
more details see Smith et al.,
2009).
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1.4 - RSN characteristics

1.4.1 - Spatio-temporal characteristics

RSNs are localised to grey matter regions (Beckmann et al., 2005; De Luca et al,,
2006) and it is becoming increasingly evident that they reflect functional
systems supporting core perceptual and cognitive processes? (e.g., Seeley et al,,
2009; Menon, 2011). Fig. 1.1 (reproduced from Beckmann et al., 2005) displays
eight RSN maps commonly identified in resting-state FMRI data, in this case
using independent component analysis (ICA; see Chapter 2 for details). These
patterns of spontaneous functional connectivity are consistent with stimulus-
evoked co-activation patterns in, for example, sensory and motor cortices,
language and memory systems and higher cognitive control networks (Biswal et
al,, 1995; Lowe et al,, 1998; Cordes et al., 2000; Hampson et al., 2002; Beckmann
et al.,, 2005; Seeley et al.,, 2007; Smith et al., 2009). Indeed, in Fig. 1.2 (reproduced
from Smith et al, 2009) functionally relevant, hemisphere-lateralised
distinctions can be seen between somato/sensory-motor systems involving
cortical and contralateral cerebellar nodes, identified as separate RSNs using a
meta-analysis of the ‘BrainMap’ functional activations database
(http://brainmap.org) and, in an independent sample, a group ICA approach
applied to resting-state BOLD FMRI data. The same meta-analytic work also
ascribes sensory and higher-level ‘cognitive’ functional relevance to a number of
other RSNs, such as those displayed in Fig. 1.1 (Smith et al., 2009). Furthermore,
in some instances, certain RSNs appear to display either up-regulation or down-

regulation of activity during specific cognitive tasks. Thus they may be described

ZPortions of this section are adapted from a related publication: Cole DM, Smith SM, Beckmann
CF (2010a) Advances and pitfalls in the analysis and interpretation of resting-state FMRI data.
Front Syst Neurosci 4:8.
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as either “task-positive” or (in the case of the commonly-studied ‘default mode’
network; DMN; see e.g., Fig. 1.1E) “task-negative”, in terms of the direction of
correlation between the mean network activity and the event timings during the
task (Shulman et al., 1997; Gusnard and Raichle, 2001; Greicius et al., 2003; Fox
et al., 2005; Kelly et al,, 2008).

The DMN, a notable example in terms of the regularity of its investigation,
consists chiefly of bilateral precuneus/posterior cingulate, medial prefrontal and
(posterior) inferior parietal cortical ‘nodes’ and first rose to prominence due to
being formed of regions consistently deactivated during experimental paradigms
that required task-relevant, or ‘on-line’ allocation of attentional resources
(Shulman et al., 1997). Thus, it was initially considered to represent a “baseline”
system of brain activity that was taken ‘off-line’ when such resources were
required for (e.g.) external stimulus monitoring (Gusnard and Raichle, 2001;
Raichle et al,, 2001). More recently, however, the DMN has been found to display
increased activity during tasks that have components requiring attention to be
directed introspectively, or “self-referential” cognition (Gusnard et al., 2001;
Harrison et al., 2008a; Leech et al,, 2011). Thus, it is no longer regarded as simply
a ‘task-negative’ or ‘task-independent’ network (e.g., Buckner et al., 2008; Leech
et al, 2011). Furthermore, increased interest has been developing in the
functional relevance of the interplay between the DMN and RSNs regarded as
‘task-positive’. These latter frontoparietal cognitive RSNs (e.g., those depicted in
Fig. 1.1F-H) are usually described as consisting of three or more bilateral nodes
in anterior cingulate/pre-supplementary motor area, anterior insula,
dorsolateral prefrontal and (anterior) inferior parietal cortices and are variously

implicated in functions of externalised attention, executive control and
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emotional/motivational salience processing (Fox et al.,, 2005; Dosenbach et al,,
2007; Seeley et al., 2007; Vincent et al, 2008). Such ‘higher-level’ cognitive
functions are precisely those implicated in the symptomatology and treatment of
multiple neuropsychiatric disorders (Greicius, 2008; Menon, 2011; some of the
functions often ascribed to other RSNs are outlined briefly in the legend of Fig.
1.1).

In addition to the proposed functional “specialisations” of the DMN and
other, ‘task-positive’, cognitive networks, their unconstrained nature (i.e., the
fact that variability in the behaviour of their measured signals is not confined to
specific, experimenter-derived paradigmatic scenarios) makes them ideal
functional neuroimaging candidates for characterising systems-level differences,
changes or modulations that cannot easily be assumed to conform to a strict a
priori temporal or spatial model (e.g., those reflecting large-scale brain network
reorganisation in neuropsychiatric disease or following pharmacological
challenge). Indeed, the activity and connectivity patterns of the DMN and other
‘cognitive’ RSNs are thought to be relevant for a number of clinical and
pharmacological neuroscientific applications (Fox and Raichle, 2007; Buckner et
al,, 2008; Broyd et al., 2009; Fox and Greicius, 2010; Murphy and Mackay, 2011;
Sutherland et al., 2012).

Importantly, the occurrence and characteristics of the various spatio-
temporal observations labelled as ‘RSNs’ depend on the nature of neural
processes being evoked or induced by a given paradigm, or even the surrounding
context of the resting-state scan (also see sections 2.1.1 and 7.3.1). Furthermore,
subtle changes in the analytic approach to resting data, for example using slightly

different spatial seeds in SCA (see Fig. 2.1 and also Buckner et al, 2008;
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Hayasaka and Laurienti, 2010), or altering the model order dimensionality
estimation in ICA (Kiviniemi et al, 2009; Smith et al, 2009), can have a
significant impact on the spatial characteristics of the RSNs identified. In the
latter cases, Kiviniemi, Smith and colleagues independently found that raising or
lowering the ICA model order caused some networks to, respectively, ‘split’ into
smaller sub-systems or ‘fuse’ into larger-scale brain systems (see also Abou-
Elseoud et al, 2010). Convincingly, these dissociative and integrative
characteristics seem to reflect the functional hierarchy of brain systems across
various levels of neurobiological precision (compare, for example, the single
bilateral somatomotor RSN in Fig. 1.1D and the two lateralised RSNs from a more
detailed data decomposition in Fig. 1.2), although the extent to which each of
these observations reflect actual neural distinctions or are artificially induced by
the analyses remains unclear (Cole et al, 2010a; see also section 2.1.3).
Moreover, for both biological and statistical reasons, sub-regions or ‘nodes’ of a
given RSN may share “nonstationary” (i.e., time-varying) connectivity
relationships within that network or with other identified nodes or RSNs (see
section 2.1.3, Chapter 3 and section 7.3.3; also see Chang and Glover, 2010).
Inferred characteristic RSN patterns can therefore be affected by multiple
factors, in terms of the resultant connectivity relationships within and between

networks. Such caveats are discussed in more detail in Chapter 2.

1.4.2 - Spectral characteristics
A degree of controversy surrounds the importance of time-frequency spectral
information expressed by resting-state networks measured using BOLD FMRI.

RSNs are often referred to in the literature as “low-frequency”, in terms of their
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spectral power distributions, although the neurobiological significance of such
observations cannot easily be assumed. Early frequency characterisation work
(Cordes et al, 2000; Cordes et al, 2001) localised functionally relevant,
spontaneous BOLD oscillations in the lower frequency ranges (0.01-0.08 Hz),
separable from respiratory (0.1-0.5 Hz) and cardiovascular (0.6-1.2 Hz) signal
frequencies. However, more recent FMRI evidence suggests that, while it is true
that the predominant spectral power of RSNs appears in practice at low
frequencies, the signal contributions that extend into higher frequencies do so
with equal consistency (Niazy et al., 2011). Specifically, it has been shown that
filtering RSN signals to account for the frequency content of their haemodynamic
response function ‘flattens’ their power distribution from 0.01 Hz up to 0.15 Hz,
instead of being biased towards the lower-frequency end of the spectrum (Niazy
et al, 2011). This suggests that the low peak power characteristics of BOLD
FMRI-derived RSNs are largely induced by the haemodynamics and that
underlying RSN ‘neural’ dynamics may be more “broadband” than previously
thought (see also section 7.3.4). Additionally, it should be noted that many
artefactual signals also have spectral peaks that are either truly within similar
low frequency ranges attributed to RSN activity, or are aliased by the FMRI
temporal sampling into these ranges (e.g., De Luca et al., 2006; Birn et al., 2008).
However, it has been shown that certain corrective methods, for example
involving physiological monitoring during scanning (Glover et al., 2000) or post-
acquisition denoising with session-level ICA (Starck et al., 2010) can be used to
significantly reduce or even remove these confounds (see section 2.1.1). For
these reasons, the work presented in this thesis does not employ preprocessing

techniques that specifically restrict the measured BOLD signals of interest within
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‘low-frequency’ spectra often described as stereotypic of RSN fluctuations. In
Chapter 2, a detailed discussion is provided of additional technical and
methodological choices pertaining to this work, complete with discussion of the

scientific rationale influencing these decisions.

Anatomical reference showing lobule labels

e

Figure 1.3. Functional connectivity parcellation of the cerebellum into (centre left)
distinct regions of preferential functional connectivity with (top) multiple large-scale
cortical areas (in this example two: motor, red; prefrontal, blue). Some correspondence
of these functional connectivity findings with anatomically defined cerebellar
subdivisions is apparent (centre right). Details of cerebellar connectivity profiles with
additional large-scale cerebral systems (O’Reilly et al., 2010), including RSNs (Habas et
al,, 2009), have also been reported.

1.4.3 - Characteristic relationships between network connectivity and anatomical
measures

RSNs display reliable and consistent functional connectivity patterns with
specific thalamic (Zhang et al., 2008) and cerebellar sub-regions (Habas et al,,
2009; Krienen and Buckner, 2009; O'Reilly et al., 2010). Studies of RSNs may
therefore enable functionally relevant investigations of both cortico-subcortical
and cerebro-cerebellar connectivity associations, potentially in greater detail

than previously achieved with structural connectivity measures. In particular,
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due to extant constraints on our ability to image micro-structure in certain
axonal white matter pathways with sufficient resolution, connectivity
relationships between sub-nuclei of the cerebellum and the rest of the brain are
currently measurable in more detail with functional connectivity parcellation
approaches than with structural connectivity measures from diffusion tensor
imaging. For example, Fig. 1.3 (reproduced from O'Reilly et al., 2010) shows how
cerebro-cerebellar connectivity pathways, not normally traceable in vivo, may be
imaged and characterised in terms of their spontaneous functional interactions.
Critically, other than providing additional information about direct connections,
by helping to circumvent the resolution limitations of current anatomical
imaging techniques functional connectivity metrics are also sensitive to indirect,
polysynaptic neuronal connections (e.g., Fig. 1.3). These indirect connections
cannot easily be tested for their functional relevance with other imaging
measures, yet they are an inherent property of the large-scale neural networks
thought to support higher-level cognitive processes (e.g., Bressler, 1995; Honey
et al., 2009; Van Dijk et al,, 2010; Lu et al., 2011; Mantini et al., 2011). They can
seemingly exist in the absence of measurable structural connections, which
(assuming current state-of-the-art diffusion-weighted imaging) require mono-
synaptic connectivity pathways mediated by myelinated fibres and are not
sensitive, for example, to spreading oscillatory activity and synchronisation
patterns within cortico-cortical or cortico-subcortical feedback loops sustaining
cognition (e.g., Alexander et al., 1986; Llinas et al., 1998; Varela et al.,, 2001;
Buzsaki and Draguhn, 2004). Similarly, functional connectivity BOLD FMRI
measures also provide complementary information to that gained from other

functional, metabolic and molecular imaging modalities (using, for example,
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positron  emission  tomography; PET), as well as  structural
connectivity/covariance MRI metrics (e.g., Buckner et al., 2005; De Luca et al,,
2006; Greicius et al, 2009; Honey et al., 2009; Seeley et al, 2009). This
convergence with other data types increases confidence in the utility of these
measures to help comprehensively map and quantify the neural substrates of

systems-level function and dysfunction.

1.5 - Overview of chapters

In Chapter 2 a more detailed review of technical and methodological issues
affecting multiple RSN analysis techniques is provided. Subsequent chapters
describe studies in which novel methods are applied, along with evidence-based
interpretation of the resultant findings, discussion of their utility and how they
may inform the optimisation of future research. Chapter 3 presents an example,
in contexts of nicotine addiction, of how these metrics can show sensitivity to
clinically relevant, but biologically non-specific, neuropsychopharmacological
effects. In Chapter 4, a specific dopaminergic candidate for more fundamental
neurobiological mediation of large-scale network connectivity relationships and
topographies is investigated. This is followed by descriptions of research, again
in contexts of dopamine modulation, establishing the sensitivity of RSN
measures to patterns of functional connectivity associated with different
pharmacological manipulations or neuropsychiatric disease states, in Chapters 5

and 6 respectively.
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Chapter 2 - Methodology

2.1 - Methodological background

Mirroring the increasing interest in resting-state FMRI research, over the past
10-15 years a rich array of signal processing techniques has been developed
specifically to evaluate these data. This section of the chapter is a summary and
review of the most widely applied of these methods3, focussing primarily, but not
exclusively, on seed-based correlation analysis (SCA) and independent
component analysis (ICA). The following is a discussion of the commonalities,
differences and potential interpretative pitfalls of these and other techniques,
beginning with an account of some of the specific pre-statistical requirements of

the data.

2.1.1 - Acquisition and preprocessing of resting-state BOLD FMRI data

It has been shown that a comparatively wide range of sampling rates and a small
number of data points can be used to measure sufficient BOLD activity for
identifying RSNs, relative to the rate and number of samples acquired during the
majority of task FMRI studies (e.g.,, De Luca et al., 2006; Van Dijk et al,, 2010).
Typical resting experiments therefore are of the order of 5-10 min, though the
identification of an optimal duration of a resting FMRI session (and the possible
need for multiple sessions) is an open issue. Van Dijk and colleagues suggest that

5 min of recording time is near-asymptotic with regard to correlation map

3Portions of this section are adapted from a related publication: Cole DM, Smith SM, Beckmann
CF (2010a) Advances and pitfalls in the analysis and interpretation of resting-state FMRI data.
Front Syst Neurosci 4:8.

37



stability (Van Dijk et al,, 2010). However, the networks defined by this group
occur at what is generally recognised to be the macroscopic end of the brain
network spectrum. It is unlikely that this generalises to cases where a more
detailed parcellation of functional connectivity patterns is sought, for example,
by means of a higher-dimensional ICA decomposition (Kiviniemi et al.,, 2009;
Smith et al, 2009; see also Fig. 1.2), as in these cases the degree of partial
temporal correlation between sub-systems increases, reducing the ability to
delineate them easily. Additionally, no consensus exists as to whether there is a
significant impact of the precise experimental setting, for example, whether data
are acquired while subjects are asleep or awake (Horovitz et al., 2008) and with
eyes closed or open, with or without fixation (Marx et al.,, 2004; McAvoy et al,,
2008; Bianciardi et al., 2009a; Yan et al,, 2009; Van Dijk et al., 2010). However,
several recent studies of the stability of RSN patterns through various sleep
states (e.g., Fukunaga et al, 2006; Horovitz et al., 2009) indicate that the
correlation patterns are relatively stable, except for weakening in deep sleep.
Resting BOLD data benefit from the majority of preprocessing steps
routinely applied to ‘traditional’ task-related BOLD FMRI data (Beckmann et al,,
2005; Birn et al,, 2006). However, there are a number of subtle differences worth
noting. For example, high-pass temporal filtering thresholds applied to task
FMRI data may be overly aggressive with respect to removing some of the
relevant RSN frequency information (as discussed in section 1.4.2) and a more
conservative approach is required in order to preserve powers at low frequency.
Importantly, a substantial portion of the FMRI signal obtainable during
rest can be attributed to spontaneous BOLD activity, relative to that attributable

to scanner and physiological artefacts, even at high field strengths (Bianciardi et
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al., 2009b). However, it has been shown that non-neuronal physiological signals
may interfere with network functional connectivity patterns in BOLD data and
the resultant interpretations thereof (Birn et al, 2006). Birn and colleagues
showed that monitoring and controlling for (regressing out) ‘low-frequency’
respiratory-related fluctuations from the data could strengthen certain
functional connectivity patterns plausibly neuronal in origin, particularly within
the DMN, in both task-related and resting-state contexts. Indeed, removal of a
range of confounding signals, such as respiratory, cardiovascular or
cerebrospinal fluid (CSF) pulsatile noise is shown to improve the quality of data
attributed to neural activity (Birn et al., 2006; Birn et al., 2008; Van Dijk et al,,
2010). It has therefore become common practice in FMRI research (particularly
resting-state) to monitor such signals during scanning, with specific software
packages developed to correct retrospectively for their confounding effects post-
acquisition (e.g., Glover et al., 2000). It can be argued that such noise removal is
of particular importance for functional connectivity studies, given the data-
driven nature of the analysis, where spurious correlations induced by the
presence of structured noise effects may (in the worst case) severely increase
the number of false-positive detections (Power et al., 2012; Van Dijk et al.,, 2012).
Similarly, other sources of regionally-specific noise, such as white matter and
CSF signals, should be accounted for in the analysis (e.g., Fox et al., 2005), as
optimal BOLD signal to noise ratio in these regions is far more susceptible to
artefact than in cortical grey matter (Tohka et al.,, 2008). A range of approaches
can be employed here, either by (i) restricting the functional data analysis with
binary grey matter masks thresholded at an arbitrary level, (ii) by including time

series from these tissues as nuisance covariates (see section 2.1.2 and Fig. 2.1,
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below), or (iii) by employing probabilistic, volumetric grey matter covariates in
inferential analysis stages; i.e., by using additional, three-dimensional confound
regressors at the between-subject analysis stage which, for any given voxel,
encode the relative proportion of grey matter for each subject (see, e.g., Voets et
al, 2012). A number of the various techniques designed to minimise the effects
of signal confounds and thus increase signal-to-noise ratio in functional
connectivity analyses are employed in the following research chapters.

Although concerns about the confounding influence of physiological noise
and other structured artefacts in FMRI datasets are clearly warranted, in most
cases it has been shown that session-level ICA methods can reliably identify and
account for the artefactual influence of non-grey matter, respiratory and
cardiovascular signal fluctuation on RSNs (Kiviniemi et al., 2003; Beckmann et
al, 2005; De Luca et al.,, 2006; Birn et al., 2008; Kiviniemi et al.,, 2009). Note,
however, that potential difficulties arise when attempting to separate
physiological noise components from ‘true’ neural components using ICA (see
section 2.1.3). Attempts to create automated artefact classification algorithms for
components identified by ICA have generated mixed results, often with relatively
high levels of misclassification (e.g., rates of between 0.2 and 0.3; Tohka et al,,
2008). At the group level (see section 2.2.1), ICA methods can potentially lose
some of the power of single-session data cleanup, so group-ICA approaches may
benefit from further (ICA-based or other) cleanup in preprocessing stages
(Biswal et al, 2010). Additionally, it is apparent that some artefactual
components share a large degree of spatial and spectral overlap with RSNs, and
at low dimensionalities even ‘mix’ and form parts of the same component in the

end decomposition (Birn et al, 2008). However, the spatial overlap of, for
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example, the ‘default mode network’ (DMN; e.g, Fig. 1.1E and Fig. 2.1) and
artefactual respiratory components identified by Birn and colleagues is relatively
minimal, both in the majority of single-subject cases and at the group-ICA level,
with peak DMN parietal nodes being markedly distant from occipital regions
strongly affected by respiratory fluctuation (Birn et al., 2008). Moreover, it has
recently been demonstrated that separating these signals post-acquisition by
manually increasing the dimensionality of the ICA model order, rather than
having to collect and utilise additional physiological data, may more easily
account for these confounding effects (Starck et al., 2010). Finally, of topical
importance and discussed in detail elsewhere, recent evidence suggests that one
specific preprocessing procedure commonly applied in (SCA) connectivity
analyses, that of subtracting or regressing out the global mean signal from the
model, may induce spurious negative correlations between RSNs and thereby
artificially bias end interpretations of connectivity relationships (Murphy et al,,
2009; Cole et al,, 2010a). These criticisms are not applicable to the analytical
techniques employed within this thesis, which do not include global mean signal

regression at any point.
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2.1.2 - Methods of RSN identification (i): seed-based correlation analysis (SCA)

Biswal and colleagues first identified coherent, spontaneous BOLD fluctuations
bilaterally in the somatomotor cortical regions using a seed-based approach to
derive time course models of functional connectivity (Biswal et al., 1995). This
method requires the a priori selection of a voxel, cluster or atlas ‘seed” ROI -
perhaps based on previous literature or functional activation maps from a
localiser experiment - from which to extract time series data (see, e.g., Fig 2.1).
This time series vector is then used as a regressor in a linear correlation analysis
or - when augmenting the model with other regressors (of interest or
confounds) - a general linear model (GLM) analysis, in order to calculate voxel-
wise (potentially whole-brain) maps of correlation or covariance with the seed
region BOLD activity, which are interpreted as measures of functional
connectivity (Fig. 2.1). The SCA approach is termed “univariate” because the time
series ‘model’ is regressed against the time series data in each voxel separately
from that in every other voxel. SCA has proven useful in revealing the functional
connectivity properties of many brain ROIs, and has been applied in the
literature by numerous groups (e.g., Greicius et al, 2003; Fox et al, 2005;
Margulies et al., 2007). The primary advantage of SCA over other methods is that
the approach provides a direct answer to a direct question - it shows the
network of regions most strongly functionally connected with the seed voxel or
ROI (Fig. 2.1). This straightforward interpretability, relative to other methods,
makes SCA an attractive approach for many researchers investigating large-scale
signalling relationships. Recent assessment of the test-retest reliability of these
methods has indicated that RSN connectivity relationships can be identified by

SCA with moderate to high reliability (Shehzad et al., 2009).
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One potential weakness of SCA methods concerns the influence on the
signal of structured spatial confounds, such as other RSNs (than the one under
consideration) or structured noise, for example, residual head motion effects or
scanner-induced artefacts. Some of these effects may be partially removed by
incorporating specific preprocessing steps such as temporal filtering, but the
presence of residual confounds in the SCA reference time course can have a
detrimental influence on SCA correlation maps, in that estimated ‘networks’ also
include voxels that describe the spatial extent of the artefact. More generally, the
univariate approach of correlating the time series of a single voxel with those of
each other voxel in a brain image disregards the richness of information
available within the statistical relationships between multiple data points. Prior
selection of the time series of one sub-region to correlate with and inform the
activity of the network as a whole imposes anatomical restrictions on the
measurement of network connectivity and, consequently, on interpretations of
systems-level hypotheses. Fundamentally there are as many possible ‘networks’
to be derived as there are possible seeds, so discussing and interpreting one
resulting spatial map as a distinct and meaningful neurobiological system is an
under-representation of the data, as all but one possible ‘network’ in the data are
being ignored. Biologically, the choice of seed may bias connectivity findings
towards specific, smaller or overlapping sub-systems, rather than larger, distinct
networks (e.g., Buckner et al.,, 2008; Mennes et al., 2010; Leech et al.,, 2011).
Finally, these issues are all contingent on investigator-specific (seed size or
location) and subject-specific (spatial normalisation or functional localisation)
biases potentially resulting from the method of a priori seed selection employed

(see Fig. 2.1). As a caveat, however, one must not underplay the importance to
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the current knowledge-base in the field of subjective expertise in carefully
selecting seed regions, as well as in identifying and classifying RSNs, both of
which have played a major role in shaping our current understanding of these
effects.

To illustrate the issue of potential biases attached to seed selection in
SCA, Fig. 2.1 presents a number of SCA-derived versions of the DMN, alongside
the same RSN estimated by ICA (for a related approach see (Buckner et al,,
2008). The DMN seed locations were selected from three important papers in the
resting-state FMRI literature (Greicius et al., 2003; Fox et al., 2005; Singh and
Fawcett, 2008). These and all other spatial co-ordinates in this thesis are
presented in the space of the MNI152 standard template (Montreal Neurological
Institute, QC, Canada). Results of SCA using these seeds were calculated using
white matter, CSF and motion confounds and are displayed as: maximum
intensity projections (Fig. 2.1i) and as binarised statistical maps on selected
slices in the subject’s structural space (Fig. 2.1ii, cluster-corrected z > 2.3, p <
0.05). Though there is significant overlap in the extent of the inferred networks,
independent of the seed voxel location (white), it is clear from the extent of
primary (non-overlapping) colours visible (largely red and green), particularly in
prefrontal and occipital cortices and subcortical regions, that biases inherent in
the seed-selection process can result in a large amount of variability carried into
the results and subsequent interpretations. In order to validly discuss SCA
results in terms of “networks”, some form of consensus mapping is required,
where the different versions of a network are combined in order to generate a
single consistent representation (e.g., using information theoretic principles such

as clustering or principal component analysis (PCA) across the different maps).
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Fig. 2.1iii, for comparison, shows the ICA-derived DMN map from the same data
(where the model order, i.e., the number of components, was estimated from the
data; for details see Beckmann and Smith, 2004). Amongst the set of four spatial
maps this component map has the highest mean spatial correlation with the
three SCA estimates of the DMN (Cole et al.,, 2010a). The ICA approach, discussed
in the next section, therefore can be viewed as one possible way of generating
such consensus maps, eliminating the need to specify explicit seed locations,
though at the expense of losing specificity in relation to a single well-defined
seed of interest. Note, however, that other aspects of the analysis (such as the
choice of the model order in ICA, see section 2.1.3; or the number and nature of
confound regressors in SCA) are likely to introduce other types of variability into
the final outputs.

It is important to note here that ‘validating’ network connectivity maps by
simply highlighting visual similarities with a network identified by ICA, a
practice adopted increasingly frequently in SCA studies, is not necessarily
optimal for comparator selection or useful in terms of inference, without detailed
quantification of this similarity. Importantly, for the above-demonstrated
reasons, a large number of researchers are beginning additionally to adopt
multivariate methods such as ICA in their standard approaches to analysing
spontaneous BOLD fluctuations. Such approaches avoid many of these problems
and thereby have complementary advantages to those of SCA methods, enabling
a more comprehensive mapping of network-level functional phenomena and

their response to experimental manipulation.
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Figure 2.2. Schematic for probabilistic independent component analysis, reproduced
from (Beckmann and Smith, 2004; Beckmann, 2012).

2.1.3 - Methods of RSN identification (ii): independent component analysis (ICA)

Initially recognised within neuroscience as a valuable method of separating
uncorrelated signal waveforms in electroencephalography (EEG) data, ICA was
first applied to FMRI data collected during an experimental task (McKeown et al.,
1998). The same techniques were later applied to resting-state FMRI data

(Kiviniemi et al.,, 2003). ICA works by decomposing a two-dimensional data
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matrix into the time courses and associated spatial maps of the underlying
‘hidden’ signal sources. Although a number of differing approaches to ICA are
used widely in neuroimaging (implemented as separate software packages),
common concepts and core methods underlie their application (for review see
Beckmann, 2012). One popular, probabilistic approach is to estimate maximally
statistically and spatially independent, non-Gaussian components from FMRI
data, by optimising a measure of non-Gaussianity in the estimated maps (see Fig.
2.2). Although probabilistic ICA estimates component maps of maximal spatial
independence (from each other), this does not preclude spatial overlap between
components (for details see Beckmann et al, 2005). The ICA method of
exploratory FMRI analysis is regarded as preferable to that of PCA, as the spatial
independence enforced upon components by (spatial) ICA dictates only that
their time courses not be highly co-linear, resulting in a more biologically
plausible systems model than that obtained from a PCA decomposition, where
the analysis enforces orthogonality between time courses, precluding the
detection of signals that are partially correlated in the temporal domain. Note
that while temporal ICA can be carried out as an alternative to spatial ICA
(component time courses are orthogonalised but spatial maps are not), it suffers
form the same orthogonality issue as PCA and is more susceptible to noise due to
the typically smaller number of observations available to drive the estimation.
For these reasons, the preferred method of RSN identification employed in this
work is that of spatial ICA, which will thus be referred to as “ICA” for the
remainder, unless stated otherwise.

Importantly, as with SCA, use of the ICA approach has identified networks

of spontaneous coherence comparable to known sensory and cognitive
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processing systems (e.g., Fig. 1.1). Persuasively, these include the somatomotor
cortical connectivity network found in the first resting connectivity experiments
(Biswal et al., 1995), sensory systems in visual and auditory cortices and, of
particular interest to those applying imaging to neuropsychiatric populations
and psychopharmacological experiments, networks apparently reflecting higher-
level cognitive processes (e.g., the DMN). In this comparatively unrestricted way,
ICA has been used to generate a ‘complete’ (if simple) picture of the functional
hierarchy of dissociative and integrative relationships making up the
spontaneous and evoked activity of the human brain, particularly with respect to
the potential for network ‘splitting’ and ‘fusing’ across levels of neurobiological
complexity (Kiviniemi et al.,, 2009; Smith et al., 2009; Laird et al.,, 2011). RSNs
identified by ICA can also be less prone to artefactual interference effects from
noise (including fluctuations in the mean global signal) than those from SCA (see
section 2.1.1; also Birn et al.,, 2008; Murphy et al., 2009), due to the ability of the
method to account for the existence of such structured noise effects within
additional (non-RSN) components.

The primary advantages of ICA over SCA approaches are the ability to
avoid prior spatial assumptions and noise attached to the seed, along with the
ability to simultaneously compare the coherence of activity in multiple
distributed voxels. However, employing ICA is not without its methodological
and interpretative challenges. First, unlike PCA, data decomposition with ICA is
obtained by means of iterative optimisation. The stochastic nature of this
approach induces a degree of run-to-run variability, so the results obtained can
differ between analysis runs on even the same data. This type of variability can

be reduced when selecting more stringent convergence criteria and software
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now exists that enables ICA repeatability testing (e.g., Himberg et al., 2004),
which can be used to investigate the degree of variability and estimate ‘average’
decompositions across multiple ICA repetitions.

Second, the processes of dimensionality reduction and model order
selection in ICA can be somewhat arbitrary. Specifically, one has to either specify
in advance how many components to estimate from the data (see, e.g., Smith et
al, 2009) or opt to allow automatic dimensionality estimation based on the
internal signal and noise characteristics of the data (e.g., Beckmann and Smith,
2004; Seeley et al., 2007). While such approaches do exist to optimally select the
number of independent components for a given dataset according to statistical
criteria (for recent reliability testing of multiple models see Zuo et al., 2010a), it
must be recognised that there can be no single, ‘best’ dimensionality or model
order for the underlying neurophysiology of multiple distributed systems. There
will always be multiple valid solutions for characterising the hierarchical
complexity of RSN functional neurobiology. This level of ambiguity simply
mirrors the general ambiguity in characterising the brain’s functional
organisation; while we may validly conceptualise the existence of a visual,
auditory, somatomotor or language system, a more fine-grained characterisation
might separate this into specific areas such as the “hand knob”, “visual word
form area”, “fusiform face area” (e.g., Kanwisher et al., 1997; Dehaene et al,,
2002) and so forth. Each of these (and other) different types of characterisation
is valid at a particular level of complexity. In the case of ICA decompositions,
higher dimensionalities of the model, giving more fine-grained network
parcellations (see also Fig. 1.2), have recently been advocated to provide a more

‘complete’ insight into the complex functional hierarchy of neural systems and

50



sub-systems spontaneously active in health (Kiviniemi et al., 2009; Smith et al,,
2009) and disease (Abou Elseoud et al., 2011). However, the robustness of a
given level of decomposition relies on being supported by data quality (e.g., one
cannot expect a robust 100-dimensional ICA decomposition from a typical 5-
minute single FMRI scan in which only 100 EPI volumes might be acquired).
Furthermore, it is important to distinguish between the value of varying the
model order to prove a technical methodological point (i.e., to demonstrate that
systems can be made to split into sub-systems mathematically, potentially
unrelated to the ability to assign biologically meaningful interpretations to such
splits) and the value of concentrating on interpreting the results of a testable
systems-level hypothesis in larger networks identified at lower (and data-
driven) model orders.

Third, whereas SCA guarantees a result in terms of identifying the brain
regions most associated, or functionally connected, with the selected seed
(presumed to closely correspond to the associated RSN), ICA results may be
‘split’ into a number of sub-networks, depending on the parameters of the
analysis (i.e.,, more RSN ‘splitting’ at high model order dimensionalities) and the
internal characteristics of the data. This can result in the estimation of a large
number of components, which may be difficult to identify and classify (Tohka et
al, 2008). On the other hand, in some instances this splitting appears
functionally relevant. For example, using session-level ICA followed by a
template matching procedure, Seeley and colleagues identified such a split in a
network suggested to be involved in higher-level cognitive function, revealing
separate purported ‘executive control’ and ‘salience’ networks (Seeley et al.,

2007). Related dissociations have since been reported using a variety of single-
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session and group-ICA post-processing methods (Sridharan et al, 2008;
Kiviniemi et al., 2009; Cole et al., 2012a) and further bolstered by functional and
structural evidence from separate neurological disorders (Seeley et al., 2009),
increasing confidence in the functional relevance of the observation.

Finally, one ICA decomposition of a given dataset may hide the fact that
any given brain region may, over time, share varying connectivity patterns with
multiple networks. This variability, or ambiguity, of regional co-activations
between network nodes can be referred to as the “nonstationarity” of a given
brain area in terms of its connectivity with one or more RSNs, which equally
affects multiple analysis approaches that do not account for it (for specific
investigations of this, see Chang and Glover, 2010; Kiviniemi et al.,, 2011; Smith et
al., 2012a; and, with respect to nonstationarity at the neuronal level, see Popa et
al., 2009). However, there are early indications that, despite its above-mentioned
shortcomings for FMRI data decomposition and RSN identification, novel
applications of temporal ICA can be used to better address issues of connectivity
nonstationarity within and between network nodes (Smith et al.,, 2012a). Such
approaches may prove valuable in future clinical-pharmacological applied work

focussing on measuring connectivity modulations over time.

2.1.4 - Methods of RSN identification (iii): other

Since Cordes and colleagues originally characterised a number of functional
networks of interest as low-frequency BOLD fluctuations (Cordes et al., 2000),
analysis techniques probing the frequency-specific characteristics of RSNs have
developed in parallel to correlation-based methods. Indeed, it is often tempting

when investigating novel phenomena to assume that a property that appears to
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be prominent is also of functional importance. Techniques that have emerged to
probe frequency-specific aspects of RSN phenomena include ‘amplitude of low
frequency fluctuations’ (ALFF) indices (Zang et al., 2007). The ALFF index is
calculated by averaging the square root of the power spectrum of a given
(spatially constrained) BOLD time course across the frequencies filtered, then
standardising the value relative to the global mean ALFF value. The resulting
value represents the degree to which the signal measured within the
region/voxel of interest differs from all other regions of BOLD signal included in
the global average, in terms of the proportion of its fluctuations that fall within
the pre-defined frequency band. However, the assumption that all relevant
neuronal information contributing to resting-state BOLD fluctuations can be
represented by a single quantity, calculated only from information inherent in
the frequency domain, is problematic. Firstly, this measure does not account for
the existence of multiple, independent and interacting brain systems and
therefore interpretations relating to specific ‘networks’ are unlikely to be borne
out. Secondly, when considering the argument for a greater level of broadband
content in neural RSN oscillations than previously thought (see section 1.4.2;
Niazy et al., 2011), a frequency-dependent metric seems overly restrictive. This
raises the possibility that potentially interesting information is being removed
from the analysis by these mathematical procedures. Additionally, prior work
has suggested that low-frequency measures of resting data may be rather
susceptible to cerebral vascular and respiratory artefacts (Zuo et al, 2010b).
Indeed, some aspects of the spatial maps derived from these techniques can

appear, at least under qualitative examination, to resemble patterns queried as
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artefactual by experimenters using other techniques, particularly in midline
brain regions (e.g., Birn et al., 2006; Birn et al., 2008).

With these issues in mind the ALFF approach has been more recently
refined to account for ‘fractional’ inclusion of information in frequencies outside
of the normal range (fALFF; Zou et al., 2008). Zou and colleagues accomplish this
by calculating “the ratio of the power at each frequency to the integrate power of
the entire frequency range” (i.e.,, summing the oscillatory amplitudes across the
‘typical’ 0.01-0.08 Hz range, then dividing by the amplitude sum across a more
inclusive range of 0-0.25 Hz). Additionally and optimally (see section 1.4.2), this
amended approach involves no bandpass filtering. Although questions may
remain over the susceptibility of these techniques to physiological noise, recent
independent testing reveals both ALFF and fALFF to have moderate to high
levels of reliability and consistency in terms of the (primarily midline) spatial
patterns generated (Zuo et al., 2010b). Furthermore, some useful information
about individual or group variability in neural processes may be present in BOLD
oscillatory amplitude envelopes (e.g., Zang et al., 2007; Zuo et al., 2010b). Such
techniques may thereby provide a useful complement to approaches using SCA
or ICA to investigate inter-regional coherencies between BOLD signals (e.g., as in
that applied to a clinical-pharmacological question by Anand et al., 2005).

A number of other frequency-dependent and time series statistical
approaches exist that can be applied to the analysis of spontaneous oscillatory
activity in BOLD data. These include linear or nonlinear comparison of fractal
dynamics (Wink et al., 2008), measures of frequency-specific mutual information
(Salvador et al., 2007), and graph theoretic investigation of such networks in the

context of their ‘small-world’ characteristics by multivariate partial correlation
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of spectral information from pre-defined ROIs (Salvador et al., 2005; Achard et
al., 2006; Stam and Reijneveld, 2007). As discussed in section 2.1.1, all ROI-based
approaches are subject to the primary criticisms of subjective node/seed
definitions affecting SCA methods. Studies employing graph theory usually fall
into this category (Smith, 2012). Further, graph theoretic approaches, which
typically carry out a large number of comparisons of node pairings across the
brain, are particularly affected by uncertainties regarding the selection of
optimal threshold criteria for statistical significance of inter-regional
connectivity effects measured and alterations therein (Mumford et al., 2010).
Moreover, this approach is increasingly associated with extremely abstract
interpretations that reduce these rich connectivity data to simple, often singular,
numeric information describing theoretical network quantities and, therefore,
remove results from the brain network level and the biological translatability
associated with it (Smith, 2012). Similar criticisms can be levelled at recent work
combining ICA identification of RSNs with graph theoretic evaluation of their
properties (Ding et al, 2011), although not to the same extent. This
amalgamation may therefore hold promise in terms of future applied work.
Another novel approach to frequency-based assessment of RSN activity has
benefited from combination with ICA methodology (Damoiseaux et al., 2006),
although such alternative techniques have been replicated sparsely (see e.g.,
Damoiseaux et al., 2008), partly due to uncertainties surrounding the frequency-
specificity of RSN activity as identified by BOLD FMRI (as outlined in section
1.4.2).

Another method regularly applied to resting-state FMRI data assesses

regional homogeneity (ReHo; Zang et al., 2004), based on “Kendall’s coefficient of
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concordance”. This technique is sensitive to the ‘purity’ of clusters identified as
expressing high functional connectivity with a model time series within a given
cluster. By virtue of the assumption that neighbouring voxels are temporally
similar, clusters identified as strongly connected during task or rest can be tested
for their inner homogeneity and the degree to which this is modulated by a given
paradigm or differs between groups (e.g., Liu et al., 2006; Paakki et al., 2010).
The temporal variability within a cluster is reflected in the assigned homogeneity
score. Advantages of the ReHo technique over, for example, SCA, include its
relative insensitivity to possible region-to-region and/or trial-to-trial variability
of the haemodynamic response function. Also, unlike with ICA, no assumptions
are made regarding the spatial independence of identified ReHo maps and
extensions to group analysis are relatively straightforward (Zang et al., 2004).
However, this approach is fundamentally local in nature and therefore exhibits a
high degree of sensitivity to different levels of spatial smoothing. Similarly to
ALFF measures, the insensitivity to functional boundaries precludes drawing
inferences on the degree of correspondence between spatially remote regions,
making it difficult to use ReHo to characterise the distributed nature of RSNs
(Zang et al., 2004).

Finally, a class of methodologies that may be particularly powerful for
characterising distributed, functionally relevant connectivity patterns (including
in the resting state) is that of ‘machine learning’. Machine learning techniques
employ classifier training and pattern classification algorithms (e.g., ‘k-nearest
neighbour’, ‘leave-one-out cross-validation’, ‘support vector machine’), which in
some cases have been shown to enable accurate and predictive decoding of

different cognitive states or group/population stratification, potentially in both
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task and resting states (Poldrack et al., 2009; Shirer et al., 2011; Duff et al,, 2012).
However, the utility of these techniques depends to a large extent on being able
to test and validate their accuracy on a large number of subjects from many
different populations undergoing a variety of state modulations. In the longer
term, the continuous updating of large imaging databases with novel and
replication datasets will doubtless aid this. Thus, in the short to medium term,
applications of machine learning techniques may be more interpretable in
combination with other data-driven analytical techniques (e.g., those that are the
primary focus of this thesis and presented in subsequent sections), but they will
add little to the mechanistic interpretability of findings resulting from the latter

approaches within any individual study.

2.2 - Novel approaches to RSN analysis

This section provides a summary of the advanced methods used for higher-level
data analysis in this thesis, while reviewing in parallel some of the more general
issues with analysing resting-state FMRI data at the level of groups consisting of
multiple subjects.

The majority of techniques for multi-subject analysis of resting-state
functional connectivity are not yet as well developed as at the single-subject
level. The research chapters of this thesis use novel multivariate and mass
univariate analysis approaches aimed at surmounting existing challenges in
combining resting-state FMRI data from multiple subjects with group-level
inference. The techniques are applied to assess systems-level signalling
variability that: (i) characterises individual differences in the susceptibility or

reactivity to neurochemical modulation; and (ii) distinguishes clinical subjects
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(e.g., Parkinson’s disease patients) from healthy controls. In this context, the
scope of review in this section considers only the fundamental principles and
recent advances relating to the two methodologies extended most widely to
multi-subject data: SCA and ICA. Most of the pros and cons of these two
approaches, discussed at the single-subject level above, still apply at the group
level. Moreover, they are compounded by caveats common to all attempts to
combine functional neuroimaging datasets in this way, for example, issues
related to co-registration of data into a common space and identification of
networks or nodes (see e.g., sections 2.2.1-3 and Fig. 2.1). Gross variability in
cortical thickness and folding across individuals or subject populations may
instil a registration bias in the location of group analysis inputs (seed-ROIs) or
outputs (one or more functionally connected nodes) towards one group or other,
or towards a specific subjective characteristic. Thus, such variability can cause
problems for group level inferences about functional-anatomical localisation (at
regional or network levels). Similarly, the potential for mis-registration of
individual session FMRI data following spatial normalisation may result in
functionally segregated, but proximal, regions being assigned the same
functional/neuroanatomical label across subjects, similarly marring valid
inference. These sources of variability are local in nature and therefore their
impact on inferred connectivity patterns is more prominent in voxel-based SCA.
In cases of ICA or a region-based SCA such variability typically results in blurring
of the estimated spatial patterns (see e.g., Fig. 1.1). One recent study suggests
that the network properties of systems, in terms of ‘small-world’ characteristics
inherent in connectivity relationships between nodes, are better approximated

by using single voxel seeds rather than larger ROI seeds (Hayasaka and
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Laurienti, 2010). However, it seems probable that this may be true of a priori
ROIs (such as derived from a standard space template), but that data-derived
ROIs (in analogy to ICA spatial maps) would result in seed regions with better
performance.

In short, the more macroscopic approaches to measuring functional
connectivity should be preferable for characterising signalling patterns at the
level of networks corresponding to large-scale neural systems. However, the
caveats outlined previously in this chapter must inform any assumptions made
when extending these findings to robust, efficient and unambiguous group-level
interpretations of alterations in biologically meaningful networks and their
relevance to behaviour. Moreover, a central philosophy of this thesis is that
meaningful interpretations are best applied to RSN observations through careful
consideration in combination with individual difference metrics. For example,
via measuring the correlation or covariance of RSN functional connectivity
measures with behavioural or personality metrics, relevant neural systems may

be identified whose influences span (one or more) functional scales.

2.2.1 - Group-ICA

Although interest in RSN analysis has grown exponentially (e.g., Pawela and
Biswal, 2011) over the past few years, coherent methods for comparing such
distributed, systems-level activity patterns across subjects and/or sessions
within an ICA-based framework have only been proposed and validated fairly
recently. One immediate problem when running separate ICA decompositions is
that of having to select which components to carry forward to a between-subject

analysis. Considering the possible existence of multiple different decomposition
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solutions, even within the same subject’s data, there might not be any consistent
one-to-one mapping between estimated sets of component maps when
compared across different subjects.

Early efforts advocated running single-session ICA, separately for each
subject, then attempting to find the ‘best-fit' component to an a priori RSN
template, to carry forward to group comparison stages (e.g., Greicius et al., 2004;
Esposito et al., 2005; De Luca et al, 2006). However, template-matching
approaches are susceptible to the effects of multiple sources of gross variability,
particularly between-subject variability, inherent to unconstrained resting-state
FMRI data (Beckmann et al, 2005). Although we know RSNs to be largely
consistent across healthy individuals (Damoiseaux et al., 2006), there are no
guarantees of one-to-one correspondence of identified component maps,
including RSNs, across subjects, groups or studies. As mentioned above, at a
given ICA dimensionality, one RSN could potentially be split into two or more
sub-networks in some subjects, and appear as a single component in others.
Differences in the amount of structured noise between subjects or groups, such
as might be induced by head motion, can also influence characteristics of
measured ‘networks’ and lead to misinterpretation of apparent subject
differences (Power et al., 2012). Furthermore, numerous parameters, including
the number of subjects, group-ICA model-order and statistical thresholds used to
derive and define network maps can vary across studies attempting to identify
such ‘templates’. In an effort to avoid such sources of variability, some
researchers have advocated the use of separate “group-ICA” runs per group or
experimental condition to be compared prior to further GLM comparison (e.g.,

Harrison et al., 2008a, 2008b). However, this approach may also be sub-optimal,
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as it biases towards false-positive findings of group or between-session
differences (Calhoun et al., 2001; Beckmann and Smith, 2005).

Finally, while single-subject ICA has greater power to model/ignore
session-level structured noise than group-level ICA approaches, extending the
former approach to group-level matching of components across subjects fails to
take advantage of the increased effective signal-to-noise ratio provided by the
latter wherein all subjects are analysed simultaneously (Calhoun et al., 2001). In
this way, group-level ICA can generally support a much higher-dimensional (and
therefore more finely-detailed) decomposition than single-session ICA (e.g.,
Kiviniemi et al., 2009; Smith et al., 2009). Furthermore, working from the ‘top
down’, by starting with a group-level ICA and then generating subject-specific
versions of the resulting group maps, solves the problem of between-subject RSN
correspondence inherent in the process of combining single-session ICA data.
Thus, in subsequent research chapters the group-ICA approach is employed as
the method of choice for identifying RSN spatiotemporal information to
hypothesis-test in a number of applied contexts.

The first group-ICA model to emerge for FMRI was applied to task data
(Calhoun et al.,, 2001). In the first step of this procedure, data are spatially
normalised and dimensionality-reduced via PCA (separately for each subject).
These reduced datasets are then assumed to contain the most important source
signals that have been ‘mixed’ into the measurements. All reduced datasets are
temporally concatenated prior to the application of group-ICA. This identifies
voxels that share common temporal patterns of response within and between
subjects. By means of temporal concatenation of multiple datasets (Fig. 2.34A;

also see Calhoun et al, 2001), group-ICA can thereby estimate group-level
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independent components, including RSNs (Beckmann et al., 2005). Due to the
relatively unconstrained spatiotemporal characteristics of BOLD signals in
resting data across sessions and subjects, such a concatenation approach is more
suitable for analysing these data than an alternative ‘tensor’ ICA method that
assumes similar temporal fluctuations in each dataset (such as during
performance of a cognitive task with a fixed model; Beckmann and Smith, 2005).
Tensor ICA, nonetheless, can be used as a model-free probe of network-level
brain activity across multiple subjects during task conditions with a fixed
temporal model, reportedly with increased sensitivity to group differences
relative to standard GLM-based approaches (Rombouts et al., 2009; Voets et al,,

2009).
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Figure 2.3. Schematics for (A) temporal concatenation group-ICA and (B) first (i) and
second (ii) stages of the ‘dual regression’ technique of cross-subject RSN comparison;
adapted from Beckmann et al. (2009). Green arrows indicate which pieces of
information are carried forward to subsequent stages of the analysis.
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2.2.2 - Optimal statistical inference following group-ICA

The ideal method for computing subject-level components from spatial maps
identified via initial group-ICA remains contentious. Indeed, a number of such
models have been suggested for this, predictably each with their particular pros
and cons. In order to enable voxel-wise, between-subject comparisons of ICA-
derived components, Calhoun and colleagues proposed to create individual
subject components from the group decomposition via PCA
backprojection/reconstruction (Calhoun et al., 2001). Further extensions of this
approach have enabled the testing of within-network and between-network
connectivity relationships across different task conditions or subject groups
(Calhoun et al., 2004a; Jafri et al., 2008). The backprojection method estimates, at
the subject level, temporal and spatial information associated with each group
component, by projecting the original single-subject data onto projection
matrices that combine the group-level unmixing matrix and the subject-level
PCA-derived matrices used for dimensionality reduction. Because these PCA
matrices are calculated separately for each subject there is no guarantee that, in
the reduced data space, consistent information (across subjects) is retained.
Hence this approach faces comparable problems to those attempting to combine
or template-match single-session ICA datasets prior to group analysis. Moreover,
the dependence on subject-specific PCA reduction raises the probability of
session-specific noise contributions sub-optimally influencing further analyses,
thereby confounding any final (usually within a GLM framework) cross-subject
RSN comparisons. Thus the backprojection approach is susceptible to both false-
positive and false-negative detection of effects at the group level. In response to

these challenges, a more recently developed approach (Filippini et al., 2009;
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Beckmann et al, 2009) estimates subject-specific RSNs from information
contained within the original functional data via a ‘dual regression’ technique
(Fig. 2.3B). This approach is applied extensively in the following research
chapters.

The dual regression technique differs from back-reconstruction through
performing spatiotemporal regression of the components from group-ICA
against the original, individual session, functional datasets. The spatial maps
output by a (temporal concatenation) group-ICA decomposition are first used as
a set of GLM (spatial) regressors in a fixed-effects multiple regression analysis
(Fig. 2.3Bi). This process generates individualised, session-specific time courses
for each independent component in each subject’s functional dataset (also see
Calhoun et al.,, 2004b). These time courses, rather than matrices calculated as
part of back-projection, are then normalised and used as GLM (temporal)
regressors in a second multiple linear regression against the functional datasets
(Fig. 2.3Bii). This generates individualised spatial maps for each original group-
level component. The analysis is carried out in a standard coordinate space, so
that cross-subject, mixed-/random-effects voxel-wise (ideally non-parametric,
e.g., Nichols and Holmes, 2002) statistical testing of RSNs can be carried out. The
statistical demeaning of data and regression variables is ‘standard’ across both
stages of the dual regression. However, some debate still surrounds the choice of
whether, or not, to variance normalise the temporal variables entered into the
second regression. The former approach is widely preferred, as it is sensitive to
additional variability across subjects in terms of (potentially meaningful)
RSN/component amplitudes, not just the synchronisation of voxel-wise BOLD

signal fluctuations with the time course of the (RSN) BOLD signal (e.g.,
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Beckmann et al., 2009; Roosendaal et al., 2010). This distinction is very similar to
that between linear regression and correlation techniques, respectively, in that
‘connectivity’ associations identified are informed by similarities in both the size
and the shape of the signals in the former case, but by shape similarities alone in
the latter. The dual regression approach has been validated in terms of its ability
to estimate session-level RSNs from group-level ICA spatial maps, consistently
and more reliably than single-session template-matching approaches (Zuo et al,,
2010a). For higher-level analyses of RSN data, performed within a GLM
framework (the ‘norm’), a non-parametric statistical approach is recommended,
due to the inherently non-Gaussian nature of signals contributing to components
identified by ICA. For the reasons explicated above, standard procedures
followed in this thesis include dual regression with variance normalisation of
second-level time course regressors, followed by non-parametric permutation
testing at the higher level. Correction of the statistical maps produced by
conducting null hypothesis tests across multiple voxels is also appropriate.

More recently, it has been proposed that the dual regression approach
may lack sensitivity to estimate ‘true’ subject-specific component time courses
and spatial maps, due to assumptions made when estimating subject-level
characteristics from ‘standardised’ group maps (Erhardt et al., 2011). Erhardt
and colleagues advocate an alternative approach using “noise-free” group-ICA
followed by an updated version of the back-reconstruction method to derive
subject-specific component information, which is found to more accurately
identify component spatial maps inserted within simulated data. However, at its
most basic level this critique and its resultant recommendations fail to take into

account that the goal of most researchers looking to apply such techniques is to
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be able to provide interpretations, backed up by statistics, of how a group or
individual characteristic differs from some standard (or normal) ‘ideal’ of
network-level connectivity behaviour (e.g., the work presented in subsequent
chapters). These claims also fail to recall the inherent variability and complexity
in structured neural network activity playing out within BOLD FMRI data,
particularly that collected without any concurrent task paradigm and in the
absence of an associated model. Outside of studies using simulations, data-
derived evidence remains lacking that the noise-free group-ICA and augmented
backprojection approach is superior to the dual regression method for
performing valid group-level comparisons of ICA-derived networks, especially in
the resting-state. Furthermore, the methods proposed in lieu of dual regression
are still prone to the same issues affecting PCA backprojection mentioned
previously, in that important variability in the data at the group level that is not
represented in the PCA reduction space for each subject is being ignored. Thus,
in the following research chapters, the dual regression methodology is a
mainstay to the multi-session/cross-subject comparison of RSNs.

Pragmatically, the RSN characterisations resulting from the network-
sensitive methods employed in this work are regarded as in most cases more
complex than univariate seed-based techniques widely applied across the
history of the field (e.g., Biswal et al., 1995; Lowe et al., 1998; Fox et al., 2005),
but in most cases less complex than untargeted, whole-brain connectivity
approaches exemplified by recent applications of graph theoretical models (for
reviews see e.g., Bullmore and Sporns, 2009; Smith, 2012). It is proposed that the
balanced level of complexity in this approach provides a more intuitive ‘middle

ground’: 1) to better approximate the apparently insurmountable (although see
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Laird et al., 2011) ‘ideal’ of comprehensively characterising a systems-level
neurocognitive functional ontology; and 2) to explain how modulations of large-
scale network connectivity processes are important for brain function (and
dysfunction) with sufficient detail and necessary clarity to inform clinical-
pharmacological applications.

In Chapters 3 to 5 the utility of a combined multi-subject (temporal
concatenation) ICA and dual regression approach is explored. These
‘unsupervised’ analysis methods are adapted here to characterise large-scale
within- and between-network connectivity relationships across the whole brain.
In addition, this work investigates how such an approach may be usefully
applied to questions of cognitive-behavioural functioning relevant for clinical
and psychopharmacological applications related, primarily, to aberrant
cognition, reward and motivational processing (such as in addiction) and

treatment thereof.

2.2.3 - Group-level SCA
It is important to attempt to ground discovery methods of brain functional
network connectivity within the realms of hypothesis-driven science and
appropriately selected statistics (e.g., Biswal et al., 2010; Fox and Greicius, 2010;
Wig et al,, 2011). Thus, in addition to assessing benefits to novel applications of
the (comparatively ‘exploratory’) network-sensitive multivariate techniques
discussed above, later research chapters introduce an advanced approach to
seed-based connectivity analysis applied to group-level questions.

As with group-ICA, higher-level approaches to SCA, while widely applied

and sharing some basic principles, are not universally standardised. Specifically,
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group-level SCA methodologies can vary in terms of the precise information
brought forward from single-subject analyses to the higher level. In practice,
most SCA group studies carry forward voxel-wise regression coefficients (e.g.,
Greicius et al.,, 2003) or bivariate correlation coefficients (e.g., Fox et al., 2005).
However, a number of more recent approaches use partial correlation
coefficients (e.g., Fransson and Marrelec, 2008; O'Reilly et al., 2010). All of these
values are identified from an initial, whole-brain analysis of the functional
connectivity with the time series extracted from a given seed region. At the
higher level, these values are then converted to z-statistics and averaged across
subjects in a standard GLM (for technical outlines of GLM methods applied to
FMRI data see e.g.,, Worsley and Friston, 1995; Beckmann et al., 2003), prior to
some form of hypothesis testing. The latter may or may not take into account
between-subject variability (i.e., be a mixed-effects or fixed-effects cross-subject
analysis). It has been highlighted that SCA methods display variability and
disparity in identifying meaningful neurobiological ‘networks’ and consensus
mapping (see section 2.1.2). Therefore, the analytical approaches applied to test
systems-level hypotheses in this thesis focus on multivariate techniques that
more completely capture the characteristics of these phenomena.

Although this work primarily presents applications of the ICA-based
methods outlined in the previous section to clinical-pharmacological questions,
Chapter 5 also introduces the application of group-level statistics to a recently-
developed ‘seed-based (partial) correlation analysis’ (SBCA) technique. At the
level of single subjects, SBCA is a useful method of parcellating specified
anatomical ‘seed’ regions in terms of their voxel-wise functional connectivity

relationship ‘preferences’ (and strengths of said correlations) with multiple
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‘target’ areas in the brain. One of the first uses of this method, for example,
involved parcellating the cerebellum in terms of its preferential functional
connectivity relationships with large-scale, contiguous cortical areas (O'Reilly et
al, 2010). As implemented in Chapters 5 and 6, these target maps can also
assume the definition of more distributed neural systems, such as particular
RSNs of interest, among other possible instantiations. Furthermore, data
resulting from subject-specific SBCA can be probed for across-subject or group
differences (see Chapter 5). As applied here, the approach shares some practical
similarities with dual regression, but is more hypothesis-driven in terms of the a
priori spatial information entered. Therefore, SCBA may provide more focussed
measures of how connectivity interactions between networks and specific
anatomical (e.g., subcortical) regions are altered in pathological processes of
cognition, reward, emotion or motivation and, further, how these patterns can be

modulated pharmacologically.
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Chapter 3 - Network sensitivity to

pharmacotherapeutic modulation

Nicotine withdrawal remediation reflected in RSN dynamics

In nicotine addiction, the neural mediators of treatment effects and efficacy and,
further, their interactions with individual differences in disease severity are
incompletely characterised. In this context, resting-state FMRI metrics may
provide more applicable, ‘global’ characterisations of drug modulations and
relevant functions. This first experimental study tested for network-level
functional connectivity patterns associated with symptoms of cigarette smoking
withdrawal and subsequent improvements following nicotine replacement
therapy (NRT) in 17 heavy smokers, in a double-blind, placebo-controlled,
crossover design. Individual differences in cognitive withdrawal symptom
improvements after NRT were associated with increased inverse coupling
between salience/executive control (SEN) and default mode (DMN) networks.
Furthermore, symptom improvements were negatively correlated with altered
functional connectivity within the DMN and with connectivity between the SEN
and regions implicated in reward processing. Findings reveal that, in abstinent
smokers, NRT modulates dynamic interactions between large-scale cognitive
RSNs in line with withdrawal remediation. Individual differences in RSN
functional connectivity may predict therapeutic outcomes in nicotine addiction

and other conditions associated with cognitive impairments.
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3.1 - Introduction

In addition to promoting commonly recognised symptoms such as craving and
impaired mood, smoking cessation is known to cause cognitive withdrawal
symptoms including difficulty concentrating* (Parrott et al, 1996). Such
cognitive impairments are thought to contribute to smoking relapse and may be
relieved by nicotine replacement therapy (NRT; Parrott and Roberts, 1991;
Heishman et al.,, 1994; Bell et al.,, 1999). Perfusion and BOLD FMRI studies in
abstinent smokers associate specific symptoms with increased activity, relative
to states of smoking satiety, in localised brain regions; including abstinence-
induced craving represented by orbitofrontal, anterior cingulate and insular
cortices (Wang et al, 2007b) and activity increasing in line with impaired
cognitive processing in dorsolateral prefrontal cortex (Xu et al, 2005).
Administering NRT prior to withdrawal symptom onset has been shown to
modulate neural activity in many such regions, even though these effects are
observed independently of symptoms of cognitive impairment or improvement
therein (Lawrence et al., 2002; Hahn et al.,, 2007).

Imaging studies of smoking and nicotine neuropsychopharmacology
typically employ behavioural tasks to evoke brain activity (Newhouse et al,,
2011). This approach provides valuable insight into localised brain mechanisms
underlying task-specific manifestations of behaviour. However, studies of
resting-state activity may provide complementary information about
spontaneous neural processes occurring at a more distributed, systems level

(Fox and Raichle, 2007; Buckner et al., 2008; Newhouse et al., 2011). The current

4Portions of this chapter are reproduced from a related publication: Cole DM, Beckmann CF, Long
CJ], Matthews PM, Durcan M], Beaver JD (2010b) Nicotine replacement in abstinent smokers
improves cognitive withdrawal symptoms with modulation of resting brain network dynamics.
Neuroimage 52:590-599.
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study used resting-state ‘pharmacological FMRI' to establish neural signatures
associated with NRT remediation of withdrawal-induced lapses in concentration,
as well as the gross effects of the drug treatment itself. Of particular interest
were withdrawal symptom relationships with connectivity fluctuations between
two RSNs implicated in mediating cognitive efficiency.

In this study it was hypothesised that nicotine withdrawal would reduce
negative temporal correlations between the DMN and one or more ‘task-positive’
frontoparietal networks in line with cognitive impairment, with nicotine
replacement ameliorating this effect in line with symptom improvements.
Previous task-related and resting-state FMRI research indicates that activity is
often negatively coupled, or “anti-correlated”, between the DMN and task-
positive networks, such as ‘salience processing’ and ‘executive control’ networks
(SENSs), such that BOLD activity reductions in DMN foci occur concomitantly with
increased activity (and vice versa) in SEN regions including anterior cingulate,
anterior insular, dorsolateral prefrontal and inferior parietal cortices (Greicius et
al., 2003; Fox et al., 2005; Fransson, 2005; Castellanos et al., 2008; Kelly et al,,
2008; Zuo et al., 2010a). It has been proposed further that the strength of this
inverse relationship mediates the efficient allocation of cognitive resources
(Castellanos et al.,, 2008). Here this hypothesis was tested in the context of

cognitive impairment during nicotine withdrawal.

3.2 - Materials and methods
3.2.1 - Subjects
Participants were 17 right-handed smokers (4 female; mean age = 30.3 years *

1.78 standard error, range = 19-49 years), studied as part of a larger cohort
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undergoing simultaneous EEG-FMRI during a cognitive task. These data have
been reported elsewhere and provide complementary findings to those
presented in this chapter (Beaver et al., 2011; see also section 3.4.2). To ensure
that subjects with a history of neurological or psychiatric illness were excluded
from taking part in the study, written confirmation was obtained directly from
each participant’s general practitioner prior to enrolment. All subjects smoked
regularly for at least one year (mean = 11.2 + 6.6 standard deviation (SD), range
= 2-27 years), smoked approximately ten or more commercially manufactured
cigarettes on average per day (mean = 15.7 * 5.4 SD, range = 7-30 per day), and
their first daily cigarette was usually consumed within 30 min of waking.
Subjects completed the Fagerstrom Test for Nicotine Dependence (Heatherton et
al, 1991) during initial screening (mean score = 5.6 = 1.7 SD, range = 3-9).
Procedures on the day of the study included breath and urine testing to avoid
scanning subjects with recent alcohol consumption or other recreational drug
use. All subjects were deemed free of structural brain abnormalities following

review of anatomical MRI scans by a qualified neuroradiologist.

3.2.2 - Study Design

The study was randomised and placebo-controlled in a crossover design. Each
subject underwent two resting-state FMRI scanning sessions, with at least 48 hr
and a maximum of 3 weeks between sessions. Drug administration was
investigator- and subject-blind. Subjects smoked a cigarette on arrival at the
study centre and then abstained from smoking, under observation, for 8 hr
before the first dosing and thereafter until the end of the session. This time

frame is sufficient to induce withdrawal symptoms in most habitual smokers
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(Hughes et al.,, 1994). Participants received two identical doses on each visit,
either with a 4mg nicotine lozenge (NiQuitin®, GlaxoSmithKline) or a taste-
matched placebo lozenge containing capsicum. The first and second doses were
respectively administered 3.5 and 1.5 hr prior to the resting-state scan. This
dosing regimen has previously been shown to significantly reduce cognitive
withdrawal symptoms (Atzori et al., 2008). Immediately prior to the 5 min
resting-state scan, subjects performed an attentionally demanding rapid visual
information processing task (Lawrence et al., 2002) for 28 min (for detailed
discussion of these data see Beaver et al., 2011) and for a brief summary see
section 3.4.2). For the resting-state scan, subjects were instructed to lie quietly
still with their eyes closed, and to stay awake. All subjects gave written, informed
consent in which confidentiality, anonymity, and the opportunity to withdraw
without penalty were assured. The study was carried out in accordance with the
standards of the Declaration of Helsinki and the protocol was approved by the

Charing Cross Hospital Research Ethics Committee.

3.2.3 - Withdrawal symptom measures

Nicotine withdrawal was assessed using the Modified Minnesota Withdrawal
Symptom (MMWS) scale (Hughes and Hatsukami, 1986; Hughes, 1992)
immediately after the resting-state scan, approximately corresponding to 1.75 hr
after the second dose and 11.75 hr after a subject’s last cigarette. The MMWS is a
self-report measure of the intensity of cognitive, affective and interoceptive
dimensions of nicotine withdrawal. Subjects provided a rating between 0 (no
withdrawal) and 4 (severe withdrawal) on items such as difficulty concentrating,

anxiety, craving and increased appetite (see Table 3.1 for complete list), giving a
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possible total score between 0 and 28 for broad-spectrum, clinical withdrawal.
Paired one-tailed t-tests were carried out on the MMWS scores in order to
confirm which withdrawal symptoms were significantly reduced (p < 0.05,

uncorrected) by NRT administration relative to placebo.

3.2.4 - FMRI data acquisition and standard preprocessing

Single-shot, T2*-weighted, gradient-EPI data sensitive to BOLD contrast were
acquired continuously on a 3-Tesla MAGNETOM Tim Trio whole-body MRI
scanner (Siemens, Erlangen, Germany) with a 12-channel birdcage radio
frequency head coil. Each scan session consisted of 98 volumes of whole-brain,
41-slice acquisition (TR = 3000 ms, TE = 30 ms, flip angle = 909, voxel size = 3.5
mm?). The first four volumes were discarded from further analyses to allow for
magnetic equilibration, resulting in a 94-point time series at each voxel per scan.
Additional high-resolution T1-weighted anatomical MRI scans (MPRAGE) were
acquired for each subject to aid with EPI co-registration (TR = 3000 ms, TE =

3.66 ms, flip angle = 99, voxel size = 1 mm?, 208 slices).
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Initial preprocessing® was carried out using tools from the Functional Magnetic
Resonance Imaging of the Brain (FMRIB) Software Library (FSL Version 4.1.2;
Oxford, United Kingdom; http://www.fmrib.ox.ac.uk/fsl; Smith et al., 2004). EPI
data were motion-corrected with Motion Correction FLIRT (Jenkinson et al,,
2002), stripped of non-brain information using BET (Smith, 2002), spatially
smoothed with a Gaussian kernel of 5 mm full-width half-maximum (FWHM) and
high-pass temporally filtered at 100 s. EPI volumes were registered to the
individual subject’s high-resolution anatomical volume and the MNI152 2 mm?
stereotactic standard space template using FNIRT, the FMRIB non-linear image

registration tool (Andersson et al., 2007).

3.2.5 - Resting-state network functional connectivity analyses (i): Summary

The following is a brief summary of statistical analysis procedures. Step 1:
probabilistic ICA with temporal concatenation was used to identify group
independent component spatial maps including RSNs. Step 2: dual regression
(see section 2.2.2) was used to convert these into scan-specific component time
courses and spatial maps for each individual. These data were the focus of
subsequent analyses. Step 3: a selective partial correlation analysis was
conducted of the temporal dynamics between the identified SEN and DMN, to
examine variability in RSN coupling behaviour related to individual differences
in improved concentration following NRT (relative to placebo). Step 4: a more
inclusive, voxel-wise multiple regression analysis was conducted, separately for

both the SEN and DMN, testing: (i) the relationship between RSN functional

5Preprocessing steps implemented in this chapter are identical to those described in subsequent
chapters, unless stated otherwise.
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connectivity across the whole brain and individual differences in clinical
withdrawal symptom improvements by NRT (relative to placebo); and (ii) a
between-session comparison of treatment effects (nicotine vs. placebo) on RSN
connectivity across the whole brain, independent of clinical improvements.

These steps are described in greater detail below.

3.2.6 - RSN functional connectivity analyses (ii): ICA and dual regression

Group probabilistic ICA with temporal concatenation was carried out using FSL
MELODIC (Beckmann and Smith, 2004; Beckmann et al., 2005; Beckmann and
Smith, 2005), to identify independent components across all 34 datasets (17
subjects x 2 treatment sessions). This identifies voxels that: (i) share correlated
temporal patterns of BOLD signal variation, or functional connectivity, within
individual scan sessions; and (ii) explain spatially-normalised components of
resting-state functional connectivity across the group, including group-level
RSNs. The total number of components generated by ICA was optimally selected
for the dataset via dimensionality estimation using the Laplace approximation to
the full Bayesian evidence of the model order (see section 2.1.3). The resulting
maps were thresholded using an alternative hypothesis test fitting a
Gaussian/Gamma mixture model to a histogram of intensity values, with a
significance level of p > 0.5 (for details see Beckmann and Smith, 2004).
Components corresponding to the DMN and SEN were visually identified from
the final set of group-ICA maps through comparison with previous literature,
based on their spatial configurations and the power spectral density of the
associated time courses (e.g., Beckmann et al.,, 2005; Damoiseaux et al., 2006;

Mantini et al., 2007; Damoiseaux et al., 2008).
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Dual regression was used to derive individual scan session time courses
and spatial maps for the SEN and DMN (Beckmann et al., 2009; Filippini et al.,
2009). These data were then tested for RSN connectivity changes across
treatment sessions, as well as for relationships between such changes and
individual differences in symptom reductions; both in terms of: (i) dynamic
changes in temporal coupling between the two networks; and (ii) exploration of
whole-brain, within-subject changes in RSN connectivity patterns. In dual
regression, for each IC, voxel-wise maps of functional connectivity strength
(regression coefficients) at the subject/scan level, representing ‘individualised’
versions of the group-level components, were calculated as follows. Step 1: all
unthresholded group maps from the ICA output were entered into linear model
fits (spatial regression) against the preprocessed FMRI data from each individual
resting-state acquisition, to produce subject- and scan-specific time courses of
signal fluctuation corresponding to each group-level component (one per column
in the resulting matrix; 14 components x 94 time points). Step 2: the within-
session time courses were variance-normalised and then used in linear model
fits (temporal regression) against the corresponding FMRI data, converting each
time series into scan-specific spatial maps of the corresponding component; two
per subject (one for each treatment session). This method reliably produces scan
session-specific approximations to all the unthresholded spatial maps in the
group-ICA output (Zuo et al.,, 2010a). These data constitute separate single 4-D
files for each functional scan, with one scan-specific version of each group
component spatial map per 3-D volume, each in turn containing whole-brain
voxel-wise regression coefficient maps of network functional connectivity with

the respective IC. These individualised, subject/scan-specific instantiations of
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equivalent group-level components were subsequently split into individual 3-D
files to isolate the SEN and DMN maps for each subject and session. In order to
conduct statistical comparisons in the next step, 3-D maps were then merged
across all subjects to create a single 4-D file per RSN. Step 3: the resulting scan-
specific spatial maps were probed voxel-wise via mixed-effects linear model
contrasts in a multiple regression framework. This entailed non-parametric
permutation testing as implemented within FSL randomise (Nichols and Holmes,
2002) to compare SEN and DMN maps separately across the whole brain for
correlations between within-subject functional connectivity changes and
withdrawal symptom improvements, as well as mean network functional

connectivity differences between treatment sessions (5000 permutations).

3.2.7 - RSN functional connectivity analyses (iii): Changes in between-network
coupling

The hypothesis that cognitive symptom improvements by NRT relate to between-
network connectivity was tested by examining the relationship between the
change in MMWS scores (nicotine session - placebo session) and variation in the
coupling between the SEN and DMN time course dynamics. Session-specific
network time courses derived from Step 1 of the dual regression (see section
3.2.6) were subject to a partial correlation analysis® to examine the temporal
association between the two RSNs of interest, controlling for the influence of
variance shared with other independent components present in the functional

data. In this analysis the time courses of the DMN and SEN were correlated,

6As implemented in the Statistical Package for the Social Sciences version 12.0 (SPSS Inc.,
Chicago, IL, USA).
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separately for each individual scanning session, controlling for the session-
specific time courses of all other components identified by ICA and subsequent
dual regression. The resulting partial correlation coefficients from each subject’s
placebo session were first Fisher-transformed to a normal (z-score) distribution,
then subtracted from those in the nicotine session, producing ‘change in network
coupling’ (CNC) measures, or difference scores, of the relationship between the
DMN and SEN for each subject, between treatment conditions. Of particular
interest was the relationship between CNC scores and individual variability in
improvements of self-reported difficulty concentrating. CNC values were
therefore correlated (Pearson’s r) with nicotine-placebo session difference
scores of ‘difficulty concentrating,” an item measured by the MMWS scale, as well
as total MMWS difference scores. For completeness, CNC scores were also
compared with difference scores on the remaining MMWS items, correcting for
multiple comparisons. As the MMWS items predictably displayed a degree of
statistical non-independence, a Bonferroni correction was applied for (the
significance p < 0.05 was divided by) six eigenvectors explaining > 99% of the
variance in the MMWS dataset calculated using PCA” (thus significance p <
0.0083, uncorrected). Paired permutation testing (10000 permutations) of the
single-session SEN-DMN partial correlation coefficients was carried out in order

to test for main effects of treatment type on RSN coupling between sessions.

7Principal component analysis (PCA) of behavioural data was carried out using the “eig” function
as implemented in MATLAB 7 (The MathWorks Inc., Natick, MA, USA).
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3.2.8 - RSN functional connectivity analyses (iv): Whole-brain effects of individual
differences in NRT-induced withdrawal symptom reduction on RSN connectivity

Further to testing the hypothesis of between-network coupling reflecting
improvements in concentration, additional analyses explored whether individual
differences in treatment-induced clinical withdrawal symptom improvements
were associated with variation in RSN functional connectivity. Total MMWS
scores were therefore demeaned across the group and entered as positive and
negative covariates of interest in Step 3 of the resting-state dual regression data
analysis (see section 3.2.6). Unlike the comparison of between-network
dynamics, this approach probed the effects of individual differences on
functional network connectivity across the entire brain. This spatially sensitive
method potentially provides a more global spatial characterisation of regions in
which changes in connectivity with RSNs are positively or negatively correlated
with psychological withdrawal symptom improvements. To control for potential
differences in RSN functional connectivity affected by prior task performance
(see e.g., Albert et al, 2009), separately from the cognitive and clinical
withdrawal symptoms of interest, accuracy scores in the most difficult condition
of the information processing task (Beaver et al., 2011) were similarly included
as confound regressors. Normalised 2 mm? voxels displaying zero signal in at
least one individual scan session, or falling below a 30% threshold of containing
grey matter based on a study population-specific probabilistic atlas calculated
using FAST (part of FSL; Zhang et al., 2001), were excluded from this analysis. In
conjunction with the above procedures, this produced group inference spatial
maps of voxel-wise t-statistics showing the difference in functional connectivity

between the treatment conditions, plus separate connectivity profiles for both
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the SEN and the DMN, indicating regions displaying altered connectivity with the
RSN, positively or negatively correlated with MMWS withdrawal symptom
changes.

Clusters resulting from the treatment effect contrasts, and those from
mean effect maps correlating with individual differences in symptoms, were
defined as significant if there were at least 15 contiguous voxels that survived
the correction for multiple comparisons at the p < 0.05 level, controlling for the
local false discovery rate (FDR; Efron, 2004). The 15-voxel extent threshold was
employed to exclude regional effects that survived the voxel-wise local FDR
correction, but were minimally spatially extensive and, therefore, likely to be of
reduced functional significance and/or liable to an increased probability of
expressing diminished signal-to-noise ratio. To characterise statistically
significant positive or negative correlations between connectivity and behaviour,
clusters identified from the multiple regression incorporating MMWS covariates
(Tables 3.2 and 3.3) were further used as post-hoc ROI masks. These ROI masks
were applied to the associated individual subject/scan-specific RSNs of interest
as identified by Step 2 of the dual regression (see section 3.2.6). In this way,
parameter estimates of RSN-ROI functional connectivity for each scan session
were extracted from all combined and individual significant regions identified
from separate statistical behavioural mean effect images, so that connectivity
changes, or difference scores, could be calculated between the nicotine and
placebo sessions for each subject. These values were in turn correlated with
individual total and itemised MMWS difference scores between treatments, to
provide a preliminary, post-hoc illustration of the functional relevance of the

inferred significant effects (see Tables 3.2 and 3.3). The significance p-values (p <
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0.05, corrected) of the resulting correlation coefficients were Bonferroni
corrected for multiple comparisons as in the comparison of changes in between-

network coupling (section 3.2.7).
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3.3 - Results

3.3.1 - Behavioural withdrawal symptom measures

As expected, subjects varied widely both in cognitive withdrawal symptom
severity and in treatment-related symptom improvements (see Table 3.1).
Overall, paired t-tests showed that NRT (relative to placebo) significantly
reduced total MMWS (t = 2.52, p < 0.05, uncorrected) and difficulty
concentrating scores (t = 1.98, p < 0.05, uncorrected), as well as other MMWS

single item sub-scores (Table 3.1).

3.3.2 - RSN functional connectivity analyses (i): Group-1CA

Group-ICA identified fourteen independent components in the resting-state
FMRI datasets. Eight of these corresponded closely to previously described RSNs
(e.g., Beckmann et al., 2005; Damoiseaux et al., 2008; Sridharan et al., 2008): 1) a
representative SEN map, including the anterior cingulate, anterior insula/frontal
operculum, supramarginal gyrus and dorsolateral prefrontal cortex (Fig. 3.1A);
2) the DMN, including the posterior cingulate, precuneus, angular gyrus and
ventromedial prefrontal cortex (Fig. 3.1B); 3) a somatomotor network; 4) the
dorsal visual processing stream; 5) the ventral visual processing stream; 6) the
primary visual cortex; and separate 7) left- and 8) right-lateralised frontoparietal
networks (for details on the spatial characteristics of these additional networks,
see e.g, Fig. 1.1; Beckmann et al, 2005). The remaining six components
represented artefacts from magnetic susceptibility changes, head motion and
respiratory and cardiovascular motion effects (see e.g., Kiviniemi et al., 2009).
Subsequent analyses focussed on the SEN and DMN maps in line with the a priori

hypothesis.
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Figure 3.1. Spatial characteristics of the SEN (A) and the DMN (B) as estimated by
group-ICA of both nicotine and placebo treatment conditions (N = 17). Colour intensities
are voxel-wise z-statistics of the mean strength of regional functional connectivity with
the mean temporal activity of the larger network. Red-yellow indicates a positive
connectivity association with the characteristic network time course, while blue
indicates a negative network connectivity association.

3.3.3 - RSN functional connectivity analyses (ii): DMN-SEN coupling

In line with the hypothesis, there was a wide variation in the SEN-DMN partial
correlation coefficients across subjects (nicotine: mean r = -0.15 + 0.31 SD, range
=-0.73 to 0.33; placebo: mean r =-0.17 = 0.21 SD, range = -0.47 to 0.22; see Fig.
3.2 for individual subject examples). To test whether this variation related to
individual differences in the reduction of withdrawal symptoms it was necessary
to calculate (i) the normalised ‘change in network coupling’ (CNC) between the
SEN and DMN across treatment conditions and (ii) MMWS difference scores
between NRT and placebo treatments for each subject. Correlations between the
CNC and MMWS difference scores were then carried out. Consistent with the
hypothesis that coupling between the SEN and DMN is related to the cognitive

symptoms of smoking abstinence, CNC values were positively correlated with
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MMWS ‘difficulty concentrating’ difference scores (r = 0.62; p < 0.05, corrected;
uncorrected p = 0.0080; Fig. 3.3). There were no other strong correlations
between CNC measures and difference sub-scores for other MMWS items or the
total scores (all r values < 0.45, all uncorrected p > 0.10). At a group level,
without accounting for individual differences in MMWS symptom improvements
between sessions, permutation testing for a main effect of treatment revealed no
significant effect of NRT (relative to placebo) on changes in coupling between the

SEN and DMN networks defined in the resting-state data (p = 0.47).

Nicotine Placebo

Good subjective response
to Nicotine replacement

Poor subjective response
to Nicotine replacement
o

0 282 0 282

Time (s)

Figure 3.2. Dynamic signal fluctuations of the SEN (red) and DMN (blue) from nicotine
and placebo sessions of two individual subjects. The first example subject (top row)
responded well to nicotine replacement in terms of a large reduction in withdrawal
symptoms in the nicotine compared to the placebo session. The concurrent increase in
coupling between the characteristic network time courses of the SEN and DMN is clear
from the associated plots. The second example subject (bottom row) displayed no
overall reduction in withdrawal symptoms between the nicotine and placebo sessions.
Accordingly, this subject displays no overt change in SEN-DMN coupling between
treatment conditions. Y-axis values represent normalised mean signal fluctuation in the
RSN; the x-axis denotes time, ranging from the start of the resting-state scan (0 s) to the
end of acquisition (282 s).
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Figure 3.3. (A) Positive correlation (r = 0.62, p < 0.05, corrected) between the change in
network coupling (CNC) of the SEN and DMN between treatment conditions and self-
reported difference scores of nicotine-induced improvements in difficulty concentrating
(N = 17). Centre line denotes the mean group effect; outer lines indicate 95% confidence
intervals for individual cases.

3.3.4 - RSN functional connectivity analyses (iii): connectivity changes correlated
with individual treatment response variability

To explore effects of NRT on brain functional changes related to clinical
symptoms of tobacco withdrawal across the whole brain, subject- and session-
specific maps of RSN functional connectivity were defined via dual regression.
The effects of individual differences in total MMWS symptom improvementsg by
NRT (relative to placebo) on: (i) SEN whole-brain network functional

connectivity and (ii) DMN whole-brain connectivity were separately assessed by

8Total MMWS scores were found to explain more variance in the self-report data than any other
behavioural variables, as calculated by PCA (see section 3.2.7) and are thus likely to provide the
most relevant covariate for elucidating individual differences in related brain metrics. For this
reason these values for each subject were used in this higher-level analysis, rather than scores on
the “difficulty concentrating” item alone, which was most strongly associated with the change in
DMN-SEN coupling dynamics (reported in section 3.3.3).
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a within-subject analysis, using the GLM to perform voxel-wise paired
comparisons.

Significant correlations (p < 0.05, local FDR corrected) were identified
between MMWS difference scores and treatment-related changes in the
functional connectivity of both RSNs of interest (the SEN and the DMN) with
resting activity fluctuations in other brain regions (Fig. 3.4; see Tables 3.2 and
3.3 for full results). These included negative correlations between MMWS
difference scores (and thus positive correlations between symptom reductions)
and the connectivity of the SEN with activity in regions including the left
orbitofrontal cortex, left dorsomedial prefrontal cortex and left thalamus (Fig.
3.4A,B; blue). Conversely, positive correlations between MMWS difference scores
and functional connectivity changes with the SEN (negatively related to symptom
reductions) were found in regions including the right posterior insula, right
posterior middle/inferior temporal gyri, left post-central gyrus and right
precentral gyrus/central sulcus (Fig. 3.4A,B; red-yellow). MMWS difference
scores were negatively correlated with functional connectivity changes between
the DMN and clusters including the left mid-cingulate and left lateral
orbitofrontal cortices (Fig. 3.4C,D; blue). Positive correlations were found
between MMWS difference scores and functional connectivity changes of the
DMN with activity in regions including the left dorsal hippocampus, bilateral

precuneus and bilateral parahippocampal gyri (Fig. 3.4C,D; red-yellow).
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3.3.5 - RSN functional connectivity analyses (iv): Drug effects of nicotine on RSN
functional connectivity

The dual regression and subsequent voxel-wise analysis also identified brain
regions showing significant functional connectivity changes with either the SEN
or DMN between treatment sessions, independent of individual differences in
symptom improvements (p < 0.05, local FDR corrected). Relative to placebo, NRT
significantly reduced functional connectivity between the SEN and the time
courses of activity in clusters located in the bilateral temporal poles extending
into frontal opercular/orbitofrontal cortex, left posterior insula and left dorsal
anterior cerebellum. NRT significantly increased functional connectivity between
the SEN and activity in superior and inferior regions of right precentral gyrus.
NRT administration significantly reduced functional connectivity between the
DMN and the time course of activity in one region of occipital striate cortex, and
increased connectivity between the DMN and activity in left posterior precuneus

and right posterior cuneus (Tables 3.2 and 3.3).

3.4 - Discussion

3.4.1 - Summary

This study investigated the utility of RSN functional connectivity measures in
providing sensitive systems-level markers of the clinical effects of NRT on
cognition supported by large-scale neural networks. The primary hypothesis was
tested that NRT-related symptom improvements in abstinent smokers are
associated with modulations in the functional connectivity between
salience/executive control and default mode RSNs. Therapeutic effects of

nicotine to reduce cognitive impairments during smoking abstinence correlated
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significantly with the changes in coupling between SEN and DMN network
dynamics. This provides evidence that acute therapeutic effects are related to
modulation of brain processes implicated in salience processing, executive
control, attention and motivated behaviour. Exploratory analysis of the
connectivity of these RSNs with voxel-wise activity across the whole brain
identified additional pharmacological effects. Functional connectivity changes
between the SEN and several regions contributing to the DMN, and vice versa,
were positively correlated with beneficial clinical effects of nicotine replacement.
Conversely, negative correlations with therapeutic effects were identified by
changes in the within-network connectivity of both the SEN and DMN, suggesting
distinct functional consequences for alterations in connectivity within and
between core cognitive networks in nicotine addiction. These results emphasise
that NRT not only reduces nicotine craving, but also alters brain signalling and
functional connectivity (as measured using BOLD FMRI) in ways that contribute

to subjective improvements in cognition.

3.4.2 - SEN-DMN coupling and subjective measures of concentration

Improved concentration following nicotine administration was associated with
increased negative coupling between the SEN and DMN. This finding provides
direct support for theories relating increased SEN-DMN negative coupling to
improvements in cognitive control. Previous research in healthy populations has
shown that activity patterns in these two RSNs are negatively correlated in many
cognitive task models (Shulman et al., 1997; Greicius et al., 2003; Sridharan et al.,
2008). Castellanos and colleagues have suggested that the degree of coupling

between these networks is sensitive to individual variability in cognitive

96



performance, and that a greater negative correlation, as demonstrated here with
NRT relative to placebo, is associated with improved cognition or more ‘efficient’
cognitive control (Castellanos et al., 2008; Kelly et al., 2008). Seed-based (SCA)
studies of connectivity during both task performance (Baliki et al., 2008; Kelly et
al., 2008) and rest (Wang et al., 2007a; Castellanos et al., 2008) provide support
for these differences mediating cognitive abilities in healthy subjects and
multiple neuropsychiatric populations. Because activity in the SEN is linked to
cognitive control (Bush et al.,, 2000; Dosenbach et al., 2007; Laird et al., 2011), as
is its negative relationship with the DMN (Kelly et al., 2008; Leech et al., 2011),
one would expect, as the current results demonstrate, to see a stronger
correlation between SEN-DMN coupling and cognitive symptoms such as
difficulty concentrating, relative to other symptoms of smoking withdrawal.
Further work is needed to distinguish potential elements of SEN-DMN coupling
(and related intra- and inter-RSN functional connectivity patterns) mediating
specific processes adversely affected during impaired cognitive states (e.g.,
withdrawal), including attention (Castellanos et al., 2008), novelty/salience
monitoring (Seeley et al., 2007; Froeliger et al, 2009) and working memory
(Vincent et al., 2006; Dosenbach et al., 2007). Indeed, in a related experiment
recently reported, promising initial findings have revealed novel insights into the
neural underpinnings of nicotine’s effects on cognition, by showing that NRT
simultaneously increases and decreases model-related activation during a
demanding cognitive task in large-scale ‘task-positive’ and default mode neural
networks, respectively (Beaver et al.,, 2011). Of chief importance in terms of
neuronal interpretations, this study also found this NRT-related enhancement to

be strongly coupled with alpha band activity as measured by co-acquired EEG.
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This study focussed on investigating functional connectivity in the context
of nicotine withdrawal and subsequent pharmacotherapy. However, some of the
results are consistent with prior findings of task-related FMRI activation
(Lawrence et al., 2002; Hahn et al., 2007) and SCA resting connectivity studies
(Hong et al., 2009) in smokers not experiencing withdrawal symptoms. Hahn and
colleagues previously demonstrated reduced BOLD signal in regions
corresponding to the DMN during a visuo-spatial attention task in smokers given
nicotine, which was interpreted as acute nicotinic “down-regulation” of DMN
activity during task performance (Hahn et al,, 2007). Combined with reported
nicotine-related increases in cingulate resting functional connectivity (Hong et
al, 2009), this is consistent with the current finding of between-network
coupling during withdrawal altered by pharmacotherapy. Differences between
these results and those of preceding studies, in terms of nicotine affecting within-
network connectivity between the SEN and fronto-temporal/insular cortex, may
be related to the longer abstinence period in this study, designed to induce
withdrawal symptoms prior to NRT administration.

The multivariate analysis employed here complements prior approaches
to understanding the neural mechanisms underlying beneficial effects of NRT on
cognition, affording ‘bidirectional’ descriptions of dynamic, temporally
correlated BOLD oscillations within and between networks. Unidirectional,
single-network interpretations, positing a nicotine-induced down-regulation of
the DMN during tasks or “up-regulation” at rest (Hahn et al., 2007; Beaver et al,,
2011), have been based on stationary (i.e., time-invariant) approaches to
analysing dynamic BOLD data, necessitated by both the task-related activation

paradigms and seed-based connectivity models employed (see sections 1.3 &
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2.1). Unidirectional approaches may be anatomically restrictive to systems-level
hypotheses, especially those addressing interactions between distinct networks
(Chang and Glover, 2010). Here it is demonstrated (i) that the co-activation
signal within the DMN is often accompanied by an inversely correlated signal
fluctuation across the SEN at the systems-level, and (ii) that the dynamics of
these two RSNs couple inversely in a nonstationary, state-specific manner
correlated with individual differences in acute cognitive symptom

improvements.

3.4.3 - RSN connectivity and improvements in withdrawal symptoms

Results showed that improvements in clinical symptoms of smoking withdrawal
were positively correlated with SEN connectivity changes, both in brain regions
contributing to the DMN (e.g., medial prefrontal cortex and thalamus) and in
regions involved in reward processing (e.g., orbitofrontal cortex; OFC;
Kringelbach and Rolls, 2004; O'Doherty, 2004). The DMN also displayed
functional connectivity with SEN mid-cingulate cortex regions and OFC that
correlated positively with improvements in withdrawal symptoms after nicotine
replacement. One could speculate that the analysis identifies key integrative
nodes (e.g., prefrontal cortex and thalamus) that mediate interactions between
the two major cognitive processing networks. Future studies could also address
whether altered connectivity of the DMN and SEN with regions of OFC may
further link their coupling dynamics to changes in reward or salience processing
relevant for addiction and other maladaptive motivated behaviours (O'Doherty,
2004; Volkow et al,, 2011; Meunier et al.,, 2012; Tomasi and Volkow, 2012; see

also Chapter 4).
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Results also highlighted that reduced withdrawal symptoms were
negatively correlated with changes in within-network functional connectivity in
the DMN, including with the hippocampus and parahippocampal gyrus.
Networks involving these regions have been proposed to play a critical role in
aspects of episodic memory (Greicius et al., 2004; Vincent et al., 2006), but also
have been widely implicated in drug-dependence (e.g., Kenney and Gould, 2008;
Koob and Volkow, 2010). Links between hippocampal integration with
associative cortex in the precuneus (identified here in the same regression
contrast) and cognitive deficits are apparent from findings of reduced default
mode connectivity with the hippocampus in Alzheimer’s disease (Greicius et al.,
2004), along with abnormally increased DMN-hippocampal connectivity in
populations genetically ‘at-risk’ for the disease (Filippini et al., 2009). These
neural changes could contribute to memory deficits associated with smoking
abstinence, subjectively alleviated by NRT (Atzori et al.,, 2008; Froeliger et al.,
2009). Further, the SEN displayed functional connectivity changes with the
insula negatively correlated with clinical symptom improvements after nicotine
replacement. Therefore, pharmacotherapy may also ameliorate smoking
withdrawal symptoms by modulating executive functional integration of activity
in a region thought to be involved in processing unpleasant salient physical and
emotional sensations, and found to be critical to the desire to continue cigarette

smoking in addicts following acquired brain injury (Naqvi et al., 2007).

3.4.4 - Methodological considerations
A number of methodological points warrant discussion. First, as detailed in

section 2.1.1 (see also Cole et al., 2010a), controversy surrounds the use of global
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mean signal regression (used widely in univariate SCA connectivity models to
correct for non-neuronal, physiological noise) as a preprocessing step in resting-
state FMRI studies. Removal of this information could induce artefactual
negative correlations between time series (Murphy et al, 2009), although
counter-arguments exist (Fox et al, 2009). Nevertheless, in the current study
modulations were inferred in the correlation between the SEN and DMN by
multivariate analysis of within-subject data obtained in two controlled
conditions without performing global signal regression. It remains possible that
the partial correlation technique used to measure the within-session
relationship between the SEN and DMN may increase the probability of finding
negative correlations (Marrelec et al., 2009; Smith et al., 2011). However, such a
bias cannot account for the observed correlation between withdrawal symptom
reductions and increased negative coupling between cognitive RSNs (i.e.,
associations between the changes in within-subject variables) across two
controlled experimental conditions.

Second, because BOLD FMRI is sensitive to changes in the relative ratio of
oxygenated to deoxygenated haemoglobin (Ogawa et al., 1990), it is possible that
functional connectivity measurements could be influenced by direct effects of
nicotine on cortical vasodilation altering neurovascular coupling (Mathew and
Wilson, 1991; lida et al.,, 1998). Similar considerations are necessary for the
majority of pharmacological FMRI studies (Matthews et al., 2006; Iannetti and
Wise, 2007). However, global changes in cortical vasodilation cannot account for
the significant correlations found here between the connectivity dynamics of
FMRI signals and individual differences in self-reported clinical improvements.

Additionally, it has been shown with perfusion FMRI methods (allowing absolute
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measurement of cerebral blood flow) that NRT does not alter global cerebral
blood flow or neurovascular coupling in a regionally non-specific manner (Hahn
et al.,, 2007; Hahn et al., 2009).

Finally, the resting-state data presented in this study were acquired
immediately following performance of a demanding cognitive processing task.
Performance of cognitive tasks may influence subsequent observations of RSNs
(Albert et al., 2009; Lewis et al., 2009; Pyka et al., 2009). Although it is possible
that prior task performance could have influenced the primary findings of
nicotine influencing RSN connectivity during smoking withdrawal, this is
unlikely because (i) effects of pharmacotherapy were compared across
treatment sessions with testing in each session conducted in an identical order,
and (ii) differences in performance on the cognitive task were controlled for via

the inclusion of a confound regressor in the within-subject analysis.

3.4.5 - Conclusions

This study investigated functional connectivity dynamics of brain resting-state
networks in habitual smokers to characterise the beneficial effects of nicotine
replacement therapy on cognitive processing during smoking abstinence. Effects
of NRT on functional connectivity were identified both within and between
default mode and executive control networks. Moreover, individual variations in
functional connectivity were shown to be associated with established
psychological measures of withdrawal response to NRT. Results highlight
widespread effects of NRT on brain functional networks in habitual smokers
during cigarette abstinence associated with subjective cognitive and clinical

improvements.

102



These findings imply that RSN functional connectivity measures can
provide sensitive markers of the clinical effects of pharmacological compounds
on distributed neurochemical and neurobiological systems and, thus, are
relevant for mechanisms of aberrant cognitive and reward processing in
neuropsychiatric disorders such as drug dependence. Results particularly
highlight the sensitivity of the techniques in detecting individual differences in
symptom severity and/or treatment response.

It must be noted that nicotine is a drug with a comparatively high degree
of neurochemical ambiguity in terms of its central nervous system action. For
example, exogenous nicotine administration is known to have a broad profile of
modulatory and ‘knock-on’ effects on multiple neurotransmitter systems (e.g.,
Wonnacott et al, 2006). Therefore, in order to practicably apply the same
imaging and analysis techniques to drug development settings, where
pharmacotherapies are often more selective for specific neuroreceptor families
or sub-types (and clinical benefits are perhaps less immediately evaluable), it is
important to establish whether or not these measures can be grounded in
fundamental neurobiology. Indeed, while opportunities to apply similar
approaches in clinical practice may be apparent, it is important for the medicines
development community to prove that novel techniques can be of use in
targeting and teasing apart specific, neurobiological phenotypes. With this in
mind, the following chapter describes a multimodal neuroimaging study
investigating relationships between RSN activity (providing ‘intermediate
phenotypic’ markers of individual differences relevant for neuropsychiatric

disease) and discrete neuroreceptor systems (molecular phenotypes), which are

103



implicated in disease and of current interest in pharmacotherapy development

settings.
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Chapter 4 - Linking network dynamics to

molecular neurobiology

Dopamine D3 receptors modulate orbitofrontal RSN integration

Evidence highlights a key role for brain dopamine D3 receptor (D3R) function in
multiple neuropsychiatric disorders, including addiction. Disrupted frontal
cortical connectivity with distributed brain networks has also been implicated in
processes relevant for such diseases. This potential conjunction between
molecular and functional imaging markers has not, however, been tested
directly. This second study, in 12 healthy male subjects, used a novel within-
subject combination of [11C]-(+)-PHNO positron emission tomography (PET) and
resting-state  FMRI to investigate associations between specific dopamine
neuroreceptor sub-types and large-scale RSN functional connectivity patterns.
High midbrain D3R availability was associated with reduced functional
connectivity between orbitofrontal cortex (OFC) and RSNs implicated in
cognitive control and salience processing. The opposite pattern was observed in
subcortical reward circuitry and the DMN, which showed greater connectivity
with OFC in individuals with high D3R availability. Findings demonstrate that
differential interactions between OFC and RSNs implicated in cognitive control
and reward are associated with variability in specific molecular neuroreceptor

profiles.
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4.1 - Introduction

It has been established here (in Chapter 3) that methods sensitive to large-scale
network functional connectivity in the resting state display some utility in
identifying gross drug effects in the central nervous system, as well as
neuropsychopharmacological variability across individuals. However, the
comparative lack of neurobiological specificity, in this case of NRT, was also
noted. Therefore, in order to validate systems-level connectivity metrics as
relevant markers for the treatment of neuropsychiatric disorders, it may be
beneficial to investigate how they interact with specific neurochemical systems
of topical interest in medicines development.

Dopamine has been widely implicated in motivated behaviour, reward
processing and related neuropsychiatric disorders, particularly substance
dependence® (see e.g., Schultz, 2002; Wise, 2004). Pre-clinical studies suggest
that the D2-like family of dopamine receptors (D2, D3 and D4) mediates reward-
related behaviour (Dalley et al, 2007; Heidbreder and Newman, 2010). D3
receptor (D3R) function specifically has been related to sensitivity to positive
reinforcement, contributing to reward-seeking and motivated behaviours
characteristic of relapse to addiction (Caine and Koob, 1993; Guillin et al., 2001;
Sokoloff et al., 2006). D3Rs in the substantia nigra/ventral tegmental area
(SN/VTA) of the midbrain are thought to act as inhibitory modulators of post-
synaptic dopamine release in regions implicated in reward processing, including
orbitofrontal cortex (OFC) and striatum (Levant, 1997; Buckholtz et al., 2010;

Heidbreder and Newman, 2010; Koob and Volkow, 2010; Sesack and Grace,

9Portions of this chapter are reproduced from a related publication: Cole DM, Beckmann CF,
Searle GE, Plisson C, Tziortzi AC, Nichols TE, Gunn RN, Matthews PM, Rabiner EA, Beaver JD
(2012a) Orbitofrontal connectivity with resting-state networks is associated with midbrain
dopamine D3 receptor availability. Cereb Cortex 22:2784-2793.
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2010). However, while the D2 receptor (D2R) system has been explored
extensively, little has been discovered about the role of the D3 system in human
brain function and dysfunction due to the lack, until recently, of D3R-selective
imaging probes (Rabiner and Laruelle, 2010; Boileau et al., 2012).

Studies in primates and patients with frontal lobe lesions have shown that
the OFC is crucial for decision-making processes subserving inhibitory control
and goal-directed behaviour (Damasio et al., 1990; Bechara et al, 2000;
Izquierdo et al., 2004, 2005). FMRI studies have expanded on these findings,
identifying task-specific BOLD activity in functionally heterogeneous regions of
human OFC that are associated with distinct aspects of reward processing and
goal-directed behaviour (O'Doherty et al.,, 2001; O'Doherty et al., 2003). Thus,
OFC functions strongly parallel those often attributed to the D3R system. The
OFC also has extensive reciprocal anatomical connections with cortical, sub-
cortical and midbrain regions, consistent with the notion that it regulates the
functioning of multiple neuronal networks underlying behavioural decision-
making (Kringelbach and Rolls, 2004; Frank and Claus, 2006). Despite these
functional similarities, and although large-scale brain networks including frontal
circuitry are known to underlie many of the complex behaviours contributing to
reward and addiction (as described in Chapter 3; also see e.g., Robbins, 2000;
Frank and Claus, 2006; Cole et al., 2010b; Koob and Volkow, 2010; Sesack and
Grace, 2010; Goldstein and Volkow, 2011), little is currently known about the
potential role of midbrain D3R in modulating interactions between orbital
prefrontal regions and networks relevant to cognitive control, motivational

salience and reward processing.
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This study used PET with the D3-preferring radioligand [!1C]-(+)-PHNO
and resting-state FMRI in the same individuals, to examine midbrain D3R
availability in conjunction with measures of OFC functional connectivity with
distinct ‘cognitive’ RSNs. It was hypothesised that RSNs spanning frontoparietal
cortical regions, previously shown to support cognitive control and motivational
salience processing (Gusnard et al., 2001; Greicius et al., 2004; Seeley et al., 2007,
2009), would show variation in OFC functional connectivity between subjects,
associated with individual differences in midbrain D3R availability. In line with
reported dissociations between cognitive control and reward-related brain
activity in addiction and other neuropsychiatric disorders (Baler and Volkow,
2006; Cools, 2006), it was further hypothesised that an opposing relationship
would exist between D3R availability and OFC connectivity with RSNs
comprising reward-processing structures in the limbic system and basal ganglia.

Recent findings have shown that [11C]-(+)-PHNO can be used to quantify
the in vivo availability of both D3R and D2R sub-types (Rabiner et al.,, 2009;
Searle et al, 2010). ['1C]-(+)-PHNO binding in the midbrain SN/VTA is
attributable specifically to D3R availability (> 90% of the total signal), while the
majority of binding (> 90%) in the dorsal putamen (DPU) is attributable to D2R
(Tziortzi et al., 2011). Based on this and other emerging evidence of anatomical
and functional dissociations between D2R and D3R (van Gaalen et al., 2009;
Heidbreder and Newman, 2010; Watson et al.,, 2012), a secondary objective of
the study was to investigate possible differential effects on RSN connectivity

patterns associated with D2R, relative to D3R availability.
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4.2 - Materials and methods

4.2.1 - Participants

Participants were twelve right-handed healthy male volunteers (mean age = 37.3
years, range = 31.2 - 52.4 years). No subjects had a history of medical,
neurological or psychiatric illness, nor were any taking concomitant medications
or non-prescription drugs. Suitability for inclusion in the study was assessed by
complete medical history as confirmed by general practitioner and a qualified
study physician, review of systems, physical examination, psychiatric interview,
routine blood tests, urine toxicology and electrocardiogram. Subjects were
excluded from the study if any history of neuropsychiatric illness was
established, including substance use disorder. All subjects were deemed free of
structural brain abnormalities following review of anatomical MRI scans by a
qualified neuroradiologist. Screening prior to scanning included urine testing to
exclude subjects positive for recent alcohol or nicotine use and other drugs of
abuse. Subjects were excluded if presenting with a history of regular alcohol
consumption within six months of the study, defined as an average weekly intake
of greater than 21 units or an average daily intake of greater than 3 units.
Subjects with urinary cotinine levels indicative of smoking or history or regular
use of tobacco- or nicotine-containing products within six months prior to study
enrolment were also excluded. Subjects abstained from ingesting caffeine- or
xanthine-containing products (e.g., coffee, tea, cola drinks and chocolate) for 24

hr prior to their scans.

109



4.2.2 - Study design

Each subject was PET scanned with [11C]-(+)-PHNO. This was followed on the
same day by resting-state BOLD FMRI acquired twice in a single session. PET
scanning was carried out for 90 min, and participants were transferred for FMRI
scanning within 60 min of PET scan completion. During FMRI each subject
underwent two 5.4 min resting-state scans separated by 20 min. Participants
completed a cognitive task between the two resting scans (to be reported on in
Beaver et al., under review). All participants provided written, informed consent
in which confidentiality, anonymity, and the opportunity to withdraw without
penalty were assured. Imaging data were collected during baseline sessions of a
larger drug study!®. The study protocol was approved by the UK Health
Protection Agency Administration of Radioactive Substances Advisory
Committee and the Welwyn Clinical Pharmacology Ethics Committee, University
of Hertfordshire and procedures were carried out in accordance with the

standards of the Declaration of Helsinki.

4.2.3 - [11C]-(+)-PHNO production
[11C]-(+)-PHNO was prepared from the N-despropyl PHNO, (+)-3,4,4a,5,6,10b-
hexahydro-2H-naphtho([1,2-b][1,4]oxazin-9-ol, hydrochloride, by [11C]propionyl

chloride acylation followed by reduction of the [11C]amide intermediate (Wilson

10Results from analyses of additional [11C]-(+)-PHNO PET and cognitive task-related FMRI data,
collected in conjunction with a pharmacological challenge, are in preparation for reporting
elsewhere (Beaver et al., under review). As part of that extended study, a team of researchers
conducted the procedures described in sections 4.2.3-5 of this thesis. In brief, results identified
that high midbrain D3R availability ([11C]-(+)-PHNO binding) was associated with greater BOLD
signal in the amygdala in response to the receipt of monetary reward and that this activation was
attenuated by administration of a selective D3R antagonist. This association between molecular
and functional quantities is novel. However, as highlighted in Chapter 1, interpretations resulting
from such experiments are restricted to those of regional brain function altering in line with a
strict task model; they may be complemented by investigation of comparatively unconstrained
systems-level phenomena, such as RSN functional connectivity.
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et al., 2005). This reaction was fully automated to reliably produce high purity
[11C]-(+)-PHNO in a radiochemical decay-corrected yield of 16 + 5% after a
synthesis time of 35 min (Plisson et al., 2012). Injected activity of [11C]-(+)-PHNO
ranged from 114.5-404.7 MBq across subjects (mean = 222.8 + 96.5 SD) and

injected mass ranged from 1.04-4.24 pg (mean = 2.01 £ 0.91 SD).

4.2.4 - PET image acquisition

Dynamic PET scans were acquired in 3-D mode using a Siemens Biograph 16 HI-
REZ PET-CT scanner. A CT scan was acquired for attenuation correction of PET
data prior to administration of [11C]-(+)-PHNO. The radioligand was
administered as an intravenous bolus over 30 s. Dynamic PET data were
acquired for 90 min, binned into 26 frames (durations: 8 x 15s,3 x 605, 5 x 2
min, 5 x 5 min, 5 x 10 min), then reconstructed using Fourier rebinning and 2-D
filtered back projection with a ramp filter at Nyquist cut-off frequency. Image

data were smoothed with a Gaussian kernel of 5 mm FWHM.

4.2.5 - PET analysis

Dynamic PET images were registered to the subject’s T1-weighted anatomical
volume (see section 4.2.6), and corrected for motion using a frame-to-frame
registration process with a mutual information cost function (as implemented in
SPM5; Wellcome Trust Centre for Neuroimaging, University College London,
United Kingdom; http://www.fil.ion.ucl.ac.uk/spm). Bilateral SN/VTA ROIs were
defined manually on each subject’'s PET integral image, using a fixed size
template calculated via a previously published method (Searle et al., 2010). DPU

ROIs were bilaterally and manually defined on each subject’s T1 image, using a
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technique shown to reliably distinguish the region from others in the striatum
(Tziortzi et al,, 2011). ROIs were applied to the dynamic PET data to derive
regional time-activity curves. Nondisplaceable binding potential (BPnp) values
were calculated for both bilateral ROIs via the basis function implementation of
the simplified reference tissue model (Lammertsma and Hume, 1996; Gunn et al.,
1997; see Equation 1) with the cerebellum as the reference region defined using

an in-house atlas (Tziortzi et al., 2011).

fNDB max

Kb

BPnp =

Equation 1. The [!!C]-(+)-PHNO binding potential relative to the nondisplaceable
compartment (BPnp) is equal to the product of receptor density (Bmax), affinity of ligand
for the target (1/Kp) and the free fraction of the ligand in the brain (fwp).

This produced values of [11C]-(+)-PHNO BPnp in SN/VTA and DPU regions
for each subject. BPxp values were demeaned prior to inclusion as covariates in

the FMRI analyses (see section 4.2.8).

4.2.6 — FMRI acquisition

BOLD contrast-sensitive, T2*-weighted, echo-planar images were acquired
continuously on a 3-Tesla Siemens Trio scanner with a 32-channel head coil.
Each scan consisted of 154 volumes of 38-slice acquisition (TR = 2100 ms; dual
TE = 13/31 ms, 31 ms data only reported; flip angle = 78%; 3.5 x 3.5 x 3.0 mm
voxels). It is well established that OFC regions can exhibit signal dropout with
echo-planar imaging (see e.g., Kringelbach and Rolls, 2004). Therefore, the
following acquisition techniques were used to recover signal in these regions: (i)

slice acquisition was angled 302 coronally upwards from the anterior-posterior
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commissural plane; (ii) slice thickness was minimised to 3 mm. These measures
minimised OFC signal dropout but led to loss of coverage over a small posterior
portion of the superior parietal lobe in some subjects, which was therefore
excluded from whole-brain group analyses. The first four volumes were removed
from each FMRI dataset to allow for magnetic equilibration, resulting in a 150-
datapoint BOLD time series at each voxel per acquisition. Additional high-
resolution T1-weighted anatomical scans (MPRAGE) were acquired with whole-
brain coverage for each subject to aid with both FMRI and PET image co-
registration and PET ROI definition (TR = 3000 ms, TE = 3.66 ms, flip angle = 99,
voxel size = 1 mm?3, 208 slices). For the resting-state scans, subjects were

instructed to lie still with their eyes closed, but to stay awake.

4.2.7 - FMRI analysis
Image preprocessing and analyses were performed with FSL (version 4.1.4).
Preprocessing, group-ICA with temporal concatenation and dual regression
techniques applied were equivalent to those described in Chapter 3. Both
resting-state acquisitions from each subject were included in the analyses (150
volumes per scan x 2 resting-state scans per subject x 12 subjects = 3600 image
volumes).

Group-level ICA identified 33 components in the resting-state FMRI data
(24 scans in total, two per subject), all of which underwent subsequent dual
regression. These included RSNs commonly found in previous studies (e.g.,
Beckmann et al., 2005; Kiviniemi et al., 2009). Six RSNs of interest were selected
from the group-ICA results for further analyses based on their neuroanatomical

configurations, in comparison with previous literature (e.g., Beckmann et al,,
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2005; Seeley et al., 2007; Kiviniemi et al., 2009; Smith et al., 2009). Those chosen
for higher-level analyses are thought to be relevant for cognitive control and
goal-directed behaviour (Table 4.1). These were (i) three bilateral frontoparietal
RSNs thought to support high-level cognitive and motivational processes (e.g.,
Seeley et al., 2007), with nodes located within three or more of the dorsal
anterior cingulate, dorsolateral prefrontal, anterior insular and inferior parietal
cortices (typically referred to as “salience” and/or “executive control” networks;
they are referred to here as SEN1, SEN2 and SEN3; Fig. 4.1A-C), (ii) the DMN (Fig.
4.1D) and (iii) a network comprising basal ganglia/limbic regions (the BGLN; Fig.
4.1E), with potential relevance to dopamine function (Kelly et al., 2009; Sesack
and Grace, 2010). Although they were here identified as maximally spatially
independent components, the three SENs each shared some spatial features with
systems reported previously using similar nomenclature, for example the single
SEN studied in Chapter 3. The implications of such spatiotemporal variability
that can occur across different studies and/or populations are discussed
elsewhere in this thesis (see sections 2.1.3 and 7.3.3). The DMN was examined
because of its putative role in spontaneous cognition (Gusnard et al., 2001;
Raichle et al,, 2001; Buckner et al., 2008) and the functional relevance of its “anti-
correlated” relationship with SENs identified previously (Fox et al., 2005; Cole et
al., 2010b; see also Chapter 3). A basal ganglia/limbic network (BGLN) including
the striatum, amygdala, thalamus and ventral anterior cingulate (Fig. 4.1E) was
also examined, as many of these regions have high D3R concentrations (Rabiner
et al.,, 2009; Searle et al., 2010; Tziortzi et al., 2011) and this network has been
strongly implicated in reward processes and dopamine function (Kelly et al.,

2009; Sesack and Grace, 2010). A somatomotor RSN spanning bilateral superior
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parietal cortices, thought to relate to primary sensory and motor processing
(Biswal et al., 1995), served as a ‘control’ RSN (i.e., not expected to be influenced
by D3R availability) in higher-level analyses. The spatial patterns of functional
connectivity for these RSNs were consistent with prior observations (Greicius et
al., 2004; Beckmann et al., 2005; Seeley et al., 2007, 2009; Smith et al., 2009; Cole

et al.,, 2010b; see Table 4.1).

4.2.8 — PET-FMRI comparison

The dual regression produced subject-wise whole-brain maps of voxel-wise
functional connectivity with each RSN. These were arranged into 4-D files
comprising, for each RSN of interest, the associated maps from every functional
session and then analysed to find regions where individual differences in RSN
connectivity were significantly positively or negatively associated with PET BPnp
measures. Voxel-wise, mixed-effects nonparametric permutation testing was
used (as implemented in FSL randomise), with 5000 permutations and 5 mm
variance smoothing, the latter being a recommendation for studies with
comparatively modest sample sizes (Nichols and Holmes, 2002). PET studies
typically use the smallest possible sample size required to detect an effect to
minimise potential risks associated with exposing healthy volunteers to ionising
radiation (see section 4.4.4 for additional discussion). Here the primary interest
was in relating D3R availability to OFC-RSN connectivity patterns, so [11C]-(+)-
PHNO BPnp values from SN/VTA were entered as a covariate of interest in voxel-
wise analyses of separate RSN maps. Of secondary interest were effects
associated with D2R availability, so DPU [11C]-(+)-PHNO BPnp scores were also

included as a covariate in these analyses. To control for the effects of a task
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carried out between the two resting FMRI scans in each session, an additional
order covariate was included, differentially modelling and contrasting for
potential pre- and post-task resting session effects across subjects. Normalised
voxels displaying zero signal in at least one individual acquisition, or falling
below a 20% threshold of containing grey matter based on a study population-
specific probabilistic atlas calculated using FSL FAST, were exempt from all
mixed-effects regression analyses. Significant regional effects were defined using
cluster-mass thresholding (t > 2.3, p < 0.05) correcting for family-wise error
(FWE).

Additionally, correlations were explored between SN/VTA (D3) BPwp,
DPU (D2) BPnp and subject age to test whether these factors were significantly
associated (e.g., Volkow et al., 1998). For completeness, age was also correlated
(post hoc) with individual scores from any BPnp-related OFC-RSN connectivity
effects identified by the PET-FMRI comparison (see section 4.3).

Based on the results of the single-network voxel-wise analyses (Fig. 4.1,
see also Tables 4.2 and 4.3), an additional mixed-effects multiple regression
analysis was carried out, with identical parameters and covariates to those
already described, but entering the 4-D concatenated, subject-specific 3-D spatial
maps of two RSNs (the DMN and SEN1) displaying inverse D3-dependent
relationships, heavily overlapping the same OFC region (Fig. 4.2). Whole-brain,
differential contrasts were carried out between the two networks, in order to
fully examine the D3-related dependencies of this, and other, patterns of regional

connectivity with one RSN relative to the other (reported in section 4.3.5).
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Table 4.1. Spatial information for nodes in RSNs of interest identified in FMRI

data by group-ICA (N = 12).

RSN

SEN1

SEN2

SEN3

Node location (R = right hemisphere; L = left)

. L middle frontal gyrus/dmPFC/vIPFC/OFC
. R middle frontal gyrus/dmPFC/vIPFC/OFC
. Bilateral dorsal anterior cingulate cortex

. Bilateral dorsal precuneus

. R lateral cerebellum

. L supramarginal/angular gyri

. L lateral cerebellum

. L inferior parietal/superior occipital cortex

O© 00 N O U1 o W N -

. R supramarginal/angular gyri

10. L dorsal and ventral striatum
11. R dorsal and ventral striatum
12. L anterior insula

13. R anterior insula

. R supramarginal gyrus/parietal operculum
. L supramarginal gyrus/parietal operculum
. Bilateral dorsal anterior-mid cingulate
.Rinsula/frontal operculum/temporal pole
. L insula/frontal operculum/temporal pole
. R middle frontal gyrus/dIPFC/vIPFC/OFC

. L temporo-occipital cortex

O NN O Ul AW

. L posterior inferior cerebellum
9. R temporo-occipital cortex

10. L medial OFC

11. L middle frontal gyrus/dIPFC
12. R posterior thalamus

1. Bilateral superior frontal gyrus/pre-supplementary
motor area/dorsal anterior cingulate

2. L inferior frontal gyrus/frontal operculum/anterior
insula

3. R inferior frontal gyrus/frontal operculum/anterior
insula

4. L middle frontal gyrus/dIPFC

5. R middle frontal gyrus/dIPFC

6. R middle temporal gyrus

7.L supramarginal/angular gyri

8. L middle frontal gyrus/dmPFC

9. R supramarginal/angular gyri

10. L middle temporal gyrus

11. R middle frontal gyrus/dmPFC

12. R globus pallidus/anterior thalamus
13. L globus pallidus/anterior thalamus

MNI x, y, z co-
ordinates (peak z-
statistic)

-26, 38,36 (15.0)
38,36,32 (12.5)
0, 20,40 (10.4)
-4,-60, 50 (9.7)
34,-58,-34 (8.1)
-52,-50, 38 (7.8)
-48, -56, -38 (6.3)
-34,-82,34 (6.1)
50, -46, 30 (5.9)
-16, 16, -2 (5.2)
16,14, 10 (5.2)
-40,12, -2 (4.8)
34,16, 2 (4.6)

60,-28,32 (17.1)
-62,-30, 18 (15.1)
6,6,38 (12.4)
40,-6,-14 (9.0)
-38, 4,2 (8.9)
26, 44,20 (6.3)
-54,-62, 6 (6.0)
-16,-72, -52 (5.6)
56,-62, -6 (5.2)
-24,34,-14 (4.2)
-30, 34, 34 (3.8)
10,-20, 4 (3.2)

-2,12,56 (11.6)
-50, 18, -6 (10.0)
52,18, -4 (9.9)

-44,2,50 (9.6)
50, 6, 46 (8.2)
54,-38, -2 (6.8)
-60, -46, 22 (6.1)
-24,52,20 (5.2)
62,-52,18 (5.2)
-56,-32, -8 (4.9)
26,50, 26 (4.5)
14,-2,12 (4.3)
-14, 4, 6 (4.2)
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DMN

BGLN

Somatomotor

OFC = orbitofrontal cortex; dmPFC = dorsomedial prefrontal cortex; dIPFC = dorsolateral
prefrontal cortex; vmPFC = ventromedial prefrontal cortex; vIPFC = ventrolateral prefrontal

cortex
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1. Bilateral ventral precuneus

2. R inferior parietal /superior occipital cortex
3. Bilateral dorsal precuneus

4. L inferior parietal/superior occipital cortex
5. R middle frontal gyrus/dmPFC

6. L temporal fusiform/parahippocampal
gyrus/hippocampus

7. R temporal fusiform /parahippocampal
gyrus/hippocampus

8. L middle frontal gyrus/dmPFC

9. R inferior frontal gyrus/dIPFC

10. Bilateral vmPFC

11. R anterior middle temporal gyrus
12. L posterior inferior cerebellum
13. L inferior frontal gyrus/dIPFC

1. L ventral/dorsal striatum extending into
amygdala/OFC

2. R ventral/dorsal striatum extending into
amygdala/OFC

3. R anterior-medial thalamus

4. L anterior-medial thalamus, extending into
midbrain

5. Bilateral rostral /ventral anterior cingulate/vmPFC

1. L post-central /pre-central gyri (somatomotor
‘strip”)

2. R post-central /pre-central gyri (somatomotor
‘strip’)

3. Bilateral superior parietal cortex

4. L dorsal medial cerebellum

5. R inferior parietal /superior occipital cortex

6. R dorsal medial cerebellum

8,-54, 6 (15.3)

42,-76,28 (12.8)
2,-52,46 (12.3)
-34,-86, 34 (12.0)
22,26,36 (8.5)
-26,-46,-10 (8.2)

28, -40,-14 (9.8)

-24,8,50 (7.8)
48, 20, 26 (6.4)
2,48,-12 (6.2)
56, -4,-20 (5.6)

-10, -82, -42 (5.4)
-40, 16, 22 (4.8)

-18,10,-12 (11.2)
18, 8,-14 (10.5)

10,0, 8 (10.5)
-8,-2, 6 (10.0)

-4, 44,0 (5.8)
-56, -8, 22 (16.5)
60, 04, 20 (16.1)

-2,-10,52 (12.4)
-14, -64, -22 (4.7)
46,-68, 32 (4.6)
18, -60, -20 (4.5)
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4.3 - Results

4.3.1 - PET measures of D3 and D2 receptor availability are unrelated

Midbrain D3R availability was estimated for twelve healthy male subjects by
calculating the specific binding potential (BPnp) of [11C]-(+)-PHNO in the SN/VTA
(mean = 1.59 + 0.30 SD., range = 1.12-2.06). [11C]-(+)-PHNO BPnp values from the
putamen region of the dorsal striatum (DPU) were calculated to provide
measures of D2R availability (mean = 2.47 * 0.21 SD, range = 2.09-2.78). No
correlation was found between D3R and D2R availabilities (r = -0.03, p = 0.93).
There was also no correlation between either BPnp measure and age (D3: r =
0.01, p=0.98; D2: r = 0.29, p = 0.36) in the current sample. Similarly, there were
no significant correlations between subject age and any of the BPnp-related OFC-
RSN connectivity measures identified in sections 4.3.3-4.3.4 below (D3: all p-

values > 0.37; D2: all p > 0.22).

4.3.2 - Distinct effects of midbrain D3R availability on orbitofrontal connectivity
with salience/executive RSNs relative to limbic networks

Brain regions in which subject-specific functional connectivity differences with
separate RSNs of interest were significantly associated with midbrain D3R
availability are displayed in Fig. 4.1A-E and Table 4.2 (cluster t > 2.3, p < 0.05,
FWE-corrected). In support of the primary hypothesis, negative associations
were found between SN/VTA [11C]-(+)-PHNO BPnp and the connectivity of each
SEN with distinct anterior and lateral OFC or ventrolateral prefrontal cortex
regions (Fig. 4.1A-C). Functional connectivity negatively associated with
midbrain D3 BPxp was also observed between the characteristic activity of the

SEN1 system and some of its other primary ‘nodes’ (see Table 4.1), including
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bilateral dorsolateral and dorsomedial prefrontal cortices (Table 4.2). These
results identified regions where higher midbrain D3R availability explained
reduced positive connectivity with the RSN.

In further support of the primary hypothesis, a positive association was
found between midbrain [!1C]-(+)-PHNO BPnxp and bilateral posterior OFC
connectivity with the BGLN, indicating regions of greater positive connectivity
associated with higher D3R availability (Fig. 4.1E; Table 4.2). A positive
association was also found between D3R availability and connectivity of the
DMN with a specific OFC region (Fig. 4.1D; reflecting reduced negative
connectivity associated with higher D3R availability). This OFC cluster
overlapped with the region exhibiting a negative association between functional
connectivity with SEN1 and midbrain D3R availability (overlap = 438 mm?, Fig.

4.2).

High midbrain D3 = lower
- SEN1 connectivity

High midbrain D3 = lower
SEN2 connectivity

High midbrain D3 = lower
SEN3 connectivity

High midbrain D3 = greater
DMN connectivity

&ov. .=
Figure 4.2. Overlap and topography of D3 effects on OFC-RSN connectivity. OFC
functional connectivity with SENs and the DMN displays significant negative and
positive associations, respectively, with midbrain D3R availability (N = 12).

121



Variation in somatomotor RSN (‘control’ network) connectivity with the OFC
showed no relationship to individual differences in midbrain D3 BPnp (Table
4.2). Neither was any evidence found of significant order effects on the functional
connectivity of any of the RSNs studied, by testing for differences between the

two resting FMRI scans acquired in each session.
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OFC connectivity with RSN

D2R availability (DPU BPp)

Figure 4.3. OFC-RSN functional connectivity patterns associated with putamen D2ZR
availability are sparse relative to D3-related effects and opposite in direction. In
contrast to relationships between midbrain D3R availability and OFC connectivity with
all frontoparietal and limbic RSNs, individual differences in DPU D2R availability (N =
12) only significantly explain OFC functional connectivity with the DMN (green) and
BGLN (blue), but with no SEN systems (cluster t > 2.3, p < 0.05, FWE-corrected). These
negative relationships are in the opposite direction to those associated with D3R
availability found between OFC regions and these two RSNs (see Fig. 4.1; plots as
described therein).

4.3.4 - Effects of putamen DZR availability on RSN connectivity differ from those of
midbrain D3R availability

Brain regions in which subject-specific RSN functional connectivity differences
were associated with DPU [!1C]-(+)-PHNO BPnp variation (reflecting D2R
availability) were much less abundant than those associated with variation in
D3R availability and also showed different anatomical patterns (Table 4.3). No

D2-related connectivity associations were found between SENs and clusters in

distinct or overlapping OFC sub-regions. However, two RSNs (the BGLN and the
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DMN) showed effects of D2R availability on connectivity with clusters located in
(or extending to) OFC (Fig. 4.3), but these had opposite relationships (negative)
to the (positive) associations found between D3R availability and OFC functional

connectivity (see Fig. 4.1D-E).

4.3.5 - Midbrain D3R availability associated with inverse connectivity between OFC
and RSNs

Anatomically overlapping, but inverse, associations between antero-lateral OFC
functional connectivity with the DMN relative to SEN1, which were explained by
midbrain [11C]-(+)-PHNO BPnxp (Fig. 4.2), were identified by separate analyses of
single, functionally distinct RSNs. To confirm that these results were indicative of
D3-dependent differences in connectivity between the OFC region and one RSN
relative to another, a further whole-brain multiple regression analysis was
conducted, this time incorporating the subject-specific connectivity measures
from both RSNs (see section 4.2.8). Inverse functional connectivity with the DMN
relative to SEN1 in regions including right antero-lateral OFC was found to be
associated with variation in midbrain D3R availability across subjects (Fig. 4.4).
High D3R availability was associated with greater (less negative) right antero-
lateral OFC connectivity with the DMN and lower positive functional connectivity
with SEN1 (peak t = 6.81; MNI co-ordinates: x = 24, y = 60, z = -8). This contrast
also revealed inverse RSN connectivity effects dependent on midbrain D3R
availability (Fig. 4.4) in the left dorsomedial prefrontal cortex (t = 6.67; -22, 62,
12), right inferior parietal cortex (t = 6.03; 42, -58, 52) and the precuneus (t =
5.33; 2, -46, 40), as well as the cerebellum (t = 6.99; -14, -54, -52). Therefore,

higher midbrain D3R availability across individuals was associated with a
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significant reduction in negative functional connectivity between the DMN and
SEN1, as measured within a number of their key cortical regions (see Fig. 4.1).
Based on the combined and single-network analyses, the OFC in particular
appears to influence interactions of large-scale cognitive RSNs to a greater

degree in individuals with low midbrain D3R availability.

Figure 4.4. High midbrain D3 receptor availability explains reduced inverse functional
connectivity with the DMN relative to SEN1, in right antero-lateral OFC and key regions
of cognitive RSN overlap. Higher midbrain D3 receptor availability is associated, across
individuals (N = 12), with a significant reduction of the inverse functional connectivity
patterns with the DMN relative to the SEN1 system displayed by (reading left to right)
(i) the right antero-lateral OFC, (ii) left dorsomedial prefrontal cortex, (iii) bilateral
precuneus and (iv) right inferior parietal cortex (cluster t > 2.3, p < 0.05, FWE-
corrected).

4.4 - Discussion

4.4.1 - Summary

This study has shown, in healthy human subjects, that individual differences in
midbrain dopamine D3 receptor availability relate to distinct variations in
functional connectivity between the orbitofrontal cortex and multiple, large-
scale brain networks (RSNs). High midbrain D3R availability was associated with
reduced connectivity between the OFC and frontoparietal RSNs involving brain
regions implicated in executive control and salience processing (Seeley et al.,

2007). Conversely, OFC connectivity with the basal ganglia and with the DMN

was greater in individuals with high D3R availability. The results further
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emphasised that sub-regions of the antero-lateral OFC could be distinguished on
the basis of their relative (D3-dependent) connectivity with one or more RSNs.
Previous work has indicated that dopaminergic mechanisms may cause frontal
cortical and basal ganglia activity patterns to dissociate during aberrant reward
processing (Baler and Volkow, 2006; Cools, 2006), while the DMN is often ‘down-
regulated’ during cognitive processes associated with increased salience or
executive network activity (Greicius et al., 2003; Fox et al., 2005). The current
results therefore provide novel evidence of connectivity dissociations in humans,
in line with these findings, relating the functional modulation of neocortical
pathways relevant to cognition, salience and reward processing specifically to
D3R-mediated dopaminergic signalling. In this way, these functional effects are
further found to have substantial relationships with meaningful, quantitative
measures of fundamental molecular neurobiology (see also Footnote [10],

section 4.2.2).

4.4.2 — Molecular control of systems-level functioning

The results presented here relate molecular signalling through a specific
dopamine neuroreceptor system to activity modulations in brain resting-state
networks. Together with recent studies of pharmacological or genetic effects
(see e.g., Achard and Bullmore, 2007; Cole et al., 2010b; Liu et al., 2010; Gordon
et al., 2012; Kunisato et al., 2011; Wiggins et al., 2012), these findings provide
important insights into the molecular bases of large-scale functional connectivity
patterns. Parallels between resting-state BOLD FMRI activity fluctuations and
those evoked by specific cognitive tasks are becoming increasingly apparent

(Fox and Raichle, 2007; Buckner et al., 2008; Smith et al., 2009; Cole et al., 2010a;
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Northoff et al., 2010a; Shirer et al., 2012), reinforcing the notion that these
phenomena reflect core aspects of neural processing relevant for cognitive and
behavioural functioning. Furthermore, the same large-scale networks show
altered activity in certain neuropsychiatric disease states with partially- or
clearly-established molecular underpinnings (e.g., Greicius et al., 2004; Seeley et
al., 2009; Cole et al., 2010b; Koob and Volkow, 2010).

The results demonstrate that functional interactions between OFC and
networks implicated in cognitive control and reward are associated with
midbrain D3R signalling. Pre-clinical, clinical and post-mortem evidence
implicates dysfunction of both the D3R system and salience/executive RSNs in a
number of neuropsychiatric disorders (Staley and Mash, 1996; Gurevich et al,,
1997; Allman et al.,, 2005; Sokoloff et al., 2006; Seeley et al,, 2009; Kim et al,,
2012) and in aspects of emotional and social behaviours in healthy subjects
(Seeley et al., 2007; Allman et al,, 2010). Primary ‘nodes’ of SEN systems in
fronto-insular and anterior cingulate cortices contain large quantities of long-
range, bipolar projection neurons found only in humans and a minority of other
mammals with highly evolved neocortices (Nimchinsky et al., 1999; Allman et al.,
2010). Moreover, regions rich in these cells exhibit strong anatomical
connections with anterior orbitofrontal cortices (Allman et al, 2010) and
immunocytochemical evidence shows these neurons to be labelled abundantly
with D3R antibodies (Allman et al.,, 2005). Together with the current findings,
the collective evidence therefore is suggestive of an association between D3R
function, specialised frontal lobe cytoarchitecture and large-scale network

connectivity patterns underlying complex behaviour in humans.
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An earlier study reported a positive association between D2/D3 receptor
availability in the striatum and metabolism in OFC, measured using
[11C]raclopride PET and ['8F]fluorodeoxyglucose PET, respectively (Volkow et
al, 2001). However, radioligands such as [!1C]raclopride do not distinguish
between D2 and D3 receptor sub-types (Graff-Guerrero et al., 2008). The current
study was able to make use of the relative selectivity of [11C]-(+)-PHNO binding
in midbrain SN/VTA to delineate specific measures of D3R availability (Rabiner
et al,, 2009; Searle et al., 2010). Combining this information with FMRI data in
the same subjects enabled further characterisation of the influence of D3R
availability on large-scale networks (RSNs), in terms of their relative functional
connectivity with anatomically distinct OFC sub-regions. Future work needs to
characterise clinical and behavioural changes associated with this systems-level

connectivity modulation.

4.4.3 - Functional implications of OFC-RSN connectivity under molecular control

OFC regions are thought to be crucial for regulating impulsive and adaptive
behaviours related to reward sensitivity (Bechara et al., 2000; Izquierdo et al.,
2004; Kringelbach and Rolls, 2004) and goal-directed decision-making (Frank
and Claus, 2006; Noonan et al,, 2010; Walton et al.,, 2010). A previous meta-
analytic review of functional imaging studies relates activity in anterior and
lateral OFC regions analogous to those described in the current study to
“impending changes in behaviour” in response, for example, to ‘punisher’ stimuli
signalling negative emotional, social, or reward-related connotations for
maintaining a behavioural strategy (Kringelbach and Rolls, 2004). Similar types

of adaptive behaviour across multiple facets of complex cognition and emotional
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processing are found to form functional correlates of activity in SENs (Seeley et
al., 2007). The current results expand upon these interpretations by showing
that antero-lateral OFC integration in reward and cognitive control systems is
explained to some extent by midbrain D3R signalling.

These findings additionally highlight, in the living human brain, functional
distinctions between the influences of dopaminergic signalling through D3
relative to D2 receptor sub-types, in terms of how individual differences in these
neurobiological quantities impact upon BOLD signal dynamics of large-scale
networks during undirected rest. There is currently much debate on precisely
how post-synaptic dopamine inhibition relates to D2/D3 function in midbrain
relative to striatal regions (Levant, 1997; Volkow et al., 2001; Dalley et al., 2007;
Buckholtz et al., 2010; Heidbreder and Newman, 2010; Koob and Volkow, 2010;
Sesack and Grace, 2010). High midbrain D3R availability may reflect increased
autoreceptor inhibition of dopamine release in frontal and striatal projection
areas (Levant, 1997; Buckholtz et al., 2010; Heidbreder and Newman, 2010;
Koob and Volkow, 2010; Sesack and Grace, 2010), which the current data
indicate may result in: (i) reduced antero-lateral OFC modulation of interactions
within and between inversely-related frontoparietal cognitive RSNs, while (ii)
increasing the posterior OFC modulation of striatal (BGLN) reward pathways
(also associated here with low DPU D2R availability). Such neurochemically
mediated connectivity modulations could feasibly lead to increased compulsive
or reward-seeking behaviours (e.g., Volkow et al.,, 2001; Boileau et al., 2012).
Example evidence of such a relationship between these behaviours and the
defined brain processes comes from associations between increased drug cue

responsiveness and reduced cognitive control in addictive disorders (see e.g.,
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Baler and Volkow, 2006). Further support for this interpretation stems from
recent evidence in addiction and obsessive compulsive disorder showing
disorder-dependent alterations in resting-state functional connectivity between
OFC and equivalent networks to those studied here (Cole et al., 2010b; Wilcox et
al, 2011; Meunier et al., 2012).

Other PET studies in humans with non-selective D2/D3 ligands support
relationships between reward-related personality traits and dopamine receptor
availability (Zald et al., 2008; Lee et al., 2009; Buckholtz et al., 2010; Gjedde et al.,,
2010). Although there are no prior published data in humans specifically linking
D3R with behavioural risk factors for addiction, such as impulsivity or reward
sensitivity (Zald et al,, 2008), non-human studies with selective antagonists show
that D3-blocking specifically abolishes motivated reward-seeking behaviours
(Heidbreder and Newman, 2010). Conversely, one rodent study used
preferential and selective antagonists for D2R and D3R sub-types, respectively,
to demonstrate specific DZR-mediated increases in impulsive behaviour
following amphetamine challenge (van Gaalen et al., 2009). The current
observation that OFC functional connectivity with both the DMN and BGLN is
positively associated with midbrain D3R but negatively associated with DPU D2R
availability extends this evidence of functional dissociations between dopamine
neuroreceptor sub-types in humans. Moreover, these results identify the OFC as
a potentially key region for modulating interactions between SENs implicated in
cognition and motivated behaviour, in conjunction with D3R (but not D2R)
availability. Such dissociations may relate to existing theories of the ‘tonic-
phasic’ hypothesis of dopaminergic influence on cognitive control (e.g., Cools,

2006; Sokoloff et al., 2006; Sesack and Grace, 2010). For example, D3

132



autoreceptors in the midbrain are found to control phasic, but not tonic,
dopaminergic activity (Sokoloff et al., 2006), whereas such distinctions are less
clear for distributed D2Rs. Future investigations may seek to link these effects
more directly to specific behavioural factors related to addiction or affective

disorders, such as salience-dependent motivation, anxiety or reward-sensitivity.

4.4.4 — Methodological considerations

A number of methodological considerations warrant discussion. Firstly, [11C]-
(+)-PHNO binding potential has been shown to be sensitive to extracellular
dopamine in the living human brain (e.g., Willeit et al.,, 2008; Shotbolt et al.,
2012). Thus, extracellular dopamine levels may be a factor in the relationship
between midbrain [11C]-(+)-PHNO binding potentials and OFC-RSN functional
connectivity. Additional research is therefore necessary to determine the precise
contributions of midbrain D3R density and extracellular dopamine levels to these
effects.

Secondly, this study employed a modest sample size, thus results should
be generalised judiciously. For example, an association between the availability
of different dopamine receptor sub-types (D2 and D3) was entirely absent in the
current study, but could in theory emerge through testing in a different
population. Nevertheless, the primary concern with small sample sizes is that
they may suffer from an increased incidence of false negative results (‘Type II’
error), not false positive results (“Type I’ error). Indeed, here highly robust
associations were found between PET measurements of D3R (and DZ2R)
availability and FMRI measurements of functional connectivity across a number

of networks involving the OFC, demonstrating that the current sample is
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sufficient to detect significant effects in accordance with the a priori hypotheses.
Moreover, although Type I error is of minimal risk in some studies with modest
sample sizes, its risk was controlled for within the multiple regression
framework of the current analysis, through a conservative combination of
nonparametric permutation testing, cluster-mass thresholding and FWE-

correction across the whole brain for multiple comparisons.

4.4.5 - Conclusions
In summary, using a novel approach combining [11C]-(+)-PHNO PET and resting-
state FMRI, it has been shown directly in healthy humans that variation in
midbrain dopamine D3 receptor availability is associated with individual
differences in functional connectivity between OFC regions and multiple neural
networks underlying cognitive control, goal-directed behaviour and reward. To
date, dopaminergic pharmacotherapies have not proven clinically effective in
treating most addictions. This work contributes to the validation of D3R as a
target for novel treatments for addiction or other motivational disorders.
Evidence has already indirectly associated dysfunction of both D3R and frontal
cortical networks with a number of neuropsychiatric disorders (Staley and Mash,
1996; Gurevich et al.,, 1997; Allman et al.,, 2005; Sokoloff et al., 2006; Seeley et al.,
2009; Kim et al., 2012). Future studies can extend this to test directly in these
disorders for dysfunctional connectivity of the regions of OFC defined here.

This study provides valuable evidence for the molecular basis of large-
scale network functional connectivity patterns. A role is highlighted for the
dopamine system specifically, although this does not rule out a likely role for

other neurochemical systems or molecular pathways in modulating such
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phenomena (see e.g., Cole et al., 2010b; Liu et al., 2010; Kunisato et al., 2011;
Hahn et al,, 2012; Wiggins et al,, 2012). In any case, it will be important and
reassuring to be able to relate such findings to individual differences in
behavioural or personality measures relevant for cognition, reward, motivational
processing and neuropsychiatric disorders.

Finally, it will be of chief importance - particularly with respect to
contexts of medicines development and clinical nosological applications - to
confirm that RSN connectivity patterns under specific neurochemical control can
be modulated pharmacologically, in a biologically plausible manner in line with
existing pharmacological literature. In Chapter 5 some of these factors are
addressed in a study reporting the effects of broad-spectrum dopamine
neuromodulation on network functional connectivity, as well as interactions

with individual differences in self-report measures of impulsivity.
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Chapter 5 - Towards stratifying drug modulations

via large-scale network connectivity differences

Differential dopamine drug effects on RSN connectivity

Dopaminergic medications, used to treat neurochemical pathology and
associated symptoms in multiple neuropsychiatric disorders, are often of mixed
efficacy and are regularly associated with unwelcome side effects. This outcome
variability, which may be attributable to the existence of both linear and
‘inverted U-shaped’ effects of dopamine modulation on cognitive functions,
clouds the majority of attempts to characterise such drug effects using functional
neuroimaging. Due to the proposed ability to map biologically plausible effects
on systems-level signalling throughout the brain, RSN functional connectivity
measures may provide a sensitive alternative. In this placebo-controlled,
parallel-design study in healthy volunteers, broad-spectrum (agonistic and
antagonistic) pharmacological manipulations were used to assess the effects of
dopamine neuromodulation on large-scale cortico-subcortical and cortico-
cortical RSN functional connectivity relationships. Both linear and nonlinear
neuromodulatory effects were identified on distinct large-scale functional
connectivity patterns of RSNs known to be involved in aspects of cognition and
reward processing. Further, drug-specific associations were found between RSN
reactivity to dopamine modulation and individual differences in trait impulsivity.

Findings reveal differential RSN sensitivity to biologically plausible drug effects.

136



5.1 - Introduction

Dopaminergic regulation of neural processing is seemingly critical for core
functions of cognition, motivated behaviour and reward response, as established
by decades of animal research!! (e.g., Brozoski et al, 1979; Nieoullon, 2002;
Schultz, 2002; Wise, 2004). Dopamine neurotransmission is also linked with
reward-seeking and impulsive behaviours in humans (Pessiglione et al., 2006;
Buckholtz et al., 2010). Specific neuroreceptor proteins regulating dopaminergic
signalling, particularly D2-like receptors (a category that includes D3R; see
section 4.1), are thought to mediate individual differences in sensitivity to
neurochemical or pharmacological manipulation and, accordingly, the
probability of developing and sustaining symptoms of pathological reward,
behavioural inhibition or salience processing in disorders such as addiction,
Parkinson’s disease and schizophrenia (Schafer et al., 2001; Dalley et al., 2007;
Dagher and Robbins, 2009; Buckholtz et al., 2010).

There is, therefore, wide appreciation of the potential for interventions
modulating dopamine neurotransmission to treat cognitive symptoms across a
range of neuropsychiatric disorders (Goldberg et al, 1993; Robbins, 2000;
Volkow et al.,, 2004; Cools, 2006), or even in experimental enhancement of
‘normal’ cognitive processes (Robbins, 2000; Volkow et al., 2009; Cools and
D'Esposito, 2011). However, the efficacy of dopamine-targeting therapies has
proven extremely variable, depending largely on the disease or cognitive process

in question (see e.g., Crow, 1980; Davis et al., 1991; Laruelle et al.,, 2003; Cools,

11Portions of this chapter are reproduced from two related publications: Cole DM, Oei NY, Soeter
RP, Both S, van Gerven ]JM, Rombouts SA, Beckmann CF (2012) Dopamine-dependent
architecture of cortico-subcortical network connectivity. Cereb Cortex [Epub ahead of print]
d0i:10.1093 /cercor/bhs136; Cole DM, Beckmann CF, Oei NY, Both S, van Gerven JM, Rombouts
SA (under review) Differential and distributed effects of dopamine neuromodulations on resting-
state network connectivity.
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2006; Dagher and Robbins, 2009; Heidbreder and Newman, 2010; Martinez et
al, 2011). In particular, the use of psychopharmacological medications to
‘correct’ hypo- or hyper-dopaminergic states in associated neuropsychiatric
disorders (e.g., schizophrenia and Parkinson’s, respectively) is, itself, thought to
be (at least partly) responsible for adverse sensory-motor and cognitive side
effects or comorbid presentations (e.g., Goldberg et al., 1993; Cools, 2006;
Dagher and Robbins, 2009; Martinez et al., 2011).

Importantly, recent insights into understanding how brain dopamine
regulates core psychological functions, particularly those related to cognitive
control and attention, emphasise a key role for differences in baseline levels of
the molecule in determining variable characteristics of psychological processing,
both across populations and within individual subjects. In particular, it is
becoming increasingly clear that simple ‘linear’ relationships - those positing
(e.g.) that increasing dopamine neurotransmission improves functionality while
attenuating it is detrimental - although extant (e.g., Pessiglione et al., 2006;
Diaconescu et al., 2010), do not describe fully the complex associations between
levels of dopamine and cognitive qualities (Cools and D'Esposito, 2011). It is an
increasingly common observation that both hypo- and hyper-dopaminergic
states can (in certain instances) have deleterious effects on performance in tasks
of cognition and attention, indicative of an ‘inverted U-shaped’ (i.e., nonlinear)
association between dopamine neuromodulation and cognitive processing
(Cools and D'Esposito, 2011). This could imply the existence of an ‘optimum’
dopamine level required to balance the interplay between competing
psychological processes and thus promote function. Moreover, this may provide

an explanation for instances where pharmacological intervention to treat one
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psychological faculty (e.g., elevating dopaminergic activity to minimise the motor
symptoms of Parkinson’s disease) proves detrimental to another (i.e., produces
an adverse side effect, for example a behavioural addiction, that would not occur
if dopamine neurotransmission had remained at the previous lower levels).
However, somewhat paradoxically this supposedly optimum level appears to
vary, not just across different individuals and dopamine-dependent behaviours,
but also across the brain regions involved (Cools and D'Esposito, 2011). The
apparent unpredictability of this ability of dopamine to, for example, improve
one faculty while impairing another has significant ramifications for the
pharmacological management of multiple neuropsychiatric disorders. Indeed, it
is likely that dopamine’s intimate and distributed entanglement with a range of
cognitive faculties has directly contributed to the fact that, in the living human
brain, therapeutic psychopharmacological effects of dopamine neuromodulation
remain incompletely characterised (Cools and D'Esposito, 2011).

In Chapter 4, evidence was provided that differential configurations in
molecular dopaminergic systems contribute to variability, across individuals, in
large-scale functional patterns of network-level connectivity measurable by
FMRI. Indeed, dopaminergic influences in the brain are shown, here and
previously, to be investigable through FMRI measures of functional connectivity
within large-scale networks (Honey et al., 2003; Cole et al., 2012a). It has been
proposed further that the complex cognitive processes and personality factors
relevant for reward-related behaviour and impulsivity are mediated by
analogous large-scale neuronal systems, communicating via cortico-subcortical
and cortico-cortical pathways (Bressler, 1995; Everitt and Robbins, 2005; Koob

and Volkow, 2010). However, broad-spectrum dopaminergic manipulations of
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connections within multiple large-scale networks and, moreover, interactions
with individual difference measures relevant for psychopharmacological
modulation of pathological processing have not yet been investigated.

This chapter describes a novel study combining agonistic (levodopa; L-
dopa) and antagonistic (haloperidol) pharmacological manipulations in healthy
subjects with multivariate and mass univariate FMRI data analysis techniques
(see Chapter 2) sensitive to RSN functional connectivity. This pharmacological
FMRI study focussed specifically on RSNs relevant for cognitive control,
impulsivity and reward processing (Seeley et al., 2007; Smith et al., 2009; Cole et
al., 2010b; Koob and Volkow, 2010; Shannon et al.,, 2011), which have also been
implicated as dysfunctional in neuropsychiatric disorders regularly treated with
dopamine-targeting medications (e.g., Castellanos et al., 2008; Kelly et al., 2009;
Wolf et al,, 2011). The primary aim was to establish differential roles for the
dopamine neurotransmitter system in modulating resting-state functional
interactions within distinct large-scale cortico-subcortical and cortico-cortical
pathways, as well as to further characterise these modulatory effects as either
linear or nonlinear. Currently, only limited and ill-reconcilable indications for
nonlinear effects of dopamine neuromodulation on functional connectivity have
been provided (Cohen et al., 2007; Wallace et al., 2011). A secondary aim was to
identify potential ‘drug-personality’ interactions, by exploring associations
between individual differences in dopamine-dependent RSN connectivity
patterns and trait impulsivity.

Inverted U-shaped associations between dopamine and cognition are
most commonly reported during prescribed tasks engaging higher-level

cognitive processes (Cools and D'Esposito, 2011). However, accumulating
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evidence indicates that the influence of the dopamine system on neuronal
signalling at the level of several large-scale cognitive control networks can also
be probed outside of specific tasks with resting FMRI (Achard and Bullmore,
2007; Kelly et al., 2009; Gordon et al., 2012; see also Chapter 4). Indeed (and as
discussed briefly in Chapter 3 and in more detail in Chapter 7), a growing body of
literature emphasises fundamental, predictive associations between activity or
connectivity patterns evoked during cognitive tasks and those spontaneously
emerging during the resting state (e.g., Fox et al., 2007; Pyka et al., 2009; Smith et
al, 2009; Sala-Llonch et al, 2012). Furthermore, the translational value of
resting-state measurements for addressing clinically relevant questions of
diagnostics and prognostics is becoming increasingly apparent (also see, e.g.,
Greicius et al., 2004; Filippini et al., 2009; Cole et al., 2010b; Fox and Greicius,
2010; Varoquaux et al.,, 2010; Murphy and Mackay, 2011). Consequently, it was
hypothesised that, in the healthy human brain, differential (linear and nonlinear)
effects of pharmacological modulations on the dopamine system would be
detectable in distinct RSN connectivity patterns and, further, that a minority of
these interactive relationships (primarily involving subcortical pathways) would

be associated selectively with individual differences in impulsive personality.

5.2 - Materials and methods
5.2.1 - Participants and study design
55 healthy male volunteers naive to the experimental drugs were recruited and

assigned randomly to three groups!? (L-dopa, haloperidol or placebo). Data are

12Non-analytical study procedures described in sections 5.2.1-3 were conducted by a team of
researchers at the Department of Radiology, Leiden University Medical Center, Leiden, The
Netherlands.
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reported from 49 participants who completed the study in full (mean age = 22.4
years * 4.1 SD; see Table 5.1). Eligibility criteria were: no current (or history of)
psychiatric problems as determined by the Mini-International Neuropsychiatric
Interview (Sheehan et al., 1998); no medical history indicating a risk in using L-
dopa or haloperidol (e.g., cardiac illness, depressive disorders, thyroid disorders,
glaucoma); no current or recent use (less than 12 weeks before participation) of
psychopharmacological medication and other medications or psychotropic drugs
that might interfere with the central nervous system action of L-dopa or
haloperidol (e.g., cannabis or cocaine).

Drug administration was double-blind and followed a previously
published, ‘placebo-counterbalanced’ protocol (Pessiglione et al, 2006),
ensuring resting-state FMRI data were acquired at projected peak plasma
concentrations for both drugs. Briefly, participants received either a fixed dose of
3 mg haloperidol (Haldol®; N = 18) four hours prior to scanning (Tmax = 3-6 hrs,
half-time = 14-36 hrs) followed by a placebo one hour prior, a placebo four hours
prior to scanning followed by 100 mg levodopa combined with 25 mg of
carbidopa (Sinemet®; N = 16) one hour prior (Tmax = 45 min, half-time = 1-2
hrs), or a placebo at both time points (N = 15). Pharmaceuticals and ‘clinical’
doses were selected based on their regular use in treating symptoms of
neuropsychiatric disorders such as schizophrenia and Parkinson’s disease. All
tablets were over-encapsulated to ensure that participants and experimenters
were blind to the dosages and could not compare or identify the drugs. The study
was approved by the Medical Ethics Committee of the Leiden University Medical
Center and carried out in accordance with the standards of the Declaration of

Helsinki. Each participant gave signed, informed consent in which
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confidentiality, anonymity, and the opportunity to withdraw without penalty

were assured.

5.2.2 - Questionnaires

Participants completed questionnaires immediately after ingestion of the first
pill. To assess individual differences in impulsivity, the Barratt Impulsiveness
Scale (BIS-11; Patton et al., 1995) was administered to subjects (see Table 5.1;

data absent for a single subject in the L-dopa group).

Table 5.1. Descriptive statistics of subject variables for each drug group and
associated one-way ANOVA results.

Haloperidol (N= Placebo (N= L-Dopa (N =16;15 F (p)

18) 15) for BIS-11)
Age (mean + SD) 22.25 +3.53 21.47 £3.05 23.38+5.30 0.86
(0.43)
BIS-11 total 66.06 + 6.46 63.53 +9.01 66.67 + 11.58 0.51
(mean £ SD) (0.61)

5.2.3 - Image acquisition

Imaging was carried out on a 3-Tesla Achieva MRI scanner (Philips, Best, The
Netherlands) using an 8-channel sensitivity encoding head coil. A T1-weighted
structural volume was acquired for registration purposes. For the resting-state
FMRI scan, 220 whole-brain volumes of T2*-weighted gradient EPI sensitive to
BOLD contrast were obtained in the axial direction (TR = 2.2 s, TE = 30 ms, flip
angle = 80°, isotropic voxels of 2.75 mm, slice gap = 0.25 mm, 38 slices).

Participants were instructed to remain awake with their eyes closed throughout.
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5.2.4 - Image preprocessing

Resting-state FMRI data were preprocessed and initially analysed in individual
subject/session-level EPI space. As described in previous chapters, image
preprocessing was performed with FSL (Version 4.1.8; Smith et al., 2004). The
first four volumes were removed from each FMRI dataset to allow for magnetic
equilibration, resulting in a 216-datapoint BOLD time series at each voxel per
session.

Seed-based ‘partial’ correlation analysis (SBCA; as introduced in section
2.2.3; see O'Reilly et al, 2010) was carried out for each subject within an
anatomically-derived subcortical seed mask incorporating regions with
established dopamine-dependent functionality or connectivity (Honey et al,
2003; Kelly et al., 2009; Buckholtz et al., 2010; Koob and Volkow, 2010). Every
voxel within each ‘individualised’ mask was quantitatively tested in terms of its
connectivity with each of a number of RSN ‘target’ maps, which collectively
covered the majority of neo-cortex.

To construct subject-specific subcortical seed masks, T1 structural images
were segmented using FSL FIRST (Patenaude et al., 2011). Bilateral regions
included in these masks were the entire striatum (comprising regions of caudate,
putamen and ventral striatum), globus pallidus, amygdala, hippocampus and
thalamus (and midbrain, see below). The unthresholded versions of these
segmented structures (i.e., without boundary correction) were combined into a
single, ‘liberal’ mask image for each subject. Absolute/fine-detailed anatomical
accuracy at the single subject level was not required, as ultimately information
from all subject masks was combined to form the space for higher-level group

analyses. To include midbrain voxels within these masks, nonlinear warp
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transformation (as implemented in FSL FNIRT; Andersson et al.,, 2007) of six
binary, bilateral volumes from the Talairach Daemon atlas (Lancaster et al.,
2000; labels = midbrain, substantia nigra, subthalamic nucleus, red nucleus,
mammillary body and medial geniculum body) to the high-resolution space of
each subject was carried out. This midbrain information was then added to the
mask containing subjects’ other subcortical regions. These subject-specific
combined masks were then affine transformed to EPI space using FSL FLIRT
(Jenkinson et al., 2002) and used in subsequent subject-wise SBCA.

Twenty binary RSN spatial maps (seven of interest and 13 ‘nuisance’, see
section 5.2.6) from a group probabilistic ICA of the subjects given placebo were
used to construct RSN masks for use as target neural functional connectivity
networks in SBCA. Placebo data only (216 volumes per scan x 15 subjects = 3240
image volumes) were entered into multi-session ICA with temporal
concatenation (as implemented in FSL MELODIC), to avoid biasing this spatial
target selection towards the larger haloperidol group (e.g., Langers, 2010).
Automatic dimensionality estimation using the Laplace approximation identified
43 independent components in total in the placebo group FMRI data. Twenty of
these were selected for further analyses based on their neuroanatomical
configurations and neurophysiological interpretability as RSNs, in comparison
with previous literature (Beckmann et al., 2005; Kiviniemi et al., 2009; Smith et
al, 2009; Cole et al, 2010b). The remaining 23 components were deemed
artefacts of motion, non-neuronal physiology or magnetic susceptibility (see e.g.,
Kiviniemi et al, 2009) and thus not included in further analyses. Networks
identified by group-ICA and entered into further analyses have been described

previously by multiple groups (and in this thesis) and comprise core systems
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and sub-systems implicated in multiple sensory, motor and cognitive functions
(Biswal et al., 1995; Vincent et al., 2006, 2008; Seeley et al., 2007; Smith et al.,
2009; Andrews-Hanna et al., 2010; Cole et al., 2010b). All 20 template RSN maps
were thresholded (at z > 3), then binarised and affine transformed from MNI
space to the functional space of each EPI session using the FSL FLIRT tool; first to
the space of the associated high-resolution T1 structural scan, then to functional
EPI space. While in high-resolution space (prior to transformation to EPI space),
voxels with < 20% probability of containing grey matter in the equivalent T1
structural (as calculated using FSL FAST) were removed from all ‘subject-

specific’ RSN spatial maps.

5.2.5 - Neocortical RSN connectivity with subcortical regions (i): SBCA

In SBCA the subcortical seed masks from each session were individually
examined for their voxel-wise spatial distributions of functional connectivity
strength with the characteristic activity of each of the 20 RSNs (seven subjected
to higher-level analysis, 13 nuisance). All 20 non-artefactual components were
included in this first-level analysis to ensure that potential extraneous
interactions, or temporally overlapping relationships, between any of the seven
RSNs of interest (see section 5.2.6; Fig. 5.1A-G) and any of the 13 nuisance RSNs
(e.g., visual, auditory or somatomotor networks) could be factored out of the
analysis, in effect treating the latter as confound regressors. Voxel-wise
connectivity strengths were quantified by calculating partial correlation
coefficients between the BOLD signal time series at each mask voxel and that of
the weighted principal eigenvariate associated with each RSN (the latter

calculated via subject-wise singular value decomposition). Voxel-wise
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coefficients are termed ‘partial’ because the analysis associated with a given
target RSN controlled, in turn, for the seed voxel’s activity relationship with each
of the other 19 RSNs examined as targets in separate correlation analyses!3.
These analyses also controlled for the confounding influences of structured noise
from white matter and CSF tissue types and residual motion artefact. To this end,
binary T1-segmented maps of white matter and CSF (calculated using FSL FAST)
were transformed to EPI space using FLIRT and, for each session, used as masks
against the associated, preprocessed functional datasets, enabling the extraction
of confound time series that were calculated as the mean BOLD signal within
these tissue masks!*. In addition to white matter and CSF confounds, six time
series resulting from the motion correction procedure describing individual

subject motion parameters were also regressed out of the SBCA.

3For a detailed evaluation of the use of partial, relative to full, correlation calculations in
network modelling based on resting-state functional connectivity data, see Smith SM, Miller KL,
Salimi-Khorshidi G, Webster M, Beckmann CF, Nichols TE, Ramsey ]JD, Woolrich MW (2011)
Network modelling methods for FMRI. Neuroimage 54:875-891.

14Higher-level analyses reported in subsequent sections of this chapter were repeated with the
additional inclusion of voxel-wise grey matter density covariates for each subject, which served
to factor out potential additional effects of structural variability unaccounted for by the above-
described tissue-specific preprocessing procedures on BOLD signal-dependent functional
connectivity relationships. However, the results of these separate analyses were almost identical
to those reported in section 5.3, thus they are not reported in detail. This lack of difference
implies that the dopamine-dependent network functional connectivity relationships examined in
this study are relatively independent from structural/anatomical variability, at least in terms of
grey matter density.
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Figure 5.1. RSNs of interest from ICA of placebo group data (N = 15) and group
subcortical seed mask. (A-G) Seven RSNs subjected to higher-level post-SBCA analysis of
dopamine-dependent subcortical functional connectivity and post-dual regression
whole-brain connectivity. (A) Postero-centric default mode network (DMN); (B) Right-
lateralised frontoparietal network (FPN) (C) inferior fronto-insular salience/executive
network (SEN); (D) hippocampal-parietal/ventral DMN; (E) Antero-centric DMN; (F)
Left-lateralised FPN; (G) dorsal medial-lateral frontal SEN. (H) Subcortical mask used in
higher-level analyses. (I) Basal ganglia/limbic RSN (BGLN) including bilateral striatum,
pallidum and amygdala subjected only to post-dual regression analyses of whole-brain
connectivity.

5.2.6 - Neocortical RSN connectivity with subcortical regions (ii): Higher-level
analysis

Further analyses examining drug effects on RSN-subcortical functional
connectivity focussed on a subset of seven RSNs (Fig. 5.1A-G), of interest due to
their reported involvement in complex cognitive control and motivational

processes potentially relevant for impulse control, reward processing or
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dopamine function (Greicius et al., 2004; Vincent et al., 2006, 2008; Seeley et al.,
2007; Kelly et al., 2009; Smith et al., 2009; Andrews-Hanna et al., 2010; Cole et
al.,, 2010b, 2012a; Koob and Volkow, 2010; Shannon et al., 2011; Wolf et al,,
2011). In line with this amassed literature, these RSNs are here referred to as the
(i) postero-centric (Fig. 5.1A; peak MNI co-ordinates in the dorsal precuneus: x =
0, y = -76, z = 34), (ii) hippocampal-parietal/ventral (Fig. 5.1D; left ventral
precuneus peak: x =-10, y = -62, z = 12) and (iii) antero-centric (Fig. 5.1E; right
dorsomedial prefrontal cortex peak: 2, 54, 20) sub-systems of the DMN, the (iv)
right- (Fig. 5.1B; right inferior parietal/superior occipital cortex peak: 44, -66,
48) and (v) left-lateralised (Fig. 5.1F; left inferior parietal/superior occipital
cortex peak: -38, -72, 46) frontoparietal networks (FPNs), the (vi) fronto-insular
(Fig. 5.1C; right inferior frontal gyrus/dorsolateral prefrontal cortex peak: 50, 18,
24) and (vii) dorsal medial-lateral frontal (Fig. 5.1G; left
frontopolar/dorsolateral prefrontal cortex peak: -30, 48, 24) salience/executive
networks (SENs).

To test the correlation maps resulting from SBCA for between-group
differences (seven RSNs x 49 subjects = 343 maps), they were transformed to a
common stereotactic space, firstly by applying previously calculated affine
transformations to high-resolution structural space, then by FNIRT nonlinear
warp transform to MNI template space. Correlation maps were then
concatenated in a single 4-D file per RSN, containing, for each subject, a
subcortical map of connectivity with said RSN (thus 49 per RSN). These RSN-
specific subcortical connectivity maps were then analysed within the GLM
framework, using non-parametric permutation testing (5000 permutations; as

implemented in FSL randomise) to identify subcortical regions in which
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functional connectivity with a given RSN of interest differed between dopamine
drug treatment groups, in terms of being more strongly or weakly positive or
negative. Explicitly, contrasts tested for both linear (L-dopa > placebo >
haloperidol; and the inverse contrast) and quadratic/nonlinear (placebo > L-
dopa + haloperidol; and the inverse) drug effects on RSN-subcortical
connectivity. Significant effects were defined by cluster-mass thresholding (t >
2.3, p < 0.05, FWE-corrected) and are presented in Table 5.2. For the group
subcortical mask used in these analyses, to be inclusive and allow for small inter-
subject structural variations, the subcortical masks from each subject were
nonlinearly warped to MNI space (using FSL FNIRT), summed and the resulting

image was then binarised (Fig. 5.1H).

5.2.7 - Whole-brain analysis of RSN connectivity using dual regression

The analysis described in section 5.2.6 tested specific hypotheses about the
integration of pre-defined subcortical structures within macroscopic brain
networks. However, the human brain systems influenced by dopamine
neurotransmission are distributed in nature throughout the cortex and
subcortex and the precise mechanisms of functional integration across the
regions involved in dopaminergic processing are not clear (Koob and Volkow,
2010). Therefore, to avoid overlooking more widespread linear and nonlinear
effects of dopamine modulation on network connectivity, particularly within
neocortical regions, a second higher-level analysis was performed using dual
regression methods described in previous chapters, followed by GLM

permutation testing. Thus, this approach was sensitive to systems-level RSN
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connectivity relationships across the whole brain, rather than restricting all a
priori hypotheses to cortico-subcortical functional connections.

The full set of 20 unthresholded, weighted RSN maps identified by group-
ICA of the placebo data was entered into dual regression to produce subject-
specific RSN time courses and spatial maps. Artefactual signals from white
matter, CSF and six motion parameters (defined using FSL tools as described in
section 5.2.5) were regressed out of this analysis for each subject. Group
comparisons examining both linear and nonlinear effects of dopamine drug
modulation were carried out within an identical framework to the post-SBCA
higher-level analyses (section 5.2.6), but with the additional inclusion of an
eighth RSN of interest spanning a (largely striatal) basal ganglia/limbic network
(BGLN) of regions (Fig. 5.11; peak co-ordinates in the left dorsal putamen: x = -
22,y = 4, z = 2), with potential relevance for dopaminergic function, reward
processing and related neuropsychiatric disorders (Kelly et al., 2009; Robinson
et al,, 2009; Cole et al., 2012a). In preparation for the group GLM comparison, the
individualised maps corresponding to the eight RSNs of interest were
normalised to z-statistics and concatenated across subjects, creating a 4-D file
containing the map corresponding to each RSN for one subject per volume (thus

49 per RSN).

5.2.8 - Measuring associations between connectivity and impulsivity

To examine drug-specific network functional connectivity associations with
impulsivity, FMRI results were correlated, within-group, with total BIS-11
scores. Significant clusters identified from the post-SBCA and post-dual

regression higher-level analyses were thus used, respectively, as masks to

151



extract mean connectivity scores from the RSN-specific correlation and
connectivity maps used initially as inputs to these analyses (in the case of the
post-SBCA correlation maps, Fisher z-transformed normalised versions). The
resulting values were then grouped by drug condition and correlated (Pearson’s
r) with BIS-11 total scores to find significant within-group associations (p < 0.05,
two-tailed). These correlations were then compared across groups to investigate
drug-personality interactions, using a z-test to identify significant differences
between the resulting (Fisher z-transformed) correlation coefficients. All post-
hoc correlations with impulsivity scores are regarded as exploratory and are

uncorrected for comparisons across multiple RSNs.
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5.3 - Results

5.3.1 - Dopamine-dependent linear modulations of cortico-subcortical connectivity
From analyses of FMRI data collected in conjunction with broad-spectrum
pharmacological challenges, this study first revealed multiple significant linear
associations (L-dopa > placebo > haloperidol) between dopaminergic drug group
and cortico-subcortical functional connectivity (cluster t > 2.3, p < 0.05, FWE-
corrected). These effects on connectivity, greater in the L-dopa group and
reduced in the haloperidol group, were apparent between: (i) the postero-
centric DMN and the midbrain (peak t = 5.08; co-ordinates: x = -6,y = -28, z = -6;
Fig. 5.2A; see Table 5.2 for more details); (ii) the right-lateralised FPN and the
right dorsal caudate (t = 4.08; x =12,y = 8, z = 6; Fig. 5.2B); and (iii) the inferior
fronto-insular SEN and the left ventral striatum (t = 4.21; x=-16,y =12,z = -10;
Fig. 5.2C). A significant effect of drug group was also found on the connectivity
between (iv) the left-lateralised FPN and bilateral thalamic regions (see Table
5.2). This post-SBCA analysis revealed no significant ‘inverse linear’ (haloperidol
> placebo > L-dopa) or nonlinear effects of dopamine modulation on cortico-

subcortical connectivity.

5.3.2 - Dopamine modulates distinct RSN connectivity patterns differentially

A second, whole-brain analysis examined how the distributed signalling of
macroscopic brain networks could be altered in a dopamine-dependent manner.
Multiple significant effects were identified, both linear and ‘inverted U-shaped’,
of dopaminergic agonistic and antagonistic drug modulations on the functional
connectivity patterns of behaviourally relevant resting-state networks identified

by group-ICA. The predominantly subcortical BGLN (Fig. 5.11), which covered the
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majority of the bilateral striatum and portions of the pallidum and amygdala,
showed a significant linear effect of drug group (cluster t > 2.3, p < 0.05, FWE-
corrected). Specifically, BGLN functional connectivity with regions of left pre-
and post-central gyri/motor cortex (peak t = 6.18; x = -38, y = -26, z = 42; Fig.
5.3Ai) was greater in the L-dopa group and lower in the haloperidol group,
relative to the placebo group. In addition, an inverted U-shaped (i.e., quadratic)
effect of dopamine drug group was found on the connectivity association
between the BGLN and a region of dorsal anterior/mid-cingulate cortex (t = 5.27;
X = 4,y = -8, z = 36), where this connectivity was significantly higher in the
placebo group than in both drug groups (on average lowest in the haloperidol
group; Fig. 5.3Aii).

Additionally, two significant linear, but opposing, effects of dopamine
neuromodulation were found on the - predominantly neocortical - antero-
centric DMN (Fig. 5.1E). These were: (i) greater connectivity in the haloperidol,
relative to placebo and L-dopa groups, with a cluster in the left precentral and
middle frontal gyri (t = 4.51; x =-40, y = 6, z = 56; Fig. 5.3Bi); and (ii) reduced (or
increased negative) connectivity in the haloperidol group, relative to placebo and
L-dopa groups, between this RSN and the right supramarginal
gyrus/intraparietal sulcus (t = 6.40; x = 52, y = -34, z = 46; Fig. 5.3Bii). No
quadratic (inverted U-shaped or ‘non-inverted’ U-shaped) dopaminergic effects
were identified across the whole brain in terms of the connectivity with this (or

any other) cortical RSN of interest.
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5.3.3 - Connectivity-impulsivity associations
Further exploratory analyses of the significant post-SBCA results revealed that
dopamine-dependent connectivity between the posterior DMN and the midbrain
was significantly negatively correlated with subject BIS-11 total scores in the
haloperidol group (r = -0.58, p = 0.012 two-tailed). Further, this effect size was
significantly different (z = 2.1, p = 0.038 two-tailed) from an equivalent positive
(non-significant) correlation in the L-dopa group, thereby indicating an
interaction effect between impulsivity scores and drug type on network
functional connectivity (Fig. 5.2Aiii). Although both haloperidol and L-dopa
groups visibly contain outliers!> for the contrast in question, by removing the
scores of these subjects from the respective connectivity-impulsivity
correlations this interaction effect was further amplified (z = 2.6, p = 0.010 two-
tailed). Of potential interest, the drug effects on connectivity between the right
FPN and caudate showed an opposing relationship with BIS-11 scores to the
midbrain-DMN pattern identified (Fig. 5.2Biii). No within-group correlation
reached significance for this FPN-caudate relationship, but the haloperidol group
correlation was again opposite in direction to the other two groups and in this
case showed a trend towards a significant difference from the BIS-11 correlation
with the placebo group (z =-1.8, p = 0.067 two-tailed). The dopamine-dependent
SEN-ventral striatum connectivity pattern showed no within- or between-group
associations with BIS-11 scores (Fig. 5.2Ciii).

In terms of results identified by whole-brain, post-dual regression
analyses, the dopamine-dependent connectivity (L-dopa > placebo >

haloperidol) between a right supramarginal gyrus cluster and the DMN (Fig.

15As determined by the boxplot algorithm in SPSS version 16.0 (SPSS Inc., Chicago, IL, USA).
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5.3Bii) was significantly negatively correlated with subject BIS-11 scores in the
group given haloperidol (r =-0.51, p = 0.031 two-tailed; Fig. 5.4). Non-significant
equivalent correlations in the placebo and L-dopa groups were both directionally
opposite (positive) to that in the haloperidol group, to a significantly different
degree (z = 2.43, p = 0.015 two-tailed) and at trend levels (z = 1.69, p = 0.091),
respectively. No other connectivity patterns showed within-group correlations

or between-group interactions with BIS-11 scores.
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and right supramarginal gyrus (z-scores)
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Figure 5.4. Drug-specific association between anterior DMN-parietal connectivity and
impulsivity. Antero-centric DMN connectivity in right supramarginal gyrus (see Fig.
5.3Bii) is significantly negatively correlated with subject BIS-11 scores in the group
given haloperidol (r = -0.51, p < 0.05 two-tailed, denoted by “**’), but not in the placebo
or L-dopa group. The connectivity-impulsivity correlation in the haloperidol group is
significantly different to that in the placebo group (p < 0.02, denoted by *’) and shows
trend levels of difference to that in the L-dopa group (p = 0.09, denoted by ‘§’).
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5.4 - Discussion

5.4.1 - Summary

This study identified novel and important links between dopamine
neuromodulation and systems-level signalling within the human brain. Results
provide evidence that, relative to a placebo, dopamine agonistic and antagonistic
manipulations at ‘clinical’ doses (see section 5.2.1) affect large-scale resting-state
network connectivity relationships in the healthy human brain in both opposing
(linear) and inverted U-shaped (nonlinear) fashions. Linear effects of dopamine
drug modulation were widespread, occurring within cortico-subcortical and
cortico-cortical networks. Only a single nonlinear dopaminergic effect was
identified, occurring within cortico-subcortical RSN circuitry. Further, drug-
specific associations were pinpointed between RSN reactivity to dopamine
modulation and individual differences in trait impulsivity, revealing dissociable
drug-personality interaction effects across distinct dopamine-dependent cortico-

subcortical and cortico-cortical circuitry.

5.4.2 - Linear and nonlinear dopamine modulation of cortico-subcortical network
connectivity

Firstly, opposing effects were demonstrated of agonistic and antagonistic
dopaminergic challenges on functional connectivity relationships between
dopamine-rich subcortical regions (specifically midbrain and striatum) and
corresponding neocortical cognitive RSNs, as well as between the large-scale
subcortical BGLN and regions of left somatomotor and premotor cortex. Similar
neural circuits have been implicated in aspects of cognition, personality and

reward processing relevant for neuropsychiatric disorders commonly treated
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with dopamine-targeting medications (e.g., Castellanos et al.,, 2008; Cole et al,,
2010b, 2012a; Koob and Volkow, 2010; Tost et al.,, 2010; Shannon et al.,, 2011;
Wolf et al, 2011). The observed linear, dopamine-dependent BGLN-
motor/premotor connectivity relationship is, in part, a resting-state
corroboration of task-related FMRI functional connectivity results reported by
Tost and colleagues, which showed a reduction of connectivity between
comparable (left hemisphere) striatal and cortical regions in healthy subjects
under haloperidol (dopamine antagonism) during a motor activation paradigm
(Tost et al., 2010). Moreover, the current results provide intuitive confirmation
that an opposing (agonistic) pharmacological manipulation with L-dopa has the
opposite effect on this same motor network and other cortico-subcortical
circuitry. Indeed, L-dopa generally increases cortico-subcortical network
connectivity in this study sample, whereas haloperidol tends to decrease it
(although see below and section 5.4.3). These findings suggest that RSN
functional connectivity can, in some cases, provide an indirect measure of
dopamine neurotransmission. Of note, the latter observation is also in line with
prior electrophysiological evidence of L-dopa increasing cortico-subcortical
neuronal coupling in Parkinson’s disease (Williams et al., 2002), indicating
further that multimodal functional connectivity measures can provide
converging evidence of neurotransmitter effects on macroscopic brain signalling.

Secondly and conversely, whole-brain analyses revealed an inverted U-
shaped association between dopamine modulation and resting-state connectivity
between the BGLN and regions of dorsal anterior/mid-cingulate cortex. In
contrast to the linear effects of dopamine drug group on cortical-BGLN

connectivity subserving motor functioning (Tost et al., 2010), this observed
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connectivity nonlinearity might reflect the involvement of cingulate circuitry
implicated in the dopamine-dependent regulation, or optimisation, of higher-
level cognitive, emotional or motivational processes (Bush et al., 2000; Botvinick,
2007; Cools and D'Esposito, 2011). The variability of action that dopaminergic
drugs seem able to exert, even on two distinct, distributed interaction patterns of
a single subcortical RSN, may go some way towards explaining the variability in
symptom severity, treatment response, and motor and cognitive side effects
observed consistently in the neuropsychiatric clinic (Goldberg et al, 1993;
Dagher and Robbins, 2009; Heidbreder and Newman, 2010). For example, this
variability may be responsible in some way for the fact that a number of
Parkinson’s disease patients treated with dopamine agonist drugs develop
cognitive-behavioural complaints and/or addictive disorders, whereas a
majority do not (Cools, 2006; Dagher and Robbins, 2009; Weintraub et al., 2010;
Cilia and van Eimeren, 2011; see also Chapter 6). Future investigation of the
relevance of large-scale network functional connectivity signal variability for
dopamine-mediated neuroplastic processes might also account for potential
interactions with other, for instance glutamatergic and related, neurotransmitter
or neurochemical systems (e.g., Reynolds and Wickens, 2002; Laruelle et al,,

2003).

5.4.3 - Distinct linear dopamine modulations of cortico-cortical RSN connectivity

In addition to revealing differential effects of dopamine on the functional
connectivity between subcortical circuitry and distinct cortical regions, analyses
identified two separate and opposing linear dopaminergic effects on signalling

between the predominantly anterior neocortical DMN and separate regions of
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cortex. Firstly, results demonstrated an inverse linear association between the
pharmacological modulation of dopamine neurotransmission and DMN
functional connectivity with regions of the left premotor cortex. Unlike all other
current and the majority of previous findings (Achard and Bullmore, 2007; Tost
et al,, 2010; although see Diaconescu et al., 2010), this result is indicative of
dopamine antagonism actually increasing, rather than decreasing, functional
connectivity. Thus, while it has been hypothesised that haloperidol given acutely,
via a suppressive effect on synaptic plasticity, is more likely to decrease than
increase neuronal connectivity (Tost et al.,, 2010), the current findings suggest
conversely that the mechanisms by which dopamine mediates network
functional connectivity as measured by BOLD FMRI may not be explained with
such parsimonyl6. Nevertheless, a second linear group effect of dopamine
neuromodulation was found on DMN connectivity with the right supramarginal
gyrus/intraparietal sulcus regions of the inferior parietal cortex. This may be
relevant for the widely described “anti-correlation”, or negative temporal
coupling, between the DMN and frontoparietal cognitive RSNs involving
supramarginal and intraparietal regions, the strength of which is thought to
reflect the efficiency of cognitive processing (Fox et al., 2005; Baliki et al., 2008;
Castellanos et al., 2008; Kelly et al., 2008; Cole et al., 2010b; see also Chapter 3
and section 7.3.3). Indeed, the linear effect of dopamine in these data shows
haloperidol to increase negative functional connectivity between the DMN and

anterior inferior parietal regions.

16]t should be noted that the approach of variance normalisation applied here (as described in
section 2.2.2), which is sensitive to ‘amplitude’ as well as ‘shape’ contributions to functional
connectivity measures, may provide differential sensitivity, for example, to effects that would not
be detectable with purely correlative approaches.
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The DMN is often labelled as a ‘task negative’ RSN, of which the angular
gyrus portion of the inferior parietal cortex is an integral part (Raichle et al,,
2001). Conversely, the frontoparietal RSNs, of which more anterior
supramarginal and intraparietal regions form a key node, are deemed to be ‘task
positive’ (Fox et al., 2005; Dosenbach et al.,, 2007; Vincent et al., 2008). This
anatomical contiguity has led some researchers to put forward the inferior
parietal cortex as a “transition zone” between default mode and frontoparietal
RSNs (Cohen et al.,, 2008; Mennes et al., 2010). In line with the common finding
that these spatially distinct networks are temporally negatively coupled, it could
therefore be inferred that this parietal transition region is ideally spatially
situated for, or plays an important part in, promoting the dynamic interplay
between functionally dissociable cognitive networks. Although their primary
reported finding centred on the role of anterior insula in ‘driving’ the switching
between major cognitive RSNs, such a possibility has been suggested previously
by Sridharan and colleagues (as part of supplementary discussion; Sridharan et
al., 2008), based on directional, ‘effective’ connectivity analyses of resting-state
FMRI data (although note that their study incorporated Granger causality
methods, which face important caveats regarding their applicability to FMRI
data; see e.g., Smith et al., 2011; see also section 7.3.5). Indeed, one of the major
hypothesised mechanisms by which brain dopamine acts is in mediating the
dynamic balance between processes of “flexible updating and cognitive
stabilization” (Cools and D'Esposito, 2011). Thus, the current finding of
dopamine-dependent parietal transition region connectivity with the DMN could
feasibly reflect the purported role of the neurotransmitter in network switching

relevant for efficient cognitive functioning, although further studies are required
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to confirm this interpretation. Initial support for the relevance of this finding for
neurochemical processes underlying cognitive efficiency, flexibility or
optimisation stems, perhaps, from the drug-dependent association found here
between this specific connectivity pattern and self-reported impulsivity
measures (noting, however, that similar impulsivity associations are found with
dopamine-dependent cortico-subcortical connectivity patterns identified in

separate analyses).

5.4.4 - Drug-specific associations between dopamine-dependent RSN functional
connectivity and trait impulsivity

Aside from the gross linear and nonlinear effects of dopaminergic
pharmacological challenges on systems-level functioning, selective associations
were also identified between self-reported impulsive personality traits and
individual responses to dopamine modulation of cortico-subcortical and cortico-
cortical network connectivity patterns. The predictive strength and direction of
these patterns differ depending on the RSN involved, perhaps reflecting distinct
network functions (Beckmann et al., 2005; Seeley et al., 2007; Smith et al., 2009).
For example, the DMN and frontoparietal networks are thought to subserve
opposing aspects of cognition, but are seldom related directly to impulsivity,
although meta-analytic work strongly implicates the right-lateralised FPN in
inhibitory control (Smith et al, 2009). Findings further expand on previous
evidence by highlighting that dopaminergic network differences in impulsivity
extend beyond the midbrain and basal ganglia (Dalley et al., 2007; Buckholtz et

al,, 2010) to large-scale, functionally dissociable neocortical systems.
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Moreover, it seems that subject impulsivity correlates preferentially and
differentially with the effects of haloperidol, relative to L-dopa, on connectivity.
The neurobiological reasons for this are unclear, but may relate to
pharmacological differences between the drugs in specificity or potency.
Administering exogenous L-dopa indirectly increases neurotransmission by
raising existing levels of the dopamine precursor, whereas acute haloperidol
challenge preferentially blocks neurotransmission at dopamine D2 receptors.
The latter is thought to suppress mechanisms governing synaptic plasticity, an
effect likely to be reflected in functional connectivity measures (Bi and Poo,
2001; Saini et al., 2004; Lewis et al., 2009; Tost et al., 2010). The current findings
raise the possibility that markers of impulsive personality may also influence
these mechanisms. Alternatively, in a healthy, neuroleptic-naive population,
genetic, metabolic or neurophysiological differences in susceptible individuals
may increase sensitivity to novel dopamine antagonism with clinical doses of
haloperidol more dramatically than sensitivity to indirect agonism with the
naturally present L-dopa molecule. Such propensity may be only indirectly
related to high trait impulsivity, although equivalent interactions have
previously been identified between impulsivity differences and the functional

effects of direct dopamine agonists (Cools et al., 2007; Dalley et al., 2007).

5.4.5 - Methodological considerations

It is important to highlight that correlations with impulsivity measures were
exploratory and, therefore, significant results limited to the group given
haloperidol should be interpreted cautiously, as should the fact that such an

association is only apparent with network connectivity relationships displaying
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linear, and not nonlinear, effects of dopamine modulation. It should also be noted
that the objectivity of the BIS-11 self-report scale in assessing multi-factorial
impulsivity is a subject of some debate in the personality psychological literature
(for review see, e.g., Evenden, 1999). However, as a general construct it displays
robust inverse associations with molecular imaging measures of subcortical
D2/D3 receptor availability pertinent to dopamine neurotransmission
(Buckholtz et al., 2010); a result that provides reassurance in the context of the
current study.

Secondly, similar to the study described in Chapter 3 using a nicotine
lozenge intervention (and as is a concern in the majority of FMRI studies
involving pharmacological manipulations), direct vasoactive effects of the
dopamine drugs used here are difficult to rule out (see also section 3.4.4).
Nonetheless, there is no precedent to expect that any such non-neuronal drug
effects would be spatially specific or directionally non-specific, rather than
globally pervasive and unidirectional. Thus, the fact that the current study
identified multiple different types of drug effects, occurring in different
directions in distinct, distributed neural networks, serves to minimise any such
concerns.

Finally, it should be noted that, by virtue of the study design, the
conceptualisation of the ‘inverted U’ presented here is not precisely analogous to
that put forward previously (Cools and D'Esposito, 2011). This study specifically
tested, in three independent groups, the linear and nonlinear effects on average
of increasing and decreasing dopamine neurotransmission  with
neuromodulatory drugs. The framework posited by Cools and D’Esposito,

however, emphasises the contribution of individual differences in baseline
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dopamine concentrations to dopamine’s inverted U ‘continuum’. To interpret
nonlinear observations resulting from the current study as evidence of inverted
U-shaped effects of dopamine levels on functional processing requires the
assumption that, prior to drug administration, subjects in the three experimental
groups did not differ, on average, in their basal brain dopamine levels. Although
this assumption is well founded, it cannot be confirmed unequivocally from the
current data. Indeed, future functional connectivity studies investigating the
‘inverted U’ hypothesis may benefit from administering repeated or varying
doses of dopaminergic drugs, or through combining resting-state FMRI and PET
imaging methodologies (as in Chapter 4), to provide within-subject measures to
elucidate how baseline dopamine levels or receptor availabilities influence the
reactivity of brain functional networks to pharmacological challenge.
Furthermore, such multimodal imaging investigations would only benefit from
the additional inclusion of genotyping procedures, to cross-examine the genetic,
neurobiological and neurochemical factors influencing intermediate phenotypic,
large-scale network functional connectivity measures of individual differences in
the response to experimental interventions such as dopamine manipulation (see

e.g., Liu etal, 2010; Gordon et al., 2012; see also sections 7.3.2 and 7.3.6).

5.4.6 - Conclusions

Despite intensifying neuropsychiatric interest in the potential diagnostic and
prognostic value of resting-state brain activity (Greicius et al., 2004; Filippini et
al.,, 2009; Cole et al., 2010b; Fox and Greicius, 2010; Matthews et al.,, 2011;
Murphy and Mackay, 2011), functional neuroimaging measures sensitive to

these distributed, systems-level connectivity phenomena have, thus far, revealed
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little evidence that linear or ‘inverted U-shaped’ effects of dopaminergic
processing, similar to those observable during prescribed cognitive tasks, are
measurable in spontaneous neural signalling patterns. Nonetheless, if such
patterns exist, RSN functional connectivity measures should, in theory, be able to
extricate them, due to the proposed ability to map biologically plausible effects
on systems-level signalling throughout the entire brain (Beckmann et al., 2005;
Smith et al., 2009).

In line with these assertions, this study found distinct cortico-subcortical
and cortico-cortical network functional connectivity patterns to be affected
differentially by dopamine agonist (L-dopa) and antagonist (haloperidol) drugs
at clinical doses used regularly to treat neuropsychiatric disorders, relative to a
placebo. While linear effects of dopamine neuromodulation were apparent
across multiple cortico-cortical and cortico-subcortical functional connections,
an inverted U-shaped connectivity response to pharmacological challenge was
found only within basal ganglia-cingulate circuitry. Further, findings reveal
dissociable drug-personality interaction effects across distinct dopamine-
dependent cortico-subcortical and cortico-cortical circuitry. Results indicate that
the systems-level brain response to targeted pharmacological D2 receptor
blockade with a selective antagonist may be a more sensitive intermediate
phenotype for certain neuropsychiatric indications, such as trait impulsivity,
than the response to indirectly increasing dopamine neurotransmission by
raising precursor levels. This study identifies possible systems underlying
pathogenesis and treatment efficacy in disorders of dopamine deficiency and
provides support for the objective utility of RSN connectivity metrics in

classifying the effects and efficacy of psychopharmacological medications.
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It can be concluded that, despite the incomplete standardisation of RSN
connectivity measures for assessing clinical diagnosis, prognosis and treatment
efficacy, their ability to characterise biologically plausible linear and nonlinear
effects of broad-spectrum pharmacological (dopamine) modulations, at the
systems level, supports their continued application and development as useful
markers for these purposes in neuropsychiatry. Future studies should extend
systems-level investigation of RSN connectivity associations with personality,
behavioural or genetic factors to patient populations regularly medicated with
selective dopamine receptor agonists or antagonists (Schafer et al., 2001; Cools,
2006; Dagher and Robbins, 2009; Heidbreder and Newman, 2010), revealing the
possible impact of brain network functional interactions dependent on these
factors on treatment and prognosis. With this in mind, Chapter 6 reports a study
applying SBCA techniques sensitive to cortico-subcortical network connectivity
patterns and modulations therein, equivalent to those described in this chapter,
to patients with Parkinson’s disease undergoing dopamine agonist treatment
withdrawal and age-matched healthy controls, along with further extensions to
investigating the association between dopamine-dependent connectivity

modulations and measures of impulsivity.
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Chapter 6 - Investigating systems-level functional

connectivity in a disorder of neurochemistry

Effects of Parkinson’s disease and treatment on RSN signalling

Dopamine agonist (DA) medications are commonly used to treat motor
symptoms of Parkinson’s disease (PD), but may also facilitate cognitive changes
such as increased impulsivity in decision-making. Variability in the neural
response to dopamine modulation within cortico-basal ganglia circuitry is
thought to play a deterministic role in these ‘non-normalising’ treatment effects,
although such phenomena are incompletely characterised. This study combined
resting-state FMRI with DA medication modification techniques in PD patients,
to establish whether RSN functional connectivity metrics could identify disease-
relevant effects of DA on systems-level neural processing. Via comparison with
age-matched healthy control subjects (HCs), multiple treatment-independent
and non-normalising DA effects on RSN cortico-subcortical circuitry were found
in PD, with a relative lack of evidence for ‘normalising’ connectivity effects.
Differential associations were also found between connectivity within basal
ganglia systems and individual impulsivity measures, which were positively
correlated in HCs but not in PD. Thus, this study provides systems-level evidence
for anomalous DA effects in PD on large-scale networks supporting cognition and
motivated behaviour. Moreover, findings support the theory that dysfunctional
striatal and basal ganglia signalling patterns in PD are compensated for by

increased recruitment of other large-scale cortico-subcortical systems.
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6.1 - Introduction

Classically, Parkinson’s disease (PD) is understood to be a disorder of hypo-
dopaminergic neurotransmission (for review see, e.g, Fahn, 2008). This
aberrancy of neurochemical systems primarily afflicts PD patients with
pronounced motor deficits. However, some patients reportedly experience a
number of other debilitating symptoms. These include higher-order cognitive
and neuropsychiatric symptoms such as impairments in working memory,
decision-making and motivation (Owen et al., 1992; Aarsland et al., 1999; Pluck
and Brown, 2002; Dagher and Robbins, 2009). Importantly, growing evidence
implies that, in a notable minority of PD patients, some such higher-order
symptoms may be unaffected, exacerbated, or perhaps even caused, by the same
dopamine agonist (DA) medications used widely and successfully to treat the
more common motor complaints (for reviews see Cools, 2006; Dagher and
Robbins, 2009; Cilia and van Eimeren, 2011). Of particular neuropsychiatric
pertinence, undesirable side effects of DA treatment are often found to occur in
the form of increases in impulsive and compulsive behaviours and, in severe
cases, addictions (Dagher and Robbins, 2009; Weintraub et al., 2010).

It has been suggested that: “Persistent pharmacological stimulation of
dopamine receptors, as occurs in medicated PD patients, could [... result in...]
increased engagement in reward-seeking behaviours and reduced ability to
disengage in the face of negative consequences” (Dagher and Robbins, 2009, p.
506). This statement applies primarily to dopamine receptors within the
mesolimbic pathway, which are not primarily deficient in PD, but may by hyper-
stimulated by the administration of DA drugs (Dagher and Robbins, 2009). Thus,

by altering signalling between spatially distinct — but functionally/anatomically
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connected - neuronal populations, DA medications, although serving to
‘normalise’ motor deficits caused by degeneration of the nigrostriatal dopamine
pathway, may also effectively promote impulsive/compulsive behaviours in PD
via incidental neuroplastic mechanisms. The neural bases of these latter, ‘non-
normalising’ DA effects are not well characterised, although they are thought to
be represented prominently in striatal regions and connected areas of the
mesolimbic and cortico-striatal dopamine pathways - circuitry known to be
involved in many higher-order cognitive processes supported by dopamine,
relevant for impulsivity and disturbed in PD - with susceptibility to such effects
varying across patients in line with neurochemical and
cognitive/neuropsychiatric phenotypes (e.g., Everitt and Robbins, 2005; Evans et
al., 2006; Dagher and Robbins, 2009; Buckholtz et al., 2010; Housden et al., 2010;
Tost et al., 2010, O’Sullivan et al., 2011). Indeed, differences in neuropsychiatric
side effects of DA medication exist across individuals with PD, just as differences
in the behavioural response to dopamine manipulation are apparent between
healthy individuals (Dagher and Robbins, 2009; Cilia and van Eimeren, 2011;
Cools and D'Esposito, 2011). This cognitive and neuropsychiatric variability
could reflect individual differences in baseline (mesolimbic and cortico-
subcortical) dopaminergic functioning, leading to differential neuroanatomical
sensitivity to subsequent drug modulation; particularly within distinct striatal
and other subcortical regions (Cools, 2006), but also in higher-level cortical
areas (Cools and D’Esposito, 2011). Furthermore, a growing body of FMRI
research has suggested that some of these individual differences may be
explained by systems-level variability measurable in cortico-subcortical network

functional connectivity patterns relevant for both dopamine function (e.g., in
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healthy subjects, see Nagano-Saito et al., 2008; Cole et al., 2012b; see also
Chapter 5) and dysfunction, for example in PD (Helmich et al., 2010; Kwak et al,,
2010).

From the existing neuroimaging literature, considerable variability and
uncertainty is apparent regarding the ability to characterise clinically relevant,
systems-level dopaminergic effects, such as DA medication effects in PD, using
FMRI. As with analogous investigations into other neuropsychiatric populations
and associated treatments, this may result from the broad and non-standardised
array of experimenter-derived behavioural paradigms employed by different
research groups during scanning (Greicius, 2008; Murphy and Mackay, 2011).
Here, previous chapters have demonstrated evidence of specific large-scale,
higher-order neural systems possessing functionality relevant for dopaminergic
and other neurochemical modulations, as measured by resting-state network
connectivity.

In Chapter 5, it was established that analytical techniques sensitive to
RSN functional connectivity, including SBCA, could be used to measure systems-
level differences between (dopamine) drug manipulations. This approach may
thus help to expound some of the aforementioned ambiguity in the literature
regarding anomalous effects of DA therapeutics in PD. Therefore, this final
research chapter extends the use of these methods to study a patient population
undergoing relevant neurochemical modulations, by examining the effects of PD
and its treatment with DA pharmacotherapies on RSN functional connectivity
patterns within cortico-subcortical circuitry thought to be dysfunctional in the
disease. A repeated measures approach was applied, using DA withdrawal

techniques in PD patients (see section 6.2.1), which enabled a ‘closer-to-causal’
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estimation of dopaminergic influences on systems-level processing within large-
scale RSNs (in terms of measuring an experimentally controlled, temporally
directed influence of DA medication modification on connectivity changes). To
test the hypothesis that DA treatments exert, at the level of large-scale systems,
both beneficial (normalising) and detrimental (non-normalising) influences on
distinct psychological processes (sensory-motor and cognitive/motivational,
respectively), connectivity differences from healthy control subjects (HCs) in PD
were investigated in circuitry thought to support such functions. Due to their
potential relevance for neuropsychiatric dysfunction in PD, particular interest
was placed in the functional connectivity of cortico-subcortical networks
involving striatal and other basal ganglia regions. To relate systems-level
observations more directly to a psychological construct relevant for PD,
associations were also explored between functional connections involving
striatal regions showing significant effects of disease or DA withdrawal and a
behavioural measure of impulsivity in decision-making; the latter defined using

an intertemporal choice (ITC) questionnaire.

6.2 - Materials and methods

6.2.1 - Participants and study design

Fifteen adults diagnosed with PD (mean age = 60 * 7.4 SD, range = 42-74 years)
and 19 HCs matched for age (mean = 61 + 7.0, range = 44-69) and years of
education (PD mean = 14 * 2.6 SD, range = 11-19; HCs mean = 15 * 3.0 SD, range
= 11.5-22) were included in the study. All subjects were drawn from a sample

described, along with other non-imaging procedures, in a previously published
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articlel” (Milenkova et al., 2011). Patients had idiopathic PD, as diagnosed by an
experienced neurologist, without comorbid depression, dementia or impulse
control disorders (i.e., no history of gambling problems, compulsive shopping,
hypersexuality, punding, or abuse of their medication) and were judged to be
able to function to a reasonable degree (e.g., they did not express pronounced
motor symptoms) when their medication was withdrawn for approximately 12
hrs. HCs were all free from neuropsychiatric disorders. All patients were being
treated with DA medication primarily targeting D2/D3 receptors (12 treated
with 1.05-3.50 mg pramipexole, two with 4-15 mg ropinirole and one with 300
mg piribedil). Eight of the 15 patients received DA monotherapy, while seven
also required concomitant L-dopa medication (150-850 mg) that was not
withdrawn during the study. The implications of this variability are considered
in more detail in section 6.4.4.

Patients were scanned using resting-state FMRI on two separate visits,
the first prior to (‘PD On’) and the second 12 hrs after (‘PD Off’) DA withdrawal.
HCs were scanned only once, without any pharmacological challenge. All study

procedures were approved by the University of Magdeburg ethical committee.

6.2.2 - Intertemporal choice (ITC) questionnaire

The ITC questionnaire provides a measure of ‘delay discounting’ of monetary
rewards for individual subjects, which refers to a reduction in the subjective
value of a larger later reward, relative to that of a smaller earlier one, as the

temporal delay to the former increases (Kirby et al., 1999). Delay discounting in

17Non-analytical study procedures described in sections 6.2.1-3 were conducted by a team of
researchers at the Department of Neurology, Medical School Hannover, Hannover, Germany.
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ITC has been shown to occur with increased frequency in disorders associated
with maladaptive reward processing, including addiction, pathological gambling
and PD (Kirby et al.,, 1999; Petry, 2001; Housden et al., 2010; Milenkova et al.,
2011). However, relationships between this measure of impulsivity, brain
dopamine function and individual differences in large-scale cortico-subcortical
network functional connectivity remain less clear, as do the specific identities of
the key connectivity pathways mediating these associations (see e.g., Peters and
Buchel, 2010; Camchong et al., 2011; Christakou et al., 2011; Kayser et al., 2012).
Moreover, a recent publication examining behavioural ITC data from subjects
also included in the current FMRI study found that, on average, DA withdrawal
had no effect on delay discounting in PD, which was nonetheless increased
overall in the patients relative to HCs (Milenkova et al., 2011). This absence of a
main drug effect on behaviour may have been influenced by the aforementioned
variability across individuals in disease severity or sensitivity to treatment.

The ITC questionnaire was administered at each visit as described
previously (Milenkova et al., 2011). In brief, the ITC requires subjects to choose
in sequence between paired monetary rewards, one smaller and immediate and
the other larger and delayed. Subjects were incentivised to make realistic
decisions with the information that they would later have the opportunity to
actually achieve one of these reward choices through a probabilistic die-throw. A
measure k of the delay discount rate is produced for each subject. The k-value
computation follows a (quasi-) hyperbolic function such that a higher value for k
indicates that the participant in question subjectively devalued delayed rewards
at a progressively steeper rate than an individual displaying a lower k-value. A

version of the ITC questionnaire sensitive to the effects of different reward
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magnitudes on delay discounting was employed, although as the original
behavioural study found no evidence of differential magnitude effects between
groups and conditions (Milenkova et al., 2011), the mean k-value is the variable

of primary interest in the current context.

6.2.3 - Image acquisition

BOLD FMRI data were acquired for six minutes in the resting state on a 3-Tesla
Magnetom Allegra MRI scanner (Siemens, Erlangen, Germany). In total, 178
volumes of T2*-weighted EPI data were acquired per session (TR =2.0s, TE = 30
ms, flip angle = 809, isotropic voxel size = 3.0 mm3, 34 slices with 0.75 mm gaps),
angled parallel to the anterior-posterior commissural plane. High-resolution (1

mm?3) T1-weighted MPRAGE volumes were also acquired for each subject.

6.2.4 - Image preprocessing and first-level analysis/SBCA

Resting-state FMRI data were preprocessed with FSL tools as described in
previous chapters. Following this, the data of HCs were entered into group-ICA
with temporal concatenation, which resulted in the automatic estimation of 32
independent components. In line with the approach taken in previous chapters,
eleven of these components were judged to be viable RSNs based on their spatial
characteristics, of which eight were considered to be of higher-level interest due
to their purported functional associations and relevance to the current study
(see section 6.2.5). Subject/session-specific measures of voxel-wise subcortical
connectivity with each of the 11 RSNs were obtained using SBCA as described in
sections 5.2.4-5, for all HCs and PD patients in both treatment conditions

separately. There were two variations on the analysis approach used in Chapter
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5, both of which were incorporated to account for the potential (but relatively
unclear) contribution of tissue macro- or micro-structural variations (e.g.,
atrophy, cortical thinning) to regional neuropathology in non-demented PD
patients (Burton et al., 2004; Dalaker et al., 2009; Menke et al., 2010; Jubault et
al,, 2011; Tinaz et al., 2011). Firstly, to ensure more accurate alignment of neural
systems defined at a group level to the brain space of individuals, prior to affine
transformation to EPI space, RSN target maps from the HCs group-ICA were
nonlinearly (as opposed to linearly) transformed from MNI space to the high-
resolution space of each subject (as implemented in FSL FNIRT; Andersson et al.,
2007); wherein, secondly and prior to registration to EPI space, voxels failing to
exceed a comparatively liberal threshold of > 10% probability of containing grey
matter (relative to > 20% in Chapter 5) in the equivalent T1 structural were
removed from these ‘subject-specific’ RSN spatial maps. These extra procedures

were applied to the data of all subjects, whether PD patients or HCs.

6.2.5 - Higher-level analyses

Eight RSNs of interest were subject to higher-level analyses, with their selection
based chiefly on criteria and findings outlined in previous chapters (e.g.,
networks located largely outside of primary sensory cortices, with spatial
characteristics reflecting neural systems thought to be relevant for dopamine-
dependent processes, impulsivity or motivated behaviour). These were: (i) the
BGLN (Fig. 6.1A, peak MNI co-ordinates in the left anterior putamen: x = -24,y =
6, z = 2), (ii) a fronto-temporo-parietal SEN (Fig. 6.1B, left postcentral
gyrus/central operculum peak: x = -64,y =-22, z = 16), (iii) right- (Fig. 6.1C, right

inferior parietal/superior occipital cortex: 46, -58, 48) and (iv) left-lateralised
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(Fig. 6.1D, left lateral orbitofrontal/frontopolar cortex: -46, 44, -12) FPNs, (v)
antero-centric (Fig. 6.1E, dorsomedial prefrontal cortex peak: 0, 46, 30) and (vi)
postero-centric (Fig. 6.1F, left precuneus/ posterior cingulate cortex: -4, -54, 16)
DMN:s, (vii) a cerebellar RSN (Fig. 6.1G, medial cerebellum peak: -2, -56, -30) and
(viii) a somatomotor RSN (Fig. 6.1H, right central sulcus/superior parietal
cortex: 38, -26, 58).

In the study outlined in Chapter 5, the BGLN was not subject to post-SBCA
higher-level analysis, as its close spatial consistency with the subcortical seed
mask used may have raised questions of interpretability, related to the potential
‘circularity’ of such an analysis (e.g., Kriegeskorte et al., 2009). In the group-ICA
results from the current control dataset, however, the BGLN demonstrated large
nodes of high functional connectivity within extended portions of ventromedial
and orbital prefrontal cortex, outside of the subcortical volume used as the seed
(Fig. 6.1A). This system strongly matches circuitry described by Ersche and
colleagues as: “large-scale striato-thalamo-orbitofrontal networks implicated in
the processing of natural rewards and the regulation of behavior” (Ersche et al.,
2010). Furthermore, it comprises regions known to be modulated by dopamine
and compromised in addiction and other disorders associated with
impulsive/compulsive behaviours (Honey et al, 2003; Everitt and Robbins,
2005; Koob and Volkow, 2010; Sesack and Grace, 2010). It was thus included as a
network of interest in the current post-SBCA analysis (the implications of
spatiotemporal variability that can occur across different studies and/or
populations, such as the differences between the BGLN identified here, relative
to in Chapter 5, are discussed elsewhere in this thesis; see sections 2.1.3 and

7.3.3). Similarly, the cerebellar RSN (Fig. 6.1G) was included as emerging
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evidence has highlighted a compensatory role for cerebellar functioning and
connectivity in PD, which is hypothesised to arise in response to impaired
dopaminergic function in striatal regions and their reduced integration with
large-scale networks (Appel-Cresswell et al.,, 2010). Finally, the somatomotor
RSN was included because DA medications are used widely to treat motor
system dysfunction in PD.

Statistical contrasts in the higher-level analysis specifically examined RSN
functional connectivity patterns for: (i) basic paired effects of DA treatment
withdrawal in PD patients (i.e.,, PD On >/< PD Off); (ii) ‘normalising’ effects of DA
in PD patients (measured using quadratic contrasts; i.e., HCs + PD On >/< PD
Off); (iii) ‘non-normalising’ effects of DA in PD patients (i.e., HCs + PD Off >/< PD
On), which might provide support for non-beneficial effects of DA on certain
cognitive functions in PD (e.g., Dagher and Robbins, 2009); and finally (iv) gross
(treatment-independent) differences between HCs and PD patients (i.e.,, HCs >/<
PD On + PD Off). In this study, the subcortical mask used for higher-level
analyses in MNI space was formed from the subject-level masks of PD patients
only. The aim of this was to provide a comparatively conservative masking
approach, to better control for potential (although inconclusively established)
brain structural differences between groups impacting on observations of
functional processes (e.g., Burton et al., 2004; Dalaker et al., 2009; Menke et al,,
2010).

Higher-level analyses differed further from those reported in previous
chapters, as statistical contrasts applied consecutively to the (subcortical)
connectivity measures of each of the eight RSNs of interest were not conducted

in separate analyses. Rather, post-SBCA functional connectivity data from all
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eight RSNs were concatenated within the same, single design matrix, which was
then probed with contrasts testing for differences across groups and DA
treatment conditions. This approach was chosen as it afforded an increased level
of computational efficiency, which was unavailable during the analyses of data
reported in previous chapters due to computing hardware specifications.

To investigate interactions between disease- or DA treatment-dependent
connectivity patterns and impulsive decision-making as measured by the ITC
questionnaire, bivariate within-group/condition correlations (Pearson’s r, p <
0.05, two-tailed) were carried out between individual subject measures of RSN-
subcortical connectivity and mean k-values from the ITC scores (the latter were
log-transformed to allow for parametric testing). Significant clusters identified
from the post-SBCA higher-level analysis were thus used as masks to extract
mean connectivity scores from normalised (Fisher z-transformed) versions of
RSN-specific correlation maps initially used as inputs to higher-level analyses. As
variation in both temporal discounting and impulsivity more generally have
been related to functional processes recruiting striatal dopamine (Dalley et al.,
2007; Riba et al,, 2008; Buckholtz et al., 2010; Cai et al., 2011; Christakou et al.,
2011), statistical tests examining associations between impulsivity and
functional connectivity were focussed on RSN connectivity relationships
involving the striatum that were affected by PD or DA treatment. It was
hypothesised that these functional connections would be differentially
associated with individual differences in temporal discounting across groups and
conditions. Correlations of ITC mean k-values with subject age and duration of

treatment in PD were also carried out and revealed no significant associations,
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thus confirming a lack of influence of these factors on ITC-related RSN

connectivity results.

Figure 6.1. RSNs of interest from ICA of healthy control group data (N = 19).

6.3 - Results

6.3.1 - Basic effect of dopamine agonist medication withdrawal on RSN cortico-
subcortical functional connectivity in PD

Paired analyses within PD patients revealed a single significant effect (cluster t >
2.3, p < 0.05, FWE-corrected) of DA medication on their cortico-subcortical RSN
functional connectivity. This finding showed an increase in functional
connectivity between the BGLN and a cluster located in bilateral antero-medial
thalamus in ‘PD Off relative to ‘PD On’ treatment conditions (peak t = 4.98; co-
ordinates: x = -6, y = -4, z = 14). This result reflects either a decreasing effect on

network connectivity of DA medication, or an increasing effect of DA withdrawal.
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The thalamic region identified overlaps with the result of a different contrast
examining the same RSN presented in Fig. 6.2Ai (see also next section 6.3.2), thus
it is not portrayed independently. Indeed, the finding of minimal basic
medication effects in paired analyses of PD patients’ FMRI data mirrors that of
their ITC behavioural data (Milenkova et al, 2011). It was therefore
hypothesised further that comparing PD treatment conditions differentially
relative to un-medicated HCs, in terms of ‘normalising’ or ‘non-normalising’
(quadratic) effects, might provide increased sensitivity to detecting DA effects on

higher-order RSN functional connectivity.

6.3.2 - Non-normalising effects of DA treatment on cortico-subcortical RSN
functional connectivity in PD

Additional analyses with quadratic contrasts testing for DA medication-
dependent differences between PD patient data (On or Off DA) and that of HCs
were employed. In line with expectations, these identified a number of
significant non-normalising effects of DA medication on cortico-subcortical RSN
functional connectivity. First, bilateral antero-medial thalamic functional
connectivity with the BGLN was shown to be reduced significantly in PD On
relative to both PD Off and HCs (peak t = 5.55; co-ordinates: x = -6,y = -4,z = 12;
Fig. 6.2Ai). Second, a similar non-normalising DA connectivity effect was
apparent between the BGLN and regions of the right (ventral and anterior mid-)
striatum/putamen and anterior pallidum (t = 4.29; x = 20, y = 16, z = -2; Fig.
6.2Aii). Third, right posterior hippocampal/thalamic-BGLN connectivity (t =
4.16; x = 8,y = -32, z = 6) showed an ‘inverse’ non-normalising effect of DA

increasing connectivity in PD On relative to both HCs and PD Off (Fig. 6.2Aiii).

184



Finally, right hippocampal and amygdalar regions (t = 4.89; x =16,y =-14,z = -
20) also showed a non-normalising effect of DA, in terms of reduced connectivity

with the fronto-temporo-parietal SEN in the PD On condition (Fig. 6.2B).

6.3.3 - Normalising effect of DA treatment on cerebro-cerebellar RSN functional
connectivity in PD

No significant normalising effects of DA medication on RSN cortico-subcortical
functional connectivity were found!8. However, a single normalising effect of DA
medication on connectivity was found within other functional circuitry,
occurring between the cerebellar RSN and a cluster located primarily within the
right amygdala (t = 4.90; x = 18,y = -16, z = -14), extending into midbrain regions
(Fig. 6.3). This result identified a region of increased negative connectivity in PD

Off, relative to PD On and HCs.

18This and other absences of a detected effect should be interpreted carefully, bearing in mind
the often-conservative nature of null hypothesis testing.
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Figure 6.3. A significant ‘normalising’ effect of DA treatment (i.e., a non-normalising
effect of DA withdrawal) on cerebro-cerebellar RSN functional connectivity measures (t
> 2.3, p < 0.05, FWE-corrected), defined by SBCA (N = 34). Connectivity between the
cerebellar RSN and (A) right amygdala, extending into midbrain regions is (B) reduced
in PD Off relative to PD On and HCs. Formatting as described in Fig. 6.2 legend.

6.3.4 - Treatment-independent cortico-subcortical RSN functional connectivity
differences in PD

In addition to the described effects of DA medication and modifications therein, a
number of (seemingly treatment-independent) disease-driven effects on cortico-
subcortical RSN functional connectivity were identified. A significant reduction
in BGLN functional connectivity was found between the bilateral (ventral and
extended) striatum/putamen and pallidum (left hemisphere cluster also
extending into anterior thalamus: peak t =5.17; x=-6,y =0, z = 2; right t = 5.38;
x = 18,y = 14, z = 0) in PD relative to HCs (Fig. 6.4Ai-ii). This widespread basal
ganglia regional effect overlapped with the (more spatially constrained) region
of right ventral/anterior mid-striatum described above as displaying a non-
normalising connectivity effect of DA (as well as the regions showing a similar,

but more extensive, thalamic effect; see section 6.3.2 and Fig. 6.2Ai-ii).
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Conversely, bilateral hippocampal and amygdalar regions (cluster extending into
midbrain and bilateral posterior thalamus; left t = 4.73; x = -20, y = -20, z = -16;
right t = 5.87; x = 26, y = -24, z = -10) showed increased treatment-independent
BGLN connectivity in PD relative to HCs (Fig. 6.4Bi-ii). In the right hemisphere,
there was some overlap between these regions and the posterior hippocampus
cluster described as showing an inverse non-normalising effect of DA (Fig.
6.2Aiii). Additional gross effects of disease were found, including reductions of
both right hippocampal connectivity with the fronto-temporo-parietal SEN (t =
5.06; x = 24,y = -26, z = -16; Fig. 6.4C; although this region was also spatially
overlapping with regions showing a seemingly treatment-dependent effect; Fig.
6.2B) and left hippocampal-amygdalar connectivity with the cerebellar RSN (t =
4.30; x =-24,y =-26, z = -16; Fig. 6.4D). Finally, a large cluster located within the
left dorsal putamen showed increased (i.e., reduced negative) connectivity with

the anterior DMN in PD relative to HCs (t =4.41; x =-32,y = -8, z = 8; Fig. 6.4E).
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Figure 6.5. Association between BGLN-striatal functional connectivity and impulsivity
in decision-making. A positive correlation (blue) was found between delay discounting
behaviour (ITC questionnaire mean k-values, log-transformed to allow for parametric
testing) and BGLN-striatal connectivity in HCs (r = 0.48, p < 0.05, two-tailed; N = 19), but
not in PD patients (red = PD On; green = PD Off; N = 15). This significant impulsivity-
connectivity association was significantly different (p < 0.05, two-tailed) from the
equivalent negative (but non-significant) correlation in PD On DA medications (but not
during DA withdrawal).

6.3.5 - Association between PD-related, but not DA-related, connectivity
modulations and impulsivity

Post-hoc correlations revealed a significant association in HCs (r = 0.48, p =
0.038), but in neither of the PD treatment conditions (p > 0.05), between ITC
questionnaire measures of impulsive decision-making (log-transformed mean k-
values) and BGLN connectivity within an extended striatal cluster identified in
the image analysis (Fig. 6.5). This association was found specifically in the right

hemisphere region (Fig. 6.4Ai) displaying significantly greater BGLN connectivity

in HCs relative to PD (independent of DA condition). Furthermore, this positive
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correlation was significantly different from an equivalent negative (but non-

significant; r =-0.27) correlation in PD On (p = 0.037).

6.4 - Discussion

6.4.1 - Summary

By using an approach combining resting-state FMRI with multivariate (ICA) and
mass univariate (SBCA) functional connectivity analysis techniques, this study
identified cortico-subcortical RSN functional connectivity patterns suggestive of
aberrant systems-level processing in Parkinson’s disease - a disorder of
dopamine neurochemistry - relative to age-matched healthy control subjects. By
studying the effects of dopamine agonist medication withdrawal in PD patients
without clear neuropsychiatric comorbidities, considerable evidence was also
revealed for ‘non-normalising’ effects of DA on a range of cortico-subcortical
functional connections, echoing neuropsychological observations reported
widely in the literature (for reviews see Cools, 2006; Dagher and Robbins, 2009;
Cilia and van Eimeren, 2011). Notably, in this study sample, individual
differences in impulsive decision-making were found to be associated with
connectivity within striatal/basal ganglia circuitry in healthy subjects, but not in
the PD patients in whom this same circuitry displayed aberrant functional
connectivity. Findings (i) support the existence of compensatory neural
connectivity mechanisms in PD, via increased recruitment of cerebellar and
other large-scale resting-state networks in response to striatal dysfunction (e.g.,
Appel-Cresswell et al., 2010), while (ii) extending neurobiological evidence for
the prior reported exacerbating effects on cognitive and motivational symptoms

of modulating (increasing) dopamine neurotransmission pharmacologically,
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with commonly-prescribed DA drugs (e.g., Dagher and Robbins, 2009; Weintraub

et al., 2010).

6.4.2 - Functional relevance of DA withdrawal effects on connectivity in PD

It is perhaps surprising, given the known beneficial effects of DA medication on
(largely motor) symptoms of PD, that this study found no normalising, but a
number of non-normalising, DA effects on cortico-subcortical RSN connectivity
patterns in the disease. In particular, there is a notable lack of any observable
effect of DA medication withdrawal, or indeed of PD itself, on somatomotor
cortical RSN connectivity with subcortical regions. This result differs somewhat
from related, prior reported findings (Williams et al, 2002; Wu et al., 2009;
Kwak et al., 2010) and, to a certain extent, those reported here in healthy
subjects (Chapter 5). Divergence from other studies in PD patients could result
from methodological differences, for example, in the systems-level group-ICA
approach used here for detecting and selecting RSNs, or from the novel SBCA
methodology used to characterise their cortico-subcortical network functional
connectivity patterns (subtleties and caveats of distinct analytical approaches
are detailed here in Chapter 2). Alternatively, across-study variability may relate
to residual neuropharmacological effects of L-dopa medication in some PD
patients (see section 6.4.4 and Chapter 5). Either way, this apparent lack of an
effect does not rule out the possibility of DA medication exerting a normalising
(or non-normalising) influence, over and above that of L-dopa, on RSN cortico-
cortical functional connectivity patterns in motor and other neural circuitry.
Furthermore, here cerebellar RSN connectivity with the right amygdala (and

midbrain) was found to be normalised by DA drugs in patients. Future combined
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exploration of a broader range of whole-brain systems-level and neurochemical
processes in PD may therefore be warranted. Having said this, the BGLN system
identified in this study displayed the most sensitivity to effects of PD and DA on
connectivity (in terms of the largest number of significant results identified) and
comprises striato-thalamo-orbitofrontal circuitry implicated in dopamine
function, reward processing, motivated behaviour and related neuropsychiatric
disorders (Honey et al., 2003; Everitt and Robbins, 2005; Ersche et al., 2010;
Koob and Volkow, 2010; Sesack and Grace, 2010). It is, therefore, likely to be one
of the most relevant RSNs for studying brain functions and dysfunctions
underpinned by dopamine and dopaminergic pathology in PD.

Incidences of addictive behaviours and impulse control disorders, such as
compulsive gambling and hypersexuality, are reported with increasing regularity
in PD patients, having been observed in up to 10% of those treated with DA
drugs (Dagher and Robbins, 2009; Weintraub et al., 2010; Cilia and van Eimeren,
2011). It is therefore conceivable that cortico-subcortical networks subserving
some of the cognitive and motivational processes relevant for these behaviours
would be altered differentially in PD On conditions, relative to PD Off and HCs
(i.e., non-normalised). This assertion is supported by the current finding of
differential associations, across groups and conditions, between large-scale
cortico-subcortical network connectivity and impulsivity in decision-making.
The inclusion criteria for this study dictated that no subjects, including PD
patients, had comorbid addictions or other impulse control disorders. The
absence of a direct correlation between ITC scores and connectivity in either
treatment condition may, therefore, reflect this lack of overt behavioural

pathology (although increased mean k-values in the PD patients in the current
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study allude to changes in impulse control at the sub-syndromal level).
Nonetheless, even in the absence of diagnosed comorbid disorders, RSN
connectivity metrics do appear to differentiate patient and control groups in
terms of their within-group associations (or lack thereof, in the case of PD) with
individual variability in this behavioural measure of impulsivity.

The findings related to impulsive decision-making are, it must be noted,
lateralised to the right hemisphere and restricted to the regions of striatum,
putamen and pallidum identified by the contrast testing for disease-related,
rather than DA-related, connectivity differences (Fig. 6.4Ai). Although this result
does overlap partially with the cluster showing a non-normalising effect of DA
medications on connectivity (Fig. 6.2Aii), this latter BGLN-striatal connectivity
relationship shows no significant association with impulsive behaviour in any
group or condition (although there is a comparable trend, both in this case and
that of the treatment-independent/disease-related left hemisphere result; all p >
0.05). At a glance, this differential association with behaviour in similar,
apparently overlapping, subcortical circuitry might engender interpretative
difficulties. Equally, however, the very fact that these regions were differentiable
in the original image analysis, based on their within-network functional
connectivity patterns varying by association with PD or DA, may be functionally
important. Fundamentally, the behavioural and RSN connectivity data do seem
to corroborate each other, in terms of different (if spatially
contiguous/overlapping) basal ganglia sub-regions expressing a distinct BGLN
functional connectivity profile. Specifically, in the extended right hemisphere
regions of striatum, putamen and pallidum, which exhibit gross disease-related

connectivity reductions in PD, this profile is also associated with individual
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differences in delay discounting in HCs. Conversely, the profile of the more focal
striatopallidal cluster, which displays no such association with behaviour,
nonetheless shows pathologically reduced connectivity only in the PD On DA
medication state. These findings imply a functional dissociation between nearby
populations of basal ganglia neuronal assemblies, in terms of whether their
large-scale communication patterns are sensitive primarily to chronic
deficiencies in dopamine neurotransmission or the (comparatively acute)
neuropharmacological effects of attempting to ‘reverse’ this pathology via the
exogenous administration of agonist drugs. Further, this dissociation may be
reflective of the prior reported functional heterogeneity in primate ventral and
dorsal striatal regions (the latter appear better represented by the more
extensive PD-dependent result in the current analysis), which encode different
information relevant for distinct aspects of reward processing in ITC (Cai et al,,
2011). However, any additional interpretation would require such findings to be
extended to human populations, in order to circumvent structural differences
precluding a concrete cross-species comparison of functional neuroanatomy.
Finally, it is important to highlight that a number of other clusters
described in the results share a degree of spatial overlap, despite being identified
in separate contrasts sensitive to non-normalising DA and treatment-
independent effects on connectivity with a common RSN. As well as the intra-
BGLN connectivity focussed on above, this caveat specifically affects anterior
thalamic-BGLN and right hippocampal-SEN functional connections. In this
circuitry, therefore, a more graded, linear effect (e.g., HCs > PD Off > PD On) of
dopamine modulation is implied, where DA withdrawal has only a partial

normalising effect on RSN functional connectivity. This lack of complete

195



normalisation in certain signalling patterns could be present for a number of
reasons; for example, the reasonably short duration DA withdrawal period (up to
12 hrs) used in this study, the fact that variability in drug treatment regimens
was not straightforward to account for in the analysis, or possible limiting

factors related to underlying neurological damage in PD patients.

6.4.3 - Compensatory neural mechanisms in PD

Both increases and decreases in RSN cortico-subcortical functional connectivity
were found in PD patients, relative to age-matched HCs. Many (but not all) of
these aberrant functional connections also appear to be spatially similar to those
that are normalised by withdrawal of DA medications (i.e., non-normalised by
DA) in PD. As noted in the previous section, the connectivity of relatively broad,
bilateral regions of ventral and extended striatum (and pallidum) within the
BGLN is reduced in PD regardless of medication conditions, while connectivity
within the same RSN of a much smaller (although slightly overlapping) region of
the right mid-striatum/anterior pallidum displays a normalising increase during
DA withdrawal. It has been suggested previously that both increases in impulsive
decision-making and neuroplastic reductions in striatal connectivity, which may
be promoted by DA medications in PD, result from impaired dopaminergic
functioning in basal ganglia (including striatum; e.g., Riba et al.,, 2008; Appel-
Cresswell et al, 2010; Cai et al, 2011; Milenkova et al, 2011). Impulsive
decision-making could therefore be a behavioural indication reflecting
underlying neural mechanistic attempts to compensate for reduced striatal
functional signalling/connectivity in PD. This is corroborated by the current

differential connectivity associations with individual differences in delay
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discounting (as measured by the ITC questionnaire), which show more impulsive
behavioural decision-making (i.e, a higher k-value) to be associated with
significantly greater intra-BGLN connectivity in HCs, but with reduced (although
not significantly so) intra-BGLN connectivity in PD On. In addition, it has been
proposed that striatal dysfunctions in PD may be actively compensated for by
increased functional recruitment of the cerebellum (Appel-Cresswell et al,
2010). Support for this theory is provided by the current observation of DA-
normalised (reduced negative) cerebellar RSN connectivity with the right
amygdala, although no association was discovered between the functional
connectivity of this circuitry and ITC scores. Moreover, similar (but bilateral)
amygdalar and hippocampal regions were found to display greater connectivity
with the BGLN in PD relative to HCs; an effect of disease opposite in direction to
the reduced striatal connectivity found within the BGLN. The current results thus
imply that compensatory functional circuitry in PD may extend beyond the

cerebellum to more distributed cortical and subcortical networks.

6.4.4 - Methodological considerations

In this study, the repeated measures design within PD patients was not
counterbalanced, as measurements were always taken firstly before, then
during, DA medication withdrawal. This sequence was necessary in order to
ensure the testing of clinically relevant treatment hypotheses related to
‘normalisation’ and ‘non-normalisation’ of functional connectivity by DA in PD,
by maintaining experimental control of the temporally directed, ‘closer-to-
causal’ influence of short-term medication withdrawal. While such a design

feature could conceivably induce order effects that were difficult to account for
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in this study, results in previous chapters revealed RSN functional connectivity
metrics to be quite impervious to such effects that are incidental to the
experimental manipulation in question. Nonetheless, future studies might
explore this possibility, for example, by employing a placebo-controlled,
crossover design in early stage, pre-medicated PD patients.

A second important methodological issue for the current study design
was the variability in treatment type and regimen across PD patients (see section
6.2.1). Specifically, some patients were on DA monotherapy, while others were
taking concomitant L-dopa medication. The latter was not withdrawn from those
patients. Furthermore, doses of DA and L-dopa, as well as the exact DA
medications being taken, varied across patients. No controlling measures could
easily be applied here for these potential sources of variability, as it was
important to limit interference with patients’ ongoing medical care to the
minimum required to test the study hypotheses. This constraint, along with the
procedures limiting the DA withdrawal period to approximately 12 hrs, could
provide an explanation for why only a single normalising effect of DA on
connectivity was found in the current sample. However, the fact that many non-
normalising DA effects were identified, even in PD patients with no comorbid
behavioural disorders of inhibition or addiction, implies that such confounds do
not, comparatively, influence sensitivity of the systems-level metrics applied
here to the primary experimental pharmacological manipulation. Nonetheless,
future investigations might benefit from alternative (e.g., cross-sectional)
designs enabling direct assessment of the influences of these multiple factors on
large-scale network connectivity patterns relevant for PD and other disorders of

neurochemistry.
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Finally, it is necessary to highlight the potential for functional
connectivity differences between subjects or groups to be influenced by
structural anatomical variability within neuronal networks (see also section
1.4.3). This is particularly pertinent to research conducted in neurological
populations, who may exhibit varying degrees of macro- or micro-structural
pathology in the underlying grey or white matter that account for some of the
variability in BOLD signal fluctuation synchronicity (e.g., Seeley et al.,, 2009;
Voets et al,, 2012). The current study controlled for the possible (if unclear)
impact of this in PD, by employing an ‘inclusive’ method of subcortical seed
definition in subject-level SBCA and restricting group-level analyses to
subcortical space defined by PD patients (see sections 6.2.4-5). These steps were
taken in order to avoid biasing results towards being influenced excessively by
gross structural differences between groups or sub-groups of individuals. It is
also feasible to employ more advanced methods of, for example, regressing out
the effect of voxel-wise grey matter density on functional connectivity metrics
(see, e.g., Voets et al.,, 2012). In future investigations this approach might provide
increased sensitivity to delineating neuroimaging differences driven by
structural or functional variability and, moreover, may even increase sensitivity
to the functional effects of acute or protracted neurochemical modulations via
removal of variance associated with unrelated structural differences (although
see Footnote [14], section 5.2.5). Nonetheless, as noted, little agreement and
clarity exist currently regarding the contribution of structural neuropathology to
functional deficits in non-demented PD patients (Burton et al., 2004; Dalaker et
al., 2009; Menke et al., 2010; Jubault et al., 2011; Tinaz et al., 2011), such as were

sampled in the current study.
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6.4.5 - Conclusions

Using methods shown to be sensitive to differential dopamine
neuropharmacological manipulations of large-scale brain networks (Chapter 5),
this study characterised diverse systems-level functional connectivity
modulations associated with Parkinson’s disease - a disorder of dopamine
neurochemistry - and dopamine agonist treatments in PD. In line with emerging
evidence of potentially adverse behavioural effects of DA in PD, analyses showed
DA to have largely ‘non-normalising’ effects on functional connectivity patterns
of multiple large-scale cortico-subcortical networks corresponding to known
dopaminergic pathways relevant for cognitive and motivational functional
processes. In addition, a number of treatment-independent connectivity
differences between patients and age-matched healthy control subjects were
revealed. Finally, differential associations between connectivity within basal
ganglia RSN circuitry and questionnaire scores of impulsivity in decision-making
were also apparent in PD patients, relative to controls. The findings provide
brain systems-level evidence to support current theories that: (i) while DA drugs
are known to improve motor symptoms of nigrostriatal dopamine degeneration,
they may also promote unwelcome cognitive changes in neurochemically
predisposed individuals through hyperstimulation of the mesolimbic dopamine
pathway; and (ii) neural mechanisms compensating for dysfunctional striatal
and basal ganglia signalling patterns in PD proceed via increased recruitment of
large-scale cerebro-cerebellar and cortico-subcortical systems. Overall, the
findings identify functional connectivity pathways that may prove useful targets

for future neuromodulatory intervention studies testing, for example, treatment
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efficacy or side effects in PD and other disorders in which individual

neurochemical predispositions influence therapeutic and behavioural outcomes.
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Chapter 7 - Towards network functional

connectivity patterns as imaging biomarkers

7.1 - Summary of research

The primary aim of this thesis has been to test the value and sensitivity of large-
scale functional network analysis approaches to multi-subject FMRI data for
characterising distributed neural interaction patterns in human brain cognitive
and reward systems, in a manner both clinically relevant and biologically
plausible.

Firstly, theoretical and methodological reasoning was outlined for
favouring multivariate analytical techniques, sensitive to the activity fluctuations
within and between resting-state network phenomena, in this applied approach
to understanding FMRI data (Chapters 1 and 2). This was followed by a
description of research applying measures of inter-RSN coupling and whole-
brain RSN connectivity in an addiction context, to characterise associations
between large-scale network connectivity patterns and withdrawal symptom
improvements in abstinent smokers administered nicotine replacement therapy
(Chapter 3). The findings provide support for RSN functional connectivity
measures as useful imaging markers of clinical-psychopharmacological efficacy.
However, exogenous nicotine (as in NRT) targets multiple neuropharmacological
and neurotransmitter systems (Wonnacott et al., 2006) and thus (as is not the
case with every other pharmacotherapy) has knock-on effects on a broad and

potentially non-specific array of neural circuitry (Mansvelder et al, 2006;
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Newhouse et al., 2011). Therefore, a second study addressed, in healthy subjects,
the effects of individual differences in fundamental neurobiology and
neurochemistry, specifically of dopamine D2 and D3 receptor sub-systems (for
which a selective PET radioligand was available; Rabiner and Laruelle, 2010), on
RSN functional connectivity (Chapter 4). It was found that the specific
anatomical availability of distinct dopamine neuroreceptor subtypes
(particularly D3R), as defined by [!1C]-(+)-PHNO PET, has distinct and
topographic effects on connectivity between orbitofrontal cortices and multiple
higher-order RSNs. This is the first established link between such novel, task-
independent functional and molecular neuroimaging measures. Chapters 3 and 4
thus established methodological sensitivity, respectively, to both broad and
specific neurochemical processes. Nonetheless, additional work was required to
confirm that RSN connectivity patterns under specific neurochemical control
could be modulated pharmacologically, in a manner both biologically plausible
and relevant for individual subject stratification (Matthews et al., 2011).
Following this, therefore, further pharmacological FMRI investigation of the
dopamine system was performed in healthy subjects (Chapter 5). This cross-
sectional study combined resting-state FMRI measures during broad-spectrum
(agonistic and antagonistic) dopamine drug manipulations with whole-brain
multivariate and anatomically targeted mass univariate analytical techniques.
Results showed that linear effects of dopamine neuromodulation could be
observed within both cortico-cortical and cortico-subcortical RSN cognitive and
motor circuitry, while ‘inverted U-shaped’ dopaminergic effects were restricted
to cingulate-striatal RSN functional interactions. These findings identified

possible systems underlying pathogenesis and treatment efficacy in disorders of
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dopamine deficiency (Cools, 2006; Cools and D'Esposito, 2011). Associations
found between individual differences in trait impulsivity and sensitivity to
dopamine-dependent (particularly cortico-subcortical) connectivity modulation
further implied a role for these techniques in pinpointing or stratifying
maladaptive processes relevant for such neuropsychiatric disorders (Cools et al.,
2007). Finally, in order to establish whether or not the anatomically informed
mass univariate analytical techniques introduced here could reveal clinically
relevant effects in a direct context of disordered dopaminergic processing, they
were applied in a study assessing patients with Parkinson’s disease, before and
after withdrawal of their dopamine agonist medication and in comparison with
age-matched healthy control subjects (Chapter 6). These results showed multiple
‘normalising’ effects of DA withdrawal on cortico-subcortical RSN connectivity
patterns, perhaps reflecting the ‘non-normalising’ cognitive effects of DA
medication that are reported with increasing consistency in some PD patients
(Dagher and Robbins, 2009). In addition, resting connectivity within striatal
circuitry, found to be aberrant in PD, was associated with measures of impulsive

decision-making in healthy control subjects only.

7.2 - General conclusions

Broadly, the current work indicates that resting-state FMRI data analysis
techniques sensitive to large-scale neural network activity and connectivity
modulations can provide systems-level signatures of neurochemical modulations
relevant for clinical-psychopharmacological applications. In terms of more
specific neurobiological conclusions that can be drawn from this thesis, it has

been shown that diverse effects of drug manipulations targeting primarily
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dopaminergic and, to some extent, also cholinergic (via nicotinic receptors)
neurochemical systems can be characterised and monitored in this way. The
findings with respect to dopamine modulations reveal associations within
known major (mesolimbic and cortico-subcortical) dopaminergic pathways, but
they are not concentrated exclusively therein. This distributed array of systems-
level dopaminergic effects overlaps somewhat with those found to be modulated
by nicotine, hinting at novel possibilities for therapeutic targets in
neuropsychiatric disorders with a likely molecular basis, perhaps realisable via
future investigation of neuromodulatory treatments targeting one or more key
nodes of large-scale, higher-order, cortico-subcortical and cortico-cortical
networks. Such investigations could assess either pharmacological,
electrical/magnetic stimulation or even cognitive interventions (among others),
or a mixture thereof. Indeed, it may be useful to compare the ability of multiple
approaches to modulate activity or connectivity within reward processing
and/or cognitive control neurocircuitry of interest, in order to classify ‘what
works for whom’ in treating diverse symptomatology within specific patient
populations and sub-populations.

It is apparent from the findings across all chapters that a major
application area for further development of the techniques employed here is in
the study of addictive and impulse control disorders. However, the extensive
variability that is expressed across patients diagnosed with such conditions, for
example in terms of symptom severity, comorbidity or risk factors for relapse,
may hinder progress in this field. Bearing this in mind, a specific strength of the
current findings for delineating some of this individual variability may stem from

the multiple molecular pathways implicated here. In particular, the ability to
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monitor systemic neuromodulations in both dopaminergic and cholinergic
pathways provides insight into distinct, distributed brain networks underlying
(among other functions) reward/motivational and attentional/concentration
processes, respectively. In this way, it is apparent that brain network functional
connectivity measures can provide markers of highly diverse symptoms, which,
nonetheless, can characterise similar diagnoses or disorders. Future
investigations might also harness alternative neurochemical modulations, for
example of serotonergic, noradrenergic, glutamatergic or GABAergic systems,
which are known to interact with those studied here and are equally
fundamental to mechanisms of neuronal communication driving similar
functional processes of higher-level cognition and motivated behaviour (e.g.,
Wonnacott et al., 2006; Dayan and Huys, 2009; Moran et al,, 2011).

Continued refinement and combination of the techniques outlined here,
within studies examining both healthy and neuropsychiatric populations, will
undoubtedly be beneficial in addressing key computational, cognitive and
clinical neuroscientific questions; further enabling the effective and efficient
classification and manipulation of a range of normal and abnormal neural
conditions. However, a number of critical challenges, both interpretative and

methodological, remain to be addressed in the continuation of this work.
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7.3 - Caveats, controversies and future directions

7.3.1 - Cognitive and behavioural relevance of RSNs

The study of RSNs has revealed many interesting observations of the way in
which spontaneous connectivity patterns alter under different conditions?®.
Nonetheless, the concrete behavioural meaning of these inherent processes,
seemingly fundamental to the human neural functional architecture, remains
elusive. Task-based FMRI studies have provided insight into the functions of
select brain regions surpassing pre-selected statistical thresholds in line with
derived task models. However, these models may lack sensitivity to variability in
between-region or between-network signalling in complex cognitive states, such
as characterises neuropsychiatric disorders. Fortunately, it is rapidly becoming
clear that the same large-scale systems that underpin these variable states can
be characterised in the absence of specific tasks, making initial conceptual trends
towards dichotomising ‘experimental’ and ‘resting’ states as describing
fundamentally unrelated cognitive conditions increasingly outmoded (e.g., Fox
and Raichle, 2007; Poldrack et al., 2009; Smith et al., 2009; Northoff et al., 2010a;
Van Dijk et al, 2010). However, the unrestricted nature of resting-state data
obviously engenders something of an interpretative minefield (Buckner and
Vincent, 2007; Morcom and Fletcher, 2007; Raichle and Snyder, 2007). To better
classify the fundamental human neural functional architecture for nosological
applications, it may therefore be beneficial to adapt task-based approaches in
order to complement and bolster the interpretations garnered from studies of

spontaneous activity patterns, or RSNs. Hints at how such an approach might

19Portions of this section are adapted from a related publication; Cole DM, Smith SM, Beckmann
CF (2010a) Advances and pitfalls in the analysis and interpretation of resting-state FMRI data.
Front Syst Neurosci 4:8.
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develop come from studies employing meta-analytic techniques (e.g., Smith et al.,
2009; Laird et al., 2011) and those augmenting the experimental method to
explore (comparatively) subject-driven, ecologically valid ‘mental states’, rather
than experimenter-derived, model-conditional variability (e.g., Harrison et al.,
2008b; Poldrack et al., 2009; Shirer et al., 2012). These two approaches will
likely be complementary, as the historic tendency for FMRI studies to avoid
reporting or discussing task-related deactivations places limits on the
information available to meta-analytic approaches comparing resting-state and
task-activation studies (Smith et al., 2009).

Although task-informed FMRI approaches may help to develop
interpretations related to RSN function, an experimental trend for successive
acquisitions within the same scanning session raises questions of the potential
for order effects. In this thesis, no such order effects were identified and
reciprocal task-rest interactions were not examined as effects of interest,
although several recent studies have demonstrated direct evidence of the
subsequent influence exerted by task performance and related evoked neural
activity over network activity in resting periods, and vice versa (for reviews see
Northoff et al, 2010a, 2010b). Indeed, the existence and strength of two-way
interactions between task and spontaneous/RSN activity have been linked to
adaptive learning (Albert et al., 2009; Lewis et al., 2009), response to or recovery
from high cognitive load (Pyka et al., 2009; Van Dijk et al., 2010) and individual
differences in (Fox et al., 2007; Hesselmann et al.,, 2008; Hasson et al., 2009;
Sadaghiani et al., 2009), or fine-tuning of (Singh and Fawcett, 2008), cognitive
performance. Early evidence has even emerged for specific neurochemical and

neurobiological correlates of similar phenomena, established using magnetic
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resonance spectroscopy (Duncan et al., 2011) and indicating a potential novel
avenue of investigation for neuropsychopharmacological research. Further study
is required to establish the full range and nature of task-rest interactive
relationships over varying periods of time and, further, to probe their biological

relevance.

7.3.2 - Applications and extensions

Following initial evidence of the potential utility of RSN measures for
characterising a number of neuropsychiatric disorders, applications have
extended rapidly to investigate markers or mechanisms of individual differences,
disease, development, neuroplasticity and (to some extent) treatment efficacy. Of
particular importance for clinical applications and drug discovery is the fact that,
relative to task-FMRI, resting-state investigations require minimal cognitive
model compliance. Therefore, they allow for the study of differences in brain
dynamics and spatial signatures in non-normal/research-atypical populations,
including infants, sedated/unconscious subjects or those with severe cognitive
or physical impairments, as well as for task-unbiased study of human and non-
human subjects administered with established or novel pharmaceutical agents.
To date, initial evidence for the diagnostic and prognostic applicability of these
measures comes primarily from targeted studies in small-to-intermediately sized
clinical (or pre-clinical) populations. However, large ‘proof-of-concept’ studies
with high statistical power (see e.g., Biswal et al., 2010) and ongoing meta-
analytic research (Smith et al, 2009; Laird et al., 2011) could make valuable
contributions to the field if extended appropriately to such targeted application

areas. The ability to simultaneously test multiple brain systems, afforded by the
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methods presented in this thesis, is also important in contexts of disease. For
example, PD has varied comorbid presentations and known secondary effects of
treatment, which may be differentially represented across multiple
neurobiological networks and systems. Ideally, future applied research will also
be bolstered by the integration and association of information gathered across
multiple levels of biological complexity (i.e., from the genetic level, through
molecular, cellular and discrete neuronal assembly levels to that of distributed,
large-scale brain networks).

‘Multi-level’ research spanning the (perhaps rather biophysically
detached) realms of genes and systems-level circuitry, for example, has
associated specific allele variants implicated in neurodegeneration (Filippini et
al., 2009), neurodevelopment (Thomason et al., 2009; Wiggins et al., 2012) and
cognitive function (Liu et al., 2010; Gordon et al., 2012) with RSN functional
connectivity patterns (interpreted as phenotypes) in healthy subjects.
Persuasively, characterisation of similar neural connectivity patterns extends
into domains of actual clinical presentation, for example in Alzheimer’s disease
(Greicius et al.,, 2004; Rombouts et al., 2005; Wang et al., 2007a) and other
neurodegenerative diseases (Seeley et al., 2009; Kwak et al., 2010), normal aging
(Andrews-Hanna et al., 2007; Damoiseaux et al., 2008; Dosenbach et al., 2010), as
well as multiple neuropsychiatric (Liu et al., 2006; Greicius et al., 2007; Salvador
et al., 2007; Jafri et al, 2008) and neurodevelopmental disorders (Zang et al,,
2007; Castellanos et al., 2008; Di Martino et al., 2009; Paakki et al., 2010).

Intra- and inter-RSN connectivity patterns of the DMN, in particular, have
been implicated in a diverse range of brain functions and disorders (for reviews

see Buckner et al., 2008; Greicius, 2008; Broyd et al., 2009), although other RSNs
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are also widely implicated. While providing some encouragement, these diverse
findings also highlight that much work is yet required to gauge not just the
sensitivity, but also the selectivity, of RSN and other imaging ‘markers’. The work
presented here, by bridging molecular- and systems-level phenomena (and
considered in combination with other multi-level research), goes some way
towards achieving this important goal.

Crucially, it is yet to be determined whether or not RSNs can provide
imaging markers, at the level of individual cases, of healthy or aberrant
processing relevant for both variability in and disorders of behaviour, personality
or cognitive functioning, as well as any associated responses to clinical or
experimental intervention. These potential shortcomings have been widely
noted and have implications for the utility of such imaging techniques in, among
other things, patient stratification and personalised medicine (Greicius, 2008;
Matthews et al,, 2011; Linden, 2012). Despite such concerns, pseudo-diagnostic
information associating RSN function with within-subject dynamic, intervention-
related changes in neurophysiology or behaviour are already apparent, for
example in fields of learning (Albert et al., 2009; Lewis et al., 2009) and (to some
extent) pharmacological intervention (Anand et al., 2005; Cole et al., 2010b; see
also Chapter 3). Additionally, preliminary evidence exists for RSN-related
metrics as potential screening devices, notably in Alzheimer’s disease (Rombouts
et al.,, 2005; Fleisher et al.,, 2009) and epilepsy (Zhang et al., 2012). However, it
must be noted that the majority of studies investigating the diagnostic value of
RSNs in neuropsychiatric disorders do not account for tissue micro-structural
differences between groups or subjects that could limit the ability to make

purely ‘functional’ interpretations (Voets et al., 2012).

211



It is apparent that more efficient versions and better targeted applications
of the methods described here and elsewhere in the literature are required,
particularly for the purposes of evaluating and predicting markers and
mechanisms relevant for neuropsychiatric, clinical-psychopharmacological and
drug development domains (see also Chapter 1 and section 3.4.4 for discussion
of additional caveats affecting pharmacological FMRI studies in general).

Fundamentally, many of the major barriers to establishing reliable and
useful imaging biomarkers, a comprehensive neurocognitive functional ontology
or “human (functional) connectome” (Sporns et al., 2005; Biswal et al., 2010; Van
Essen and Ugurbil, 2012), can be reduced to a single source: the complexity of
the human brain. This inherent complexity fuels expansion of the range of
techniques with which neuroscientists study the brain, affording great potential
for technical and conceptual divergences to develop and, ironically, therefore
fostering the difficulties facing usefully directed research in this area. The
limitations and opportunities for refinement in various analytical and theoretical
subdivisions of brain connectivity research (of which the study of RSNs is a
subtopic) have been summarised by a number of excellent recent reviews (Fox
and Greicius, 2010; Rowe, 2010; Friston, 2011; Valdes-Sosa et al., 2011; Wig et
al, 2011; Smith, 2012). Across these reviews, a number of concerns with the
current research trends are consistently identified. These include a general need
to reinforce the importance of hypothesis-driven science in what can often be a
highly exploratory field of study, along with specialised topical issues that may

be addressed under the umbrella term of ‘refining definitions’ of the data.
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7.3.3 — Refining definitions (i): Brain network spatiotemporal variability

A passing glance through the RSN literature can identify inconsistencies across
studies in terms of the spatial patterns identified and labelled as specific
networks. For example, prior studies have proposed that distinct patterns of
functional connectivity exist, which share some spatial overlap in or around their
key nodes, but can be associated with different aspects of attention, emotion and
cognitive control (Fox et al., 2006; Dosenbach et al., 2007; Seeley et al., 2007;
Vincent et al.,, 2008). Although it is likely that functional dissociations partly
drive these results, some of this spatial variability may be due to subjective
factors introduced into the analysis, such as the choice of seed for ‘network’
definition in SCA (see Fig. 2.1 and section 2.1.2) or fixing the model order in ICA
(see section 2.1.3). In an ICA context, to reiterate, there is potential for ‘splitting’
or ‘fusing’ of network units identified by increasing or reducing, respectively, the
number of component outputs (Smith et al.,, 2009; Abou-Elseoud et al., 2010).
Methodological considerations aside, it is highly likely that spatial co-activation
patterns identified as distinct RSNs will subserve a complex range of functions
even when ‘fractionated’ (i.e., at their least macroscopic/at high model orders),
particularly those with nodes in higher association and midline cortices, such as
sub-systems of the DMN, SENs and other frontoparietal networks (Fox et al,,
2006; Seeley et al., 2007; Andrews-Hanna et al.,, 2010; Laird et al., 2011; Leech et
al,, 2011). Indeed, currently it is unclear whether or not it is possible to delineate
fully and classify the connectivity patterns of spatially segregated nodes of each
of these RSNs in terms of a small number of discrete cognitive and behavioural

functions or dysfunctions (e.g., Mennes et al.,, 2010; Menon, 2011).
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Further to inconsistencies in the spatial patterns identified as distinct
RSN, it is evident that spatiotemporal connectivity relationships can also vary
between networks. There is, for example, a great deal of variability in the
reported literature in terms of the degree (and direction) of correlations (and
anti-correlations) observed between the DMN and multiple, inconsistently-
identified ‘task-positive’ networks, or SENs. As discussed, these observations can
have functionally relevant associations (Kelly et al., 2008; Cole et al., 2010Db).
They also re-emphasise the existence and potential importance of connectivity
nonstationarity, which can be observed both within and between distinct
networks (Chang and Glover, 2010; Kiviniemi et al., 2011; Hutchison et al., 2012;
Smith et al., 2012a). Recent analysis of resting-state BOLD FMRI data acquired at
ultra-high temporal resolution provides further evidence that these unitary
dissociations may be functionally relevant, reflecting transient associations of
certain brain regions with more than one ‘network’ during a given time period
(Smith et al, 2012a). Future applied work should attempt more directly to
address the nonstationary dynamic nature of RSN connectivity associations and
the factors that modulate this, over time or across conditions, as it may be a
critical component of their psychological relevance and, therefore, their

pertinence to neuropsychiatric functional pathology (Smith, 2012).

7.3.4 - Refining definitions (ii): Neuronal interpretations of BOLD RSNs

In humans, attempts to more directly link BOLD signal fluctuations to neuronal
population activity have employed simultaneous FMRI and EEG data
acquisitions. Some of these studies report evidence, in the resting state, of

associations between RSN network activity and specific power profiles within
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broader EEG frequency spectra (e.g., Laufs et al, 2003; Mantini et al., 2007).
However, with respect to caveats regarding the frequency-specificity of resting
FMRI data (see section 1.4.2) and, moreover, their somewhat indirect
relationship with broadband EEG spectra, it remains unclear if low-frequency
BOLD oscillations can be interpreted as relating directly to the oscillatory
activity of neuronal assemblies. On the one hand, valuable multimodal research
with BOLD FMRI and direct electrophysiological recordings, for example in the
primary sensory or motor cortices of non-human primates (Logothetis et al,,
2001; Goense and Logothetis, 2008; Shmuel and Leopold, 2008) or human
neurosurgical patients (He et al, 2008), encourages inferred associations
between activity in these two data types, despite their characteristic differences
in terms of temporal resolution and underlying neurophysiological causes.
Indeed, with signals providing representations of basic sensory, motor or
perceptual information processing, it may be the case that straightforward
comparisons can be made across imaging modalities. On the other hand, given
that neural activity across a broad range of oscillatory frequencies is believed to
contribute to multi-faceted cognitive functioning (Varela et al., 2001; Buzsaki
and Draguhn, 2004), drawing similar conclusions about possible interactions
between low-frequency oscillations measured by FMRI and higher frequency
neuronal oscillatory activity, measurable via both EEG (e.g., Laufs, 2008) and
direct cortical electrophysiological recording methods (e.g., Conner et al., 2011),
is considerably more complex. As a notable and informative example of such
potential complications, Conner and colleagues recently highlighted that BOLD

signal dynamics (in this case task-related percent signal change) vary across the
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brain space (i.e., across different lobes) in terms of their specific associations
with spectral activity from local field potential recordings (Conner et al., 2011).
One suggested analytical improvement for reconciling the measurements
made by simultaneous resting-state EEG and FMRI recordings lies in the study of
EEG ‘microstates’. Relative to power spectra distributions in specific frequency
bands, these transient events are shown to couple more closely in the time
domain with the activity of a select few RSNs identified in contemporaneous
resting-state FMRI data (Musso et al., 2010). This approach can be useful for
exploring the nonstationary temporal qualities that undoubtedly are expressed
by neural activity and connectivity patterns over multiple scales (Popa et al,,
2009; Chang and Glover, 2010; Van de Ville et al., 2010; Conner et al., 2011;
Smith et al., 2012a). However, the scalp-based recording of these high-speed
data makes them difficult to fully co-localise with more than a few of the spatially
specific, but temporally blurred, RSN measurements attainable with BOLD FMRI
(Musso et al., 2010). Nevertheless, convincing evidence of the neurophysiological
relevance of RSNs has been provided recently through comparison with
magnetoencephalography (MEG) data acquired in the resting state. Specifically,
the application of spatial and temporal ICA techniques, respectively, to FMRI and
MEG data modalities (Brookes et al., 2011), reveals high spatial convergence
between the macroscopic patterns of spontaneously co-activating BOLD FMRI
signals (representing multiple RSNs) and those of coherent neural signals in
specific frequency bands measurable with MEG. This builds on earlier evidence
showing that, as with EEG, accounting for transient neural states, or
nonstationarity, seemingly enhances the detection of FMRI-like RSNs with MEG

(de Pasquale et al.,, 2010). These collective resting-state MEG findings herald
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promising methodological advances, as the spatial source localisation techniques
applicable to MEG data are far more accurate than those applied to EEG data. The
apparent frequency-dependent nature of these MEG-derived spatial networks is,
it must be noted, still somewhat debatable and further investigation is required
of their dynamics (i.e., spatial comparison with FMRI requires temporal
smoothing and simultaneous temporal comparison of the two data types is not
possible with current technologies), between-network coupling and relevance
for cognition and behaviour (Brookes et al., 2011). Ultimately, however, further
development of multimodal neuroimaging and electrophysiological techniques,
associated analysis approaches and convergent findings should offer greater
insight into the neural communication mechanisms and psychological functions

of large-scale brain network connectivity patterns.

7.3.5 - Refining definitions (iii): Correlation and causality
Significant correlations (e.g., between the connectivity strength of a given RSN
and behavioural or personality measures, or even neurobiological variables such
as receptor availability) certainly encourage conclusions of large-scale network
(RSN) function being relevant to higher cognitive or fundamental neuronal
functions, as well as clinical presentations or treatment responsiveness.
However, without direct evidence of the modulatory influence of variability in
one metric on that of another, one can only speculate about the precise order of
events and causal relationships between the nodes in this dynamic processing
stream.

Unlike ‘effective connectivity’ measures, functional connectivity measures

provide no information about the potential influence exerted by activity in one
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brain region on that in another (Friston, 1994, 2011). Therefore, interest is
growing in the potential to exploit effective connectivity techniques for defining
directional, causal relationships in resting-state FMRI data. Until recently, it was
widely assumed that FMRI alone might be unsuitable for attributing causality to
spontaneous activity in this way (Ramsey et al., 2010; Smith, 2012). However,
the application of advanced mathematical network models to both simulated and
‘real’ BOLD data has, even more recently, provided surprisingly optimistic
assessments for some, but by no means all, of the network modelling techniques
available and increasingly applied to such data (Friston et al., 2011; Li et al,,
2011; Smith et al., 2011; Smith, 2012). However, it is also acknowledged that
much room for improvement is available, in the context of techniques that show
methodological promise, to actually provide measures of large-scale network
causality and directionality that are interpretable in terms of psychological
processes (for review see Smith, 2012). In particular, it has been noted that
analysis techniques based on the temporal lag between spatially distinct signals,
such as Granger causality methods (which, due to their ease of use, have been
among the most commonly applied to FMRI data), are technically unsuitable for
the purposes of assessing directionality in resting-state FMRI data acquired with
current technology and, therefore, the results of such studies should be reported
and interpreted with prudence (Smith et al.,, 2011, 2012b). Perhaps, therefore,
further work is required using alternative network modelling techniques that do
not rely on measuring temporal lag (see, e.g., Smith, 2012), before interpretations
of ‘true’ (within- or between-network) connectivity dependencies (Sridharan et
al., 2008; Uddin et al., 2009) and theoretical models based on these, with wide-

ranging, potentially clinical, implications (Menon, 2011), can be accepted as
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relating to anything other than incidental network- or node-specific over- or
under-activity.

A promising current area of research is focussed on the merger between
emerging concepts of ‘computational psychiatry’ (Montague et al., 2012) and
dominant approaches to cognitive neuroscience, for example ‘neuroeconomic’
theories of decision-making, reward processing and social behaviour relevant for
neuropsychiatric pathology (Behrens et al., 2009; Kishida et al., 2010; Pine et al,,
2010; Summerfield et al., 2011). It remains to be established whether or not RSN
metrics can be integrated with these concepts. However, if this were possible, it
could enhance the amount of causal/directional connectivity information
obtainable from RSNs and thus serve to solidify their status as useful
intermediate phenotypes, or imaging ‘biomarkers’.

In this thesis, large-scale network functional connectivity patterns varied
and showed modulation in biologically plausible fashions, in line with dopamine
receptor availability (Chapter 4) and dopamine-dependent linear and nonlinear
drug response profiles (Chapters 5 and 6), as well as in correlation with certain
patterns of behaviour (Chapters 3, 5 and 6). A growing body of theoretical and
empirical evidence supports the notion that modulatory neurobiological
systems, such as the dopaminergic neurotransmitter system, operate on the
basis of computational mechanisms that inform their behavioural outputs in line
with mathematical models of learning and principles of probability (e.g., Braver
et al., 1999; Montague et al., 2004; Dayan and Huys, 2009; Pine et al., 2010;
Moran et al.,, 2011; Friston et al., 2012). Future attempts to relate RSN functional
connectivity phenomena more directly and causally to individual differences

relevant for neuropsychiatric and psychopharmacological applications may
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therefore benefit from integration with computational and biophysical modelling
methods. Such models could conceivably be applied to resting-state BOLD FMRI
data through, for example, the use of anatomically or physiologically informed
priors at various levels of neurobiological complexity (Fernandez Galan, 2008;
Honey et al,, 2009; den Ouden et al., 2010; Friston et al., 2011; Hunt et al., 2012).
The application of advanced causal models to ‘real’ data, combined with accurate
information about the spontaneous dynamics of neurochemical and
electrophysiological processes, as well as the effects of these factors on the
measurable haemodynamics (including, e.g., accounting for potential nonlinear
connectivity relationships between distributed regional signals and nonlinear
coupling associations between haemodynamics and neural activity; Smith, 2012),
would offer a powerful tool to explore the meaning of complex human brain
functions, supported by large-scale networks, that are difficult to probe
comprehensively within fully model-based paradigms.

Remnants of confusion clearly still surround causal connectivity
relationships in resting-state FMRI data. For this reason, information provided
by multimodal (and multi-level; see sections 7.3.2 and 7.3.6) approaches to
measuring and interpreting spontaneous network activity and connectivity
patterns will continue to provide important insights into these data in the near-
to-medium term. For example, via combining resting-state (and task) FMRI with
such varied techniques as structural connectivity (Honey et al, 2009) and
covariance (Seeley et al, 2009) MRI metrics, contemporaneous/consecutive
EEG/MEG acquisitions (see section 7.3.4), transcranial magnetic stimulation
(Eldaief et al., 2011), optogenetic (Lee et al, 2010) or, most relevant to the

experimental work described in this thesis, pharmacological manipulations, it
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should be possible to relate regional connectivity modulations more directly to
distinct ‘downstream’ or ‘upstream’ modulations in other regions (or network
nodes). In lieu of a field-wide consensus on the ideal model for large-scale brain
network (RSN) connectivity, these technically advanced approaches will help to
describe systems-level connectivity relationships in terms of ‘real’ neuronal
cause and effect processes (e.g., excitation, inhibition and equilibrium) at
multiple levels of neurobiological complexity, as well as their impact on cognitive
and behavioural functions, dysfunctions and responsiveness to experimental

intervention.

7.3.6 — Future impact

The results presented in this thesis provide reassuring support for the useful
application of functional network analysis methodology to address questions
relevant for clinical decision-making and drug development domains. One of the
most important future goals for this line of research will be to develop the
multiple types of FMRI functional connectivity analytical techniques discussed
(e.g., subject-specific RSN connectivity characterisation, connectivity-based
functional parcellation and others), in order to enable combination with the rich
data pool available from other connectivity-sensitive modalities (e.g.,
electrophysiology, structural neuroimaging). This integrative approach should
enable ‘connectivity-based fingerprinting’ (Leergaard et al., 2012), or profiling of
population and subjective connectivity characteristics across multiple levels of
biological complexity, which could be further combined with non-imaging state-

and trait-level information (e.g., behavioural/personality data compilations,

genotyping).
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In concert with this consolidation of functional information, it would be
useful for future research to build on the results of the study described here in
Chapter 4, by continuing to investigate the molecular neurobiological and
neurochemical underpinnings of large-scale systems-level connectivity (Cole et
al, 2012a). Indeed, this combined PET and FMRI work (see also Hahn et al,,
2012, for an equivalent approach; and see Heinz et al, 2004, for a related
approach) paves the way for future experiments and research programmes,
using multimodal neuroimaging (and techniques sensitive to other levels of
biological complexity; see e.g., Meyer-Lindenberg, 2009; Montague et al., 2012)
to map fully the associations between multiple, distributed and specific
neuroreceptor subtypes and large-scale functional (and anatomical) network
connectivity across the whole brain. In effect, this work would serve as an in vivo,
dynamic, in human extension to prior post-mortem tract-tracing and
autoradiography research, predominantly conducted in primates, comparing
anatomical connectivity and receptor binding data (e.g., Kotter et al., 2001; Zilles
and Amunts, 2009). Initial experiments could map the receptor and other
molecular ‘profiles’ of distinct large-scale functional network (RSN) connectivity
patterns. Guided by these results, further applied extensions could then assess
modulatory effects of targeted pharmacological (and perhaps pharmacogenetic)
manipulations on these same systems. The potential for this kind of research to
cover and map a more comprehensive range of ‘multi-level’ associations has, for
both methodological and financial reasons, thus far been grossly under-explored.
Such an approach is also more compatible with the likely ‘state-dependent’
temporal/biophysical relationship between molecular and systems-level (and

consequently behavioural) phenomena than studies attempting to assess direct
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associations between the latter dynamic functional states (as measured by BOLD
FMRI) and genetic trait information.

Ultimately, through additional higher-level clustering of the functional,
neurochemical and other data characteristics resulting from this integrative
approach into various ‘classes’ and ‘sub-classes’, it should be possible to generate
novel hypotheses related to stratification and prediction of the responses of
state-level phenomena with respect to specific neurobiological traits or
neuromodulatory interventions. These hypotheses could then be verified at the
level of groups or individual subjects/patients in experimental or clinical
settings. It is only with such ambitious and multi-level approaches to probing
and characterising the complex signals generated by the human brain that we
can hope to achieve a comprehensive mechanistic understanding of its functions,

dysfunctions, resilience and manipulability.
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