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Abstract

Widely distributed brain networks display highly coherent activity at rest. In this work,
we combined bottom-up and top-down approaches to investigate the dynamics and
underlying mechanisms of this spontaneous activity. We developed a realistic network
model to simulate resting-state data, which incorporates biophysical regional dynamics,
empirical brain connectivity, time delays, and background noise. At moderately weak
coupling strengths, the model produces spontaneous metastable oscillatory states and a
novel form of frequency depression, resulting in transient synchronizations between brain

regions at reduced collective frequencies.

We used fixed and sliding window correlation approaches on the power of band-limited
MEG data, and show that brain regions exhibit significant functional connectivity (FC) in
the alpha and beta frequency bands on slow (>Isec) time scales. We also show that
temporal non-stationarity and bistability in FC occur in the same pairs of brain areas, and
in the same frequency bands, as stationary measures of FC. We find that the network
model reproduces the same frequency-dependency, time-scales, and non-stationary
nature of FC as we found in real MEG data. Furthermore, seed-based correlations and
independent component analysis also reveal a similar spatial profile of FC in empirical
and simulated data, with the existence of widely distributed transient resting state
networks in the same frequency bands. Finally, we used the network model simulations
to evaluate a range of network estimation methods, and find that often the simplest linear
measures perform best and some of the common non-linear measures can often give

erroneous estimates.

Overall, our results suggest that structured interactions between brain regions in the
presence of delays and noise result in spontaneous synchronizations leading to the
organized power fluctuations across brain regions, and some of the simplest statistical
measures provide excellent estimates of this connectivity. Our work also highlights the

potential of computational models in exploring neural mechanisms.
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1 Summary

1.1 Resting state brain activity

Modern theories of brain function emphasize the importance of coordinated
activity between multiple brain regions in mediating cognitive behaviour. Recent
findings also demonstrate spatiotemporally organized activity while the subject is
at rest, in the absence of stimulus presentation or task execution (Beckmann et al.,
2005; Brookes et al., 2011b; Hipp et al., 2012; de Pasquale et al., 2010). Moreover,
these activity patterns have been associated with subject’s task performance (Kahn
et al.,, 2008), and breakdown of this activity has been correlated with neurological

deficits (Hawellek et al., 2011).

This spatiotemporally organized activity, termed resting state networks
(RSNs), was initially observed using functional magnetic resonance imaging
(FMRI), when the blood oxygen level-dependent (BOLD) signal was found to be
correlated between remote brain regions (Biswal et al., 1995; Beckmann et al,,
2005). Several such networks have since been identified independently using
magnetoencephalography (MEG) (Brookes et al., 2011b), which is a direct measure
of neural activity offering high temporal resolution as well as the frequency
specificity of the underlying oscillations. Spectral analysis of these networks has
revealed that resting state functional connectivity (FC) between brain regions
utilizes frequency-specific bindings between spatially specific brain regions (Hipp
et al., 2012; Brookes et al., 2011b). Furthermore, it has been found that this activity
displays temporal non-stationarities in FC with transient periods of heightened
synchronizations (de Pasquale et al., 2010). Information about the fundamental
neural mechanisms underlying these dynamics can be gained from computational

models of the human brain.
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1.2 Computational and biophysical modelling

Computational modelling of the brain offers a powerful approach to study the
dynamics of the brain in health and disease. These models range in complexity
from totally abstract models, such as artificial neural networks (ANNs), to
biophysically based ones, which incorporate the known physiology of the human
brain (Rosenblatt, 1958; Hodgkin and Huxley, 1952; Wilson and Cowan, 1972;
Breakspear et al., 2003; Brunel and Wang, 2003). Several such models have been
successfully applied to study the dynamics of different brain functions including
memory, learning, and decision-making (Oberauer et al.,, 2010; Valentin et al,,

2014; Lee and Wang, 2008).

In this work we use a biophysical network modelling approach to explore
the mechanisms underlying the emergence of coherent spontaneous activity in
large-scale brain networks during rest. In this approach (Figure 1.1), an anatomical
network is constructed from structural neuroimaging data. This network is
coupled with a dynamical model of neural interactions that describes the activity
of the network nodes (brain regions). The simulated network responses are used
to estimate the functional relations between brain regions, which can be compared
with the ones estimated using functional neuroimaging modalities (empirical
data). This enables us to investigate the effects of particular assumptions (such as
properties of anatomical connectivity or noise levels) on the network dynamics by
examining parameter conditions that increase the model predictions. This is
particular appealing in biophysical models where the parameters have an explicit
neural interpretation. In principle, if we had sufficient knowledge of the system,
including molecular and synaptic details, we could predict empirical dynamics or
functional characteristics in a context-dependent way. The understanding we gain
about the physiology of network dynamics can be used to elucidate the

mechanisms underlying brain function in health and disease. By moving closer to
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the actual mechanisms of brain function, this approach should ultimately be more

sensitive and more interpretable than descriptive or normative approaches.
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Figure 1.1 — Exploring the brain mechanisms using biophysical network models. An
anatomical network is combined with a neurodynamical model to simulate functional
responses from which the simulated functional networks are derived. These networks can
be compared with the functional networks estimated from empirical studies. A similarity
metric can be used as a feedback to fine-tune the model parameters (dashed line).
Adapted from Cabral (2012).

1.3 Biophysical network model

In the first part of this work, we developed a realistic large-scale biophysical
network model of (~90) brain regions in the resting state to simulate spontaneous
MEG activity, and we compared the simulated responses with those derived from
empirical subjects. The model combines key aspects of brain anatomy and
physiology by using a biophysical model for intrinsic node dynamics with an

empirically derived brain anatomical network (see Figure 1.2).

The intrinsic dynamics of individual brain regions were modelled using the
biophysically based dynamic causal model (DCM, Marreiros et al., 2008, see
Figure 1.2). In this model, each source is divided into three different populations:
pyramidal cells, spiny cells, and inhibitory inter-neurons. These populations are
inter-connected via intrinsic connections within each region, which highlight the
anatomy of regional connectivity. Different cortical regions are connected to each
other via extrinsic connections among specific populations, with the specific
connected populations determining the type of connection. This model captures
the dynamics of each node by a conductance-based voltage model expressing the
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coupling between inter-connected populations of excitatory, inhibitory and

pyramidal neurons (Morris and Lecar, 1981).
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Figure 1.2 — Biophysical network model. DTI data is acquired from healthy participants
and parcellated into 90 brain regions using the AAL parcellation template. The anatomical
connectome between these regions is estimated using probabilistic tractography. The
estimated structural connectivity is used in combination with a neurodynamical model to
simulate the activity of brain regions, where the dynamics of an individual brain region
are described by a conductance based voltage model expressing the coupling between
different populations of excitatory and inhibitory neurons.

The cortical regions were coupled together using a realistic large-scale brain
anatomical network of 90 automated anatomical labelling (AAL) defined brain
regions (Tzourio-Mazoyer et al., 2002), derived from diffusion tensor imaging
(DTI) data from 21 healthy participants (see Figure 1.2). The structural biophysical
attributes of this network are encapsulated by the network parameters coupling
strengths, € (Figure 1.3A), which specify how strongly brain regions are connected

with each other; and connection lengths, L (Figure 1.3B), from which the delays

that signals encounter due to finite transmission velocities are calculated.
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Figure 1.3 — Biophysical attributes of the brain anatomical network. (A) Connection
strength matrix of 90 AAL brain regions. The coupling strength matrix was based on the
total number of fibers connecting different pairs of brain regions. (B) Connection length
matrix for the same regions. The connection lengths were based on the 3-D Euclidean
distance between pairs of brain regions. A delay matrix is derived from the connection
length matrix by the assumption of a finite impulse propagation velocity. The red lines on
the matrices show the separation of the left and right hemispheres. Different lobes in the
each hemisphere are also marked.

1.4 Biophysical network dynamics

We explore the effect of changing the global scaling, k, of node-node coupling
strength (Figure 1.4). The global scaling homogenously scales all the different
extrinsic connections specified in the network. We observe that the network shows
a phase transition from random dynamics to ordered dynamics, distinguished by
the coherence of the activity between the modelled cortical populations (Figure
1.4A). At moderately weak coupling strengths and realistic transmission delays
(estimated from the connection lengths), we are able to show that the model leads
to spontaneous emergence of metastable oscillatory states (Figure 1.4B), where
subsets of brain regions engage in transient synchronizations to form dynamic
clusters. By comparing functional connectivity characteristics derived from the
simulated responses and resting-state MEG data from 10 healthy participants, we
found that the model best reproduces the empirical MEG responses in a region of
weak couplings and intermediate delays where high metastability occurs (Figure

1.4C). This regime (optimal working point) is consistent with previous findings
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where similar dynamical clusters of nodes have been shown to reproduce
functional connectivity patterns observed in FMRI (Deco et al., 2009; Cabral et al.,

2011) and MEG (Cabral et al., 2014).
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Figure 1.4 - Biophysical network dynamics. Network-level dynamics and model
performance as a function of global coupling strengths, k. (A) The global synchrony of the
network as the global coupling strength is varied (scaling all connections homogenously).
(B) The global metastability (the variability over time of the synchrony) of the network as
a function of global coupling. (C) The models performance at different coupling strengths
as measured by the Pearson correlation coefficient between the real and simulated data
characteristics. The dashed line indicates a coupling of ~1.8 where the best fit with the
empirical data is achieved.

1.5 Static functional connectivity

Interactions between brain regions of the network lead to a novel form of
frequency depression with the production of slow neural activity fluctuations,
which fall in the alpha and beta frequency range (8-30 Hz) at the optimal working
point (Figure 1.5A,B). Frequency-specific functional connectivity analysis (based
on Hilbert envelope correlation) revealed significant power correlations between
brain regions in these frequency bands (Figure 1.5C,D), consistent with what has
been found in empirical MEG data (Hipp et al., 2012; Brookes et al., 2011a, Brookes
et al, 2011b; Luckhoo et al, 2012). We spectrally resolved the envelope

correlations to assess its temporal scale, i.e. down-sampling (Figure 1.5E,F). We
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find that these correlations are prominent in the low frequency bands and on slow

time-scales (<0.1Hz), as observed in previous FMRI studies (Biswal et al., 1995).
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Figure 1.5 - Static functional connectivity. (A-B) Frequency specific functional

connectivity of band limited neural amplitude signals. Amplitude envelopes were
temporally down-sampled by 1s. The histograms reveal the frequency bands in which the
pair-wise correlation between the regions is highest for real data (A) and simulated data
(B). (C-D) Band limited power (BLP) correlations between functionally connected node-
pairs in different frequency bands at four different smoothing (down sampling) windows
for real data (C) and simulated data (D). (E, F) Correlation between the top functionally
connected node pairs as a function of frequency band and moving average window
widths (downsampling) for real data (E) and simulated data (F). All empirical scores are
averaged across all subjects.
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1.6 Spatial functional connectivity

We analyzed the empirical and simulated MEG data to investigate the spatial
profile of functional connectivity. Since we are interested in the spatial patterns
here, we explicitly modelled the effects of head volume conductance for simulated
data. For this, we first estimated the field distribution across MEG sensors
resulting from the source space signals using a single shell head model, and then
source space activity was re-estimated using a beamformer spatial filter (Van Veen
et al.,, 1997). We used the source space activity to derive the down-sampled
amplitude envelope time courses across frequency bands. We computed the
pairwise amplitude envelope correlations between all pairs of brain regions (FC
matrices) in different frequency bands, and found different spatial patterns of FC
in different frequency bands (Figure 1.6A,B). These patterns were strongest in the
alpha and beta frequency bands. We then used a seed-based approach to generate
frequency-specific spatial correlation maps (Figure 1.6C-F). These maps reveal a
spatial organization of FC similar to those observed in the previous MEG studies
(Brookes et al., 2011b, Hipp et al., 2012). We finally used temporal independent
component analysis (ICA) to estimate the independent components (ICs)
generating the source space activity, where each IC corresponds to a separate
RSN. We found that the model can reproduce the spatial signature of some of the
RSNs previously found using FMRI (Beckmann et al., 2005) and MEG (Brookes et
al., 2011b).
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Figure 1.6 - Spatial functional connectivity. (A-B) Frequency-specific functional
connectivity matrices in different frequency bands for empirical (A) and simulated data
(B). (C-F) Spatial correlation maps for the visual and motor cortex. Seed based correlation
maps of the right motor cortex for empirical (C) and simulated (D) data. Seed based
correlation maps of the left visual cortex for empirical (E) and simulated (F) data. All
maps were obtained in the beta frequency band. Empirical results are averaged over all
subjects.
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1.7 Dynamic functional connectivity

To investigate time-varying changes in amplitude (power) correlations between
neural time series, we computed sliding-window wavelet correlation between
different pairs of brain regions in different frequency bands (Figure 1.7A). We find
that brain regions exhibit significant temporal non-stationarity in FC primarily in
the low frequency bands (8-30 Hz), which is captured by the bi-state nature of
correlation distribution at these frequencies (Figure 1.7B). This bimodality is due
to the presence of two underlying states (high and low FC), and this distribution is
considerably lost at higher frequencies due to a single underlying state (low FC).
To explore how this bimodality generalizes across multiple brain regions and
subjects, we computed the standard deviation and skewness of the wavelet
correlation distribution as summary measures of bimodality for the functionally
connected node pairs (Figure 1.7C-F). The significance of the summary statistics
was assessed by comparing the results with a null distribution derived from
Monte Carlo simulations. The null distribution corresponds to the null hypotheses
that the underlying functional connectivity of resting state activity is temporally
stationary. We find that both measures reveal high values in the alpha and beta
frequency range (due to bimodality) indicating the presence of transient
synchronizations in the network, as has been found in empirical MEG data (de

Pasquale et al., 2010).
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Figure 1.7 — Dynamic functional connectivity. (A) Sliding-window wavelet power
correlation between time courses of brain regions. (B) Standard deviation of the wavelet
power correlation at different frequencies captures transient period of high correlation in
the time-frequency plane. The distribution of correlation values is predominantly bimodal
in presence of transient events at lower frequencies and this bimodality is lost if there is
only single underlying state. (C-F) Summary bimodality measures of the wavelet
correlation distribution averaged over functionally connected brain regions. (C, D)
Standard deviation of the wavelet power correlation at different frequencies for real data
(C) and simulated data (D). (E, F) Skewness of the wavelet power correlation at different
frequencies for real data (E) and simulated data (F). All empirical scores are averaged
across all subjects.
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1.8 Network analysis methods

We also investigated the performance of many different methods tasked with
estimating the network structure between brain regions. In this case, we are not
only interested in establishing the statistical dependencies between brain regions
as before (functional connectivity) but also the causal properties of these regions
(effective connectivity), such as inter-region connectivity and signal directionality.
Specifically, we are interested in estimating the structure of the underlying
network generating observed (FMRI and MEG) responses. In a recent study, a
number of network estimation methods were applied to simulated FMRI resting
state data (Smith et al, 2011). However, these simulations were based on an
abstract model of neural dynamics having no direct biological relevance. In this
work we simulated realistic FMRI BOLD activity for a range of network scenarios
using the biophysical network model (for neural activity) in combination with the
nonlinear balloon model for vascular dynamics (Figure 1.8A). We compared our
results with those reported in Smith et al. (2011), and found that using a more
sophisticated underlying generative model does not offer any significant
advantage over a linear neural model in FMRI. This may primarily be due to the
haemodynamic transformation taking away much of the structural information
from the original signal. Similar to results reported in Smith et al. (2011), we found
that some of the simplest linear methods (based on correlation and covariance) are
the most sensitive to detecting a connection (Figure 1.8B). Bayesian network
methods are equally sensitive but are not very robust against different network
conditions. Furthermore, these measures only provide chance-level accuracy in
estimating directionality. Most of the other methods have average (or below
average) performance both in detecting a connection and estimating directionality
(Figure 1.8C). Patel’s tau performs best for estimating directionality but is

relatively insensitive to detecting a connection. All the lag-based methods
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(Granger, PDC, DTF) have the worst performance. We also applied the same
methods directly on MEG data simulated using the biophysical network model
(i.e. without the balloon model), and found that the performance of all methods
increases considerably. The biggest increase was seen for the lag-based methods

that estimated directionality highly accurately, and with a very high sensitivity.
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Figure 1.8 — Network analysis methods. (A) An underlying anatomical network is used in
combination with the DCM model for node dynamics to simulate neural activity of the
individual regions. This activity is then converted to BOLD space using the
haemodynamic balloon model. (B-C) Different methods are applied to the haemodynamic
responses to estimate the properties of the underlying network. We compare the
sensitivity of a method in detecting a true connection (B) and the true direction (C). The
performance of the network estimation method is characterized by comparing the true
and estimated networks. See section 7.3 for a description of the methods.
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2 Introduction

2.1 Computational modelling of brain activity

The human brain consists of billions of nerve cells, neurons, which are the main
computational units of the brain. Neurons connect with each other by wire-like
extensions, axons and dendrites, which enables communication between the
individual cells. This also enables the neurons to organize into networks that are
both anatomical and functional entities. Each neuron can connect to thousands of
other cells giving rise to an inconceivable number of network arrangements that
are widely distributed throughout the brain. These networks process and sort
through the barrage of sensory and internal stimuli we are constantly bombarded
with and mediate the appropriate response. Breakdown of these networks have
been associated with some of the most devastating mental disorders, such as

schizophrenia and dementia.

A central preoccupation of neuroscience is deducing how the dynamics of
these networks enable information processing and the emergence of the human
mind. One approach to this problem is to develop models of brain functions that
are tuned to empirical responses to explore the underlying mechanisms. However,
most brain processes are widely distributed across the entire brain with multiple
regions taking part in the process, and the architecture of the network itself shapes
its pattern of activity. Empirical research has shown this architecture is not
random, and brain networks follow consistent organizational principles.
Therefore, this approach requires a map of the connections between regions across
the entire brain (structural networks) as well as the pattern of activations

(functional networks) to capture the brain's full complexity.
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In this chapter we describe the details of the computational modelling
paradigm to study the network dynamics underlying resting state activity. Of all
the brain states, the state during rest is of particular interest as it has been
demonstrated to be composed of a very consistent set of spatiotemporal networks

that emerge from the intrinsic dynamics of the brain.

In the following sections of this chapter, we first illustrate what constitutes
resting state brain activity, and report recent findings of resting state brain
imaging studies. We then explain the construction of structural and functional
brain networks. Finally, we provide details of some of the computational models

recently developed to explore the origins of resting state activity.
2.2 Brain activity during rest

When a person who is awake is not engaged in any mental or physical activity,
that person is said to be in a state of rest. Sleeping is not classed under such state
because during the resting phase the person is still conscious, although silent or
static but still aware of its surroundings, and is ready to react to any peripheral

stimulus such as responding to a doorbell or answering a telephone call.

During such a still state of the body, the brain is still engaged. Functional
neuroimaging studies have revealed that the resting state activity of the brain can
be decomposed into networks of brain regions. Most of the resting state networks
significantly overlap with the functional architectures active during specific
activities, such as linguistic or visual processing. Spatiotemporally organized
brain activity at rest has been consistently found using FMRI (Biswal et al., 1995;
Beckmann et al.,, 2005; Smith et al., 2009), electrophysiology (Laufs et al., 2003;
Leopold, 2003), and more recently MEG (de Pasquale et al., 2010; Brookes et al.,
2011a; Brookes et al.,, 2011b). This activity emerges spontaneously during the
resting state and disappears as soon as the person phases into the sleeping state or

starts performing any other activity (Larson-Prior et al., 2011).
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Several studies have tried to link this activity with higher-level cognitive
processes such as thinking about the past or future, planning long-term goals, and
self-consciousness (Saxe and Kanwisher, 2003; Wagner et al., 2005; Morcom and
Fletcher, 2007; Buckner et al., 2008). However, analysis of the patterns observed
from the resting brains of rats (Lu et al., 2012) and monkeys (Vincent et al., 2007),

strongly support a more basic source of this activity (Figure 2.1).

Rat DMN Monkey DMN Human DMN

Figure 2.1 — Comparison of the default mode network (DMN) in rats, monkeys and
humans. The different brain regions comprising this network show significant correlated
activity at rest. Adapted from Cabral (2012) who has adapted this from Lu et al. (2012).

In the following subsections, we will look at some of the key findings of

state of the art neuroimaging studies of resting state brain activity conducted

using FMRI, electrophysiology, and MEG.
2.2.1 FMRI

Biswal et al. (1995) accidently discovered the phenomena of resting state activity
using BOLD FMRI (Ogawa et al.,, 1990), while they were trying to identify the
brain regions activated during a bilateral finger-tapping task. They found that
these regions were not only active during the task, but also after the stimulus had

been removed, even after the removal of the frequencies associated with cardiac
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and respiratory fluctuations. They found slow oscillations of less than 0.1Hz in the
sensorimotor cortex that were correlated across the hemispheres. Using positron
emission tomography (PET) to measure the oxygen demands in the brain during
the resting state, Raichle et al. (2001) validated the physiological foundation of
BOLD signal fluctuations, proposing that this task-independent activity be

considered the default mode of brain activity.

Later, Greicius et al. (2003) identified the default mode network (DMN), by
performing connectivity analysis of different brain regions active during the
resting state. Brain regions in the default mode network were found to have
correlated activation patterns while the brain is in the resting state, and showed
significantly lower activity while the subject started performing a task. Due to
such observations, default mode network is also known as a task-negative resting

state network.

Further resting state studies revealed several other networks similar to
those found in task related experimentations (e.g. Figure 2.2) (Beckmann et al.,
2005; Damoiseaux et al., 2006; Smith et al., 2009). These networks often consist of
brain regions active during specific tasks such as auditory processing, visual
processing or motor function (Damoiseaux et al., 2006; De Luca et al., 2006). The
distinct networks were found to be highly consistent across trials and subjects
(Beckmann et al., 2005; Smith et al., 2009). Using high temporal resolution FMRI
data in combination with temporal ICA, it has been further demonstrated that
traditional resting state networks are underpinned by transiently synchronizing
networks (temporal functional modes) with spatially overlapping subcomponents

(Smith et al., 2012).
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Figure 2.2 — Resting state networks detected using FMRI. Different RSNs estimated from a

group of 10 healthy subjects using independent component analysis (ICA). Each network
shows the spatial pattern of activation of the brain regions involved in the network.
Adapted from Cabral (2012) who has adapted this from Beckmann et al. (2005).

2.2.2 Electrophysiology

Functional MRI remained popular in resting state studies mainly due to its
accuracy in mapping the spatial patterns of resting state networks. This is in spite
of its inherent time-delay and temporal blurring (due to measuring a vascular
response to brain activity), which gives it a lower temporal resolution on the order
of seconds. However, neurophysiological events happening at faster time scales
and the dynamic structure of connectivity between the cortical areas cannot be
assessed using this technique. By contrast, electrophysiology offers superior
temporal resolution as compared to FMRI, and can detect fast dynamic
interactions in neural networks. Furthermore, it can serve as a means to confirm
the findings of the resting state FMRI studies. If dynamic BOLD oscillations are
reflections of the underlying neural activities, then we may expect that oscillations
produced from electrophysiological data will exhibit large-scale correlation

patterns similar to those identified with FMRI techniques.
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To investigate the relationship between the resting state electrical and
BOLD recordings at the whole brain level, Laufs et al. (2003) performed
simultaneous electroencephalography (EEG) and FMRI recordings on awake
subjects in an eyes closed scan. EEG fluctuating signals were filtered into multiple
frequency bands' and the band-limited power (BLP) of the signal in each
frequency band (Figure 2.3) was compared with the BOLD signal time course. The
researchers found a high correlation between the EEG signals in the beta
frequency band and the FMRI signals originating from selected brain regions. The
researchers noted that the regions showing these correlations were very similar to
the ones that Greicius et al. (2003) identified as the default mode network.
Furthermore, brain regions responsible for attention showed prominent negative
correlations between the BOLD signals and the EEG signals in the alpha band.
These results suggest that the BOLD signal may be reflecting the BLP fluctuations

happening at faster time scales.

4-8Hz

g-12Hz

16-20Hz

36-40Hz [

56-60Hz KN

Time [s]
Figure 2.3 — Illustration of band-limited power signals in different frequency bands. The

black signal shows the filtered brain signals in each frequency band and the red curve
shows the amplitude envelope of the associated signal estimated using the Hilbert
transform. Adapted from Cabral (2012).

! The frequency bands usually considered are delta (1-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta
(13-30Hz), and gamma (30-70 Hz).
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In Mantini et al. (2007) simultaneous FMRI and EEG recordings were taken
from 15 subjects followed by ICA analysis on the FMRI data, which revealed six
robust RSNs. The temporal signals associated with individual RSNs were
compared with band-limited power signals in different frequency bands taken
from the EEG data. Each RSN was found to be characterized by a specific
electrophysiological signature involving a combination of different rhythms.
Similar to results from Laufs et al. (2003), they found the DMN to be correlated
with the power of the beta band signal. However, the analysis was limited to the
time domain, due to the low spatial resolution of EEG, and correspondence

between spatial activation maps was not studied.

Shmuel and Leopold (2008) gathered simultaneous FMRI recordings with
intra-cortical electrophysiological recording from just one location in the visual
cortex of anesthetized monkeys. The analysis revealed strong correlations between
the neural activity in the gamma frequency band and the slow fluctuations in

BOLD signal.

Later, Nir et al. (2008) performed intracranial electrophysiological
recordings in humans. Similar to Shmuel and Leopold (2008), they found slow
spontaneous fluctuations of neural activity in the gamma band, with significant
inter-hemispheric correlations. These results point to slow spontaneous
modulations in firing rate and gamma local filed potential (LFP) as the likely

correlates of spontaneous FMRI fluctuations in the human sensory cortex.

Finally, Scheeringa et al. (2011) recently investigated the relationship
between the BOLD signal and band-limited neuronal synchronizations while the
subjects are performing a cognitive task. They simultaneously collected EEG and
BOLD data while subjects engaged in a visual attention task known to induce
sustained changes in neuronal synchronization across a wide range of frequencies.

The BOLD fluctuations correlated positively with EEG gamma power and
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negatively with alpha and beta power. These results suggest that the BOLD-
gamma coupling observed in animals can be extrapolated to humans performing a
task and that neuronal dynamics underlying high- and low-frequency

synchronization contribute independently to the BOLD signal.
2.2.3 MEG

Resting state neuronal fluctuations can also be analyzed using
magnetoencephalography (MEG), a technique that measures the perpendicular
magnetic fields generated by synchronous oscillations of large populations of
neurons. MEG has a similar temporal resolution to EEG (~ ms) but a higher spatial
resolution (~ mm), since the skull distorts the magnetic fields less that electric
fields. MEG has much potential in advancing our empirical understanding of
these networks due to its high temporal fidelity as well as the frequency specificity

of the underlying neuronal oscillations (Siegel et al., 2012).

Nikouline et al. (2001) were the first to investigate the underlying neuronal
source of resting state BOLD signal fluctuations using MEG. They investigated
inter-hemispheric phase synchrony and BLP correlations in the beta oscillations.
They found that the beta oscillations exhibited transient synchronized activity, and
the synchronization was strongest when the signals had large amplitudes. The
power of the beta oscillations was found to correlate across hemispheres over long
time intervals (>1s). The authors proposed this amplitude modulation of the
oscillations to be the underlying source of low-frequency correlated activity

observed in FMRI studies.

Subsequently, de Pasquale et al. (2010) used a seed-based and temporally
nonstationary approach to characterize the MEG signatures of two common
resting state networks (default mode network and dorsal attention network). They
found that low frequency band (alpha, beta) amplitude envelopes of the seeds

show periods of high BLP correlation followed by periods of low correlation. They
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further demonstrated that inter-hemispheric coupling within the default mode
network (DMN) is enhanced when this non-stationarity is taken into account. By
identifying time points corresponding to high within-network connectivity, the
same group also showed that networks transiently engage with other networks
during periods of high internal correlation, with the DMN acting as a hub of cross
network interaction (de Pasquale et al., 2012). This observation suggests that the
brain routinely explores several networks during rest, which in turns results in a
multi-stable regime, where multiple networks (states) that are transiently stable
coexist. However, this approach relied upon the a priori specification of multiple

seeds taken from FMRI RSNs.

In order to identify resting state networks in MEG without making a priori
assumptions using FMRI-derived RSNs, Brookes et al. (2011b) performed an ICA
based analysis on resting state MEG data. Temporal ICA was applied to source-
space band-limited amplitude envelopes to extract the independent components
(i.e. RSNs). Their analysis revealed networks with significant similarity to those
observed using FMRI, and most of these networks were found to be in beta
frequency band (Figure 2.4). This was the first time RSNs were independently
identified in MEG. This strongly supports the neural basis of FMRI resting state
networks, and hints at the potential of MEG to further investigate the underlying

spatiotemporal dynamics.
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Figure 2.4 — Resting state networks detected using MEG and FMRI. (A) Default mode
network; (B) left lateral frontoparietal network; (C) right lateral frontoparietal network;
(D) sensorimotor network; (E) medial parietal regions; (F) visual network; (G) frontal
lobes including anterior cingulate cortex; (H) cerebellum. The networks are estimated
using ICA on resting state data. In the case of MEG, most networks were estimated in the
beta frequency band except the default mode network (alpha). Adapted from Cabral
(2012) who has adapted this from Brookes et al. (2011b).

More recently, Hipp et al. (2012) investigated the frequency-specific
correlations in spontaneous brain activity. Similar to Brookes et al. (2011b), the
MEG data were filtered into different frequency bands and spatially specific
correlations between band-limited signals were calculated. They found that the
correlations between brain regions depended on the chosen frequency band, and
the strongest correlations were observed between homologous regions in the
alpha and beta frequency bands. Their work also revealed the presence of several
hubs in different brain regions that also displayed strongest correlations in specific

frequency bands. The work further suggests that power correlations between

spatially distributed brain regions exhibit frequency specificity.

In summary, a consistent view has emerged that the slow amplitude
modulations of oscillatory signals are, at least in some part, representing an
underlying source of the observed FMRI signals. These modulations manifest as

transient increases in the power in different frequency bands, and brain regions
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engage with each other in a frequency-specific way. This suggests a complex
interplay between different frequencies, each reflecting different aspects of neural
processing (Womelsdorf et al., 2007; Palva and Palva, 2012). The EEG and MEG
studies have primarily linked the alpha and beta oscillations with observed FMRI
resting state fluctuations (Nikouline et al., 2001; Liu et al., 2010; Brookes et al.,
2011b). However, intra-cortical recordings also suggest a strong role of gamma
oscillations in spontaneous brain activity (Leopold et al., 2003; Nir et al., 2008;
Shmuel and Leopold, 2008). It has been found that a negative correlation exists
between the beta and gamma oscillations (Scheeringa et al., 2011), and it might be

that oscillations in both frequencies are associated with the BOLD signal.
2.3 Structural networks

Computational models of brain activity can be used to investigate the conditions
under which such types of dynamics can emerge. Recently, there has been
increasing interest in models that make use of the information about the
anatomical connectivity of the brain. The brain’s anatomical connectivity, or
connectome, is comprehensive map of all neural connections in the brain, and can
be thought of as the wiring diagram of the brain that entails its computational
architecture (Hagmann, 2005; Sporns et al., 2005). This map may range in scale
from a comprehensive mapping of all individual synapses and neurons to
macro/large-scale description of structural connectivity between all cortical and
subcortical regions. Since we are only interested in large-scale patterns of
functional connectivity, which can also be estimated using current functional
neuroimaging techniques, it is sufficient to have a macro-scale connectome. The
large-scale brain networks are formed by white matter tracts that allow the
functional integration of information from widely distributed brain regions
(Tononi et al., 1992, 1994; Jirsa and Kelso, 2000). Due the large distances between

these regions and a finite propagation velocity of the impulses, signals take
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significant time to travel resulting in time-delayed interactions. The anatomical
connectivity together with the propagation delays defines a space-time structure

for the evolution of brain dynamics (Ghosh et al., 2008; Deco et al., 2011).

In the next subsections we explain how this space-time structure can be
estimated from structural neuroimaging data. In particular, we will explain the
imaging of white matter tracts, specification of individual brain regions

(parcellation), and the estimation of connectivity between these regions.
2.3.1 Structural neuroimaging

Axonal tracing. Historically, the mapping of white matter connections has been
performed using anterograde or retrograde axonal tracing techniques. These
techniques rely on the transport of molecular or genetic markers along the axon.
By visualizing these markers, detailed descriptions of neural projections can be
constructed. Kotter and Wanke (2005) derived a realistic Macaque brain network
of 38 cortical regions in a single hemisphere (Figure 2.5) using white matter tracing
data from the CoCoMac connectivity database (Stephan et al., 2001). This map has
been widely used in computational studies to model large-scale brain activity at
rest (Honey et al.,, 2007; Ghosh et al., 2008; Deco et al.,, 2009). However, these
techniques are very time consuming, applied to only certain regions of the brain,

and limited in application to humans.

couplinng strength

=]

10 20 30
# cortical region

Figure 2.5 — Structural connectivity of the Macaque brain using the CoCoMac database.
The coupling matrix captures the anatomical connectivity defining the connections
between the 38-parcellated brain regions. The strength of the connections is captured with
three different levels (1-low, 2-medium, 3-high). Adapted from Cabral (2012).
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Diffusion MRI. Technological advancements in acquisition and analysis of
diffusion MRI data have led to a revolution in the estimation of the macro-scale
connectomes. This imaging technique is based on the imaging of diffusion of
molecules (mainly water) in biological tissues, which depends on the tissue
microstructure. Diffusion tensor imaging (DTI) is a diffusion MRI method that is
sensitive to the rate and direction of diffusion of water molecules in white matter
fibers (Wedeen et al., 1995). The water molecules can rapidly diffuse along the
length of the fiber (anisotropic diffusion), whereas their diffusion perpendicular to
the fiber is limited due to the myelin sheath. The detection of white matter fibers is
based on this anisotropic diffusion of water molecules. An important limitation of
DTI is its inability to resolve crossing fibers that is overcome by diffusion
spectrum imaging (DSI) that explores the anisotropy in multiple directions
(Wedeen et al., 2005). The directional information from diffusion data can be used
to infer white matter tracts (i.e. tractography) by computational construction and
analysis of curves of maximum diffusion coherence. This allows automatic and
fast estimation of structural connections among brain regions. The first large-scale
human brain anatomical network of 66 regions estimated using diffusion MRI
tractography was published by Hagmann et al. (2008), which has later been used
in a several resting state modelling studies (Honey et al., 2009; Deco and Jirsa,

2012; Cabral et al., 2014).
2.3.2 Estimation of structural networks

Brain parcellation. To estimate the structural connectivity at the macro-scale using
structural neuroimaging data (e.g. diffusion MRI), it is first necessary to define
brain regions between which this connectivity is to be estimated (see Figure 2.6).
There are different strategies for dividing the brain into different regions based on
genetics, synaptic profiles, short and large-scale anatomical connectivity, and

functional specialization. Several schemes to parcellate the brain into distinct
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regions have been proposed, ranging from canonical classification into
hemispheres and lobes to classification into several thousand regions. In an
attempt to standardize the anatomical labelling of brain regions, Tzourio-Mazoyer
et al. (2002) proposed a brain parcellation scheme called automated anatomical
labelling (AAL, See Appendix A - AAL Brain Parcellation Template for ROI names).
In this approach, a structural MRI scan from a single healthy male was first
segmented into grey matter, glial matter, white matter, cerebrospinal fluid, fat,
muscle, skull, and skin. The grey matter was then divided into 90 cortical and
subcortical regions (45 in each hemisphere) based on boundaries of different sulci
and gyri. Since its creation, it has been used in a number of empirical and
computational modelling studies of resting state functional connectivity (Liu et al.,

2008; Lynall et al., 2010; Deco et al., 2009; Cabral et al., 2014).

Network connectivity. Once the brain regions have been defined, the
connectivity between these regions is captured using two different matrices
(Figure 2.6). The coupling strength matrix defines how strongly brain regions are
coupled and is based on the count of fibers connecting pairs of brain regions. Each
element of the matrix specifies the weight of connection between the associated
pair of brain regions. A distance matrix is calculated based on the length of fibers
connecting pairs of brain regions. It is also common to calculate this matrix from
the Euclidean distances between the centers of gravity of specified brain regions.
From the distance matrix, a delay matrix is derived by the assumption of a

homogenous signal propagation velocity.
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Figure 2.6 — Estimation of structural connectivity using diffusion MRI. Diffusion MRI data
is collected for the whole brain and the directional information is used to establish the
tracts of the brain. A brain parcellation scheme is used to define regions of interest among
which the structural connectivity is to be calculated. The anatomical network is derived
using the diffusion MRI data and the AAL parcellation scheme. The strength of
connectivity is based on number of fibers linking pair of brain regions, and the time
delays are based on estimates of spatial distances between regions and an assumption of a
finite signal propagation velocity. Adapted from Cabral (2012).

2.4 Functional networks

Computational models that combine anatomical networks with dynamic models
of neural interactions can be used to simulate the spatiotemporal activities of the
network nodes. To examine how realistic the simulated network activity is we can
compare this with data acquired using functional neuroimaging modalities. We
also want to be able to go beyond this simple comparison, to understand the
mechanisms underlying empirical responses. A common approach that addresses
both issues is to characterize the network activity using measures of statistical

dependency, otherwise known as functional connectivity. These methods range
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from simple linear measures, such as correlation, covariance, coherence, and ICA,
to non-linear measures, including phase synchronization, mutual information, and
Granger causality. It has been observed that the functional connectivity broadly
reflects the underlying structural connectivity (Damoiseaux and Greicius, 2009;
van den Heuvel and Hulshoff Pol, 2010). However, structural connectivity alone is
not a sufficient or complete description of connectivity, and robust functional
connectivity has been observed in the absence of an anatomical connection (Koch
et al., 2002). Analysis of functional connectivity patterns of the simulated data not
only enable a comparison with the (patterns of) empirical data, but can also lead to

additional insights into the mechanisms and functional organization of the brain.

In the next subsections, we compare the relevant functional neuroimaging
techniques for measuring empirical brain activity, and then describe the most

common methods for estimating functional connectivity.
2.4.1 Functional neuroimaging

Electrophysiology. The imaging of localized functional activations in brain
regions requires techniques that are sensitive to the level of neural activity. For
more than a century, electrophysiological measurements were the primary
method of detecting brain activity. These techniques measure the changes in
voltage levels induced by the ionic currents at synapses which are caused by the
simultaneous firing of large number of neurons (Niedermeyer and Lopes da Silva,
1982). Electrophysiological measurements are made by placing electrodes at the
recording site, and can be made at the level of individual synapses, cells or at the
level of brain regions depending on the type, sensitivity, and recording site of the
electrodes. For synaptic and single cell measurements, highly sensitive electrodes
are normally implanted next to the recording site. The measurements at the
regional level can be made by placing electrodes directly on the cortical surface of

exposed brains, a technique called Electrocorticography (ECoG), or by implanting
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intra-cortical electrodes to detect activity from deeper brain regions. These
techniques allow measurements with high spatial and temporal resolution but are
limited in practice due to their high invasiveness, and are generally performed
only in certain clinical conditions such as epilepsy. Furthermore, the invasiveness
of these techniques makes it very difficult to perform simultaneous recordings

from a large population of neurons distributed throughout the brain.

Electroencephalography (EEG). Another approach is to take the
measurements by placing electrodes at the scalp level, using EEG. Further to its
non-invasiveness, this technique is relatively cheaper than other functional
imaging modalities such as MEG and MRI, and is highly portable allowing for
recordings in freely behaving conditions. However, there are some important
limitations of this technique. The electric fields emanating from the brain are
highly distorted by the scalp and the skull. Electrical activity from deeper brain
regions, such as the thalamus, is very difficult to detect due to interference and
attenuation of electric fields. Furthermore, mapping the observed signals to brain
regions generating this activity (source-reconstruction) requires an ill-solved
inverse problem with many different solutions, therefore, significantly limiting its
spatial resolution (up to a few centimetres). However, the extraordinary temporal
resolution of this technique (around 1ms) still makes it a valuable tool for the

temporal and spectral analysis of brain activity.

Magnetoencephalography (MEG). Based on the Maxwell's equations, any
electric current has an orthogonally oriented magnetic field. The electric currents
in the brain induce magnetic fields that can be detected using magnetometers, a
technique called magnetoencephalography (MEG). As magnetic fields are less
distorted by the scalp and skull, MEG provides a better spatial resolution than
EEG (a few millimetres). The temporal resolution is similar to EEG allowing
temporal and spectral analysis of high-frequency brain oscillations. However, the

magnetic fields generated by the brain are considerably weaker than the
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background magnetic noise. Therefore, current MEG sensors require construction
of magnetically shielded rooms and hundreds of highly sensitive detectors
(requiring cryogenic freezing) to detect brain signals with high precision.
Furthermore, as electric currents only produce magnetic fields perpendicular to
the direction of current flow, MEG can only detect the tangential components of

cortical activity, whereas EEG measures both tangential and radial components.

Functional MRI. Neuronal activity in the brain causes changes in the blood
flow that can be imaged using functional MRI (FMRI). The most common form of
FMRI uses the blood-oxygen-level dependent (BOLD) contrast, discovered by Seiji
Ogawa (Ogawa et al., 1990). This technique images the changes in blood flow
(hemodynamic response), which are related to the energy use of neurons.
Specifically, it relies on the changes in magnetization between oxygen-poor and
oxygen-rich blood as its basic contrast. Brain regions that are especially active are
associated with high levels of oxygenated haemoglobin (Hb) (Logothetis et al.,
2001). With this increase, the fraction of de-oxygenated haemoglobin (dHb)
decreases resulting in a higher MR signal from that region. This method does not
require any type of external radiation or injection of chemicals. BOLD-FMRI offers
significantly higher spatial resolution than either EEG or MEG (on the order of a
few millimetres). However, FMRI is an indirect measure of neural activity and
suffers from poor temporal resolution due to the delayed neurovascular coupling.
This fundamentally limits the amount of information that can be extracted using
FMRI studies (Heeger and Ress, 2002). Despite this, it is the most widely used
functional neuroimaging technique (Biswal et al., 1995; Friston et al.,, 1995;

Buckner et al., 1996; Bullmore et al., 1996).
2.4.2 Estimation of functional networks

Pearson correlation. There are several ways to estimate functional interactions

between brain regions (i.e. functional connectivity) from their corresponding time
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courses. Computing the linear (Pearson) correlation between pair of signals is the
most common and widely used method of estimating the strength of linear
interactions (Bandettini et al., 1993; Biswal et al., 1995). If the regions are activated
simultaneously, the correlation is high implying a functional connection. In EEG
and MEG, it is common to compute the correlations between the band-limited

power (BLP) of the source signals.

Seed based correlation. To investigate resting-state functional connectivity
using correlation, one approach is to compute seed-based correlations by defining
a seed region and computing its correlation with the rest of the brain. The seed
region is chosen based on the parcellation scheme or the coordinates of the main
activation sites. The pairwise correlation between this seed region and all
remaining regions is calculated to give a correlation map for the individual seed.
This process is repeated for all the seeds belonging to a particular RSN, and the
correlation maps of each seed are overlapped to give seed co-activations maps
(Fox et al., 2005). Brain regions that have significant correlations with all the seeds
from an RSN are recognized as part of that RSN. The seed-based correlation

analysis can be used to construct spatial maps of functional brain activation.

Full correlation matrix. Another approach is to compute the pairwise
correlations between all the brain regions resulting in a correlation matrix. This
matrix typically includes all significant pairwise correlations between all brain
regions. Computation of the BOLD correlation matrices at the level of individual
voxels can be computationally intensive, and it is common to average the BOLD
signals across voxels in the same brain area (as defined by the parcellation
template) to analyze the correlation matrix at the regional level (Honey et al.,
2009). Computing the correlation matrix can also be thought of as computing the
seed-based correlations of all the seed regions with the rest of the brain, for e.g.,
the first row of the matrix corresponds to the correlations of the first seed with all

the brain regions.
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Independent component analysis (ICA). Independent Component
Analysis is another method to estimate RSN spatial maps from coordinated signal
fluctuations (Beckmann et al., 2005; Damoiseaux et al., 2006; De Luca et al., 2006;
Mantini et al., 2007; Beckmann, 2012; Brookes et al., 2011b). This method assumes
that an observed signal is a mixture of independent spatial or temporal signals. It
is a special case of blind source separation and tries to separate the observed
multivariate signal into spatially or temporally independent additive
subcomponent signals. The observed signal in each voxel or region x,(t) can
written as a sum of different independent components IC, with mixing

coefficients a,, x
Xy () = an 1C(t) + anIC, () + -+ ay, IC, (¢) . (2.1)

In theory, the number of independent components (IC) generating the data is
equal to the number of sources (voxels or brain regions). However, it is common
to reduce the dimensionality of the data prior to performing the ICA. This is
usually done using principal component analysis (PCA), a statistical procedure
that performs a linear mapping of the original data into a low dimensional space
such that the variance of the data is maximized. Each IC is assumed be to a
separate RSN and its mixing coefficients indicate the contribution of each brain
region to the network. This way a characteristic spatial map can be constructed for
each IC, which corresponds to a functional network, showing the relative
contribution of the different brain regions. The extraction of different functional
networks from resting state data using ICA is particularly appealing since it does

not rely on a priori information regarding the spatial characteristic of RSNs.

Nonlinear measures. Both correlation and ICA are linear measures of
functional connectivity. Several other non-linear measures for estimating
functional interactions have been applied to resting state FMRI and MEG data.

The most common of these are mutual information, Granger causality, and phase
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synchronization. Mutual information (MI) (Shannon, 1948) aims to quantify the
amount of shared information between two signals. Granger causality (Granger,
1969) aims to predict whether patterns in one signal are approximately repeated in
another signal after a certain time lag. Phase synchronization occurs when coupled
oscillatory signals keep their phase difference bounded while their amplitudes

remain uncorrelated.

Most of these methods do not offer any significant advantage over linear
measures in FMRI since the non-linear effects are very small (Hlinka et al., 2011;
Lynall et al, 2010). Much of the observed linear dependency between brain
regions may be due to the low temporal scale of the BOLD signal (a few seconds),
which does not capture fast causal interactions among brain regions. This is also
the reason why methods based on coherence are not typically applied to the FMRI
time courses, since phase-lagged interactions can only be detected at much higher

resolutions.
2.5 Models of brain dynamics

The brain can be considered a complex dynamical system when it comes to
understanding the fundamental processes allowing the exploratory activities
taking place during the resting state (Siegelmann, 2010; Olbrich et al., 2011). The
complex space-time structure of the brain’s anatomical network, together with the
numerous electrical and chemical processes taking place in parallel, forms a
framework with a capability to hold an endless number of mind states over which
cognition develops (Tononi et al., 1994; Kelso, 2012). By formulating the activity of
the brain’s network using differential equations, which can then be studied in
computer models, we can investigate the conditions under which such types of

dynamics can emerge.
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2.5.1 Micro and macro-scale models

An important consideration in computational modelling of the brain is the
required level of detail (Figure 2.7). This can range from the description of activity
at the synaptic and cellular levels to large-scale models of circuits and regions.
Although it is becoming feasible to simulate the activity at the level of individual
neurons (Markram, 2006; Izhikevich and Edelman, 2008), these models are too
computationally expensive to explore the dynamics at the large-scale because this
would require simulating the activity of a rather large number of neurons. There is
also the concern of the large number of parameters in the model that would need
to be tuned to give realistic dynamics. Furthermore, non-invasive functional data

is not sufficiently resolved to consider the activity of individual neurons.
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— Molecular

A century of research, beginning with the first inspection of a
brain cell under a microscope, would translate into a digital
facsimile that combines component molecular parts to assemble
a cell that demonstrates the essential properties of a neuron—
the transmission of electrical and chemical signals.

— Cellular

A brain-in-a-box simulation will have to capture every detail of
neurons and nonneuronal glial cells, including the exact geometric
shapes of the dendrites and axons that receive and send
information.

Circuits

A model of the neural connections between different brain areas
and among neighboring cells may furnish clues to the origins of
complex brain diseases such as autism and schizophrenia.

Regions

Major neural substructures—the amygdala (emotions), the
hippocampus (memory), the frontal lobes (executive control)—
can be inspected alone or as they interact with one another.

— Whole Organ
An in silico brain might substitute for the actual organ. By removing
the computer code for a “gene,” the virtual system can, for instance,
mimic the effects of a mutation, as scientists do today by “knocking
out” a gene in mice. The tool would avoid the lengthy breeding
process and could simulate a multitude of experimental conditions.

Figure 2.7 — Micro or macro-scale computational models of the brain. Adapted from
Markram (2012).

On the other hand, we can consider that the individual brain regions are
functional entities themselves and then model the large-scale interactions between
these regions. It is common to divide the individual regions into multiple
populations, corresponding to sub-populations of similar neurons within a brain
area. This is motivated by neuroanatomy and neurophysiology observations that
neurons in the same population tend to have similar synaptic, structural, and

physiological properties, and often show strong dynamical correlations. Typically,
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the models consider populations of excitatory and inhibitory neurons separately.
This is based on previous findings that most self-sustained oscillations in the brain
emerge from the interaction of large numbers of excitatory and inhibitory neurons
(Brunel and Wang, 2003). The different populations in this case are coupled with
each other with intrinsic connections (in each region), and the cortical regions are
coupled to each other via the excitatory populations in each region (i.e. excitatory -
excitatory connections), which mimic the glutamatergic synaptic currents
(Breakspear et al., 2003) (see Figure 2.8). Such models have proven to be very
beneficial as they enable simulations of the temporal activities of a large group of
neurons without the need for excessively expensive computation. Recent studies
have also demonstrated that the key dynamics of resting state activity can be

reproduced using such population models (Deco et al., 2011).
2.5.2 Mean-field and neural mass models

The activity of the populations can be described using a set of differential
equations that dictate the time evolution of their state variables. These
descriptions can be based on mean-field or neural mass approximations. Mean
field models (MFM) capture the behaviour of the population using probability
distributions over their state variables (Deco et al., 2008). Most commonly a
Gaussian distribution is assumed and the activity is summarized by the mean and
variance of the population states. This is achieved by applying the Fokker-Planck
equation to the underlying dynamical equations (Deco et al., 2008). These mean
filed models are only useful when the local dynamics are nonlinear (Marerios et
al., 2010). Neural mass models (NMM) are a special case of mean field models
where the activity of the population is summarized by only the mean of the state

variables.

When populations of neurons are put together in a neuroanatomical

network, interactions depend on the strength of the connections. Due to the large-
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scales distances considered, time delays in the signal conduction become
significant. In addition, there is also a presence of background noise in the brain,
which introduces further complexity into the system. These factors can be
included as additional parameters in the model to increase its biological
plausibility. A number of studies have developed different population models of
resting state activity to investigate the role of these factors in shaping network
dynamics (Ghosh et al., 2008; Deco et al., 2009; Honey et al., 2009; Deco and Jirsa,
2012).

In the following sections of this chapter, we describe some of the recently
developed resting state models and comment on their main findings, including the

role of key parameters, such as connectivity, couplings, delays and noise.
2.5.3 Conductance-based model

Honey et al. (2007) were the first to investigate the dynamics of neural systems
coupled through a realistic anatomical network. In this work, they used the
anatomical connectivity of the Macaque brain (Kotter, 2004). Later they
investigated the human resting state functional connectivity patterns by
incorporating a realistic human brain anatomical network (Honey et al., 2009;

Hagmann et al., 2008).

The dynamics of the individual regions were based on a biophysical neural
mass model introduced earlier by Breakspear et al. (2003), consisting of
populations of inhibitory and excitatory neurons. The dynamics of the populations
conform to a conductance-based model (Morris and Lecar, 1981). This sort of
model is particularly attractive because this is directly related to specific synaptic
process (the source of MEG signals) while having an intermediate complexity. The
main differential equations describing the state dynamics of excitatory (V) and
inhibitory (Z) populations at time t are given by (where the time index has been

dropped for clarity)
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V = _(gca + aeeQV)mca(V - Vca) - (gNamNa + aeeQV)(V - VNa) -
gWWV =Vy) —g.(V—=V)+ a;cZQz + anels, (2.2)

Z =b(agVQy + ayls), (23)

where V, membrane potential of excitatory (pyramidal) cells, is the main state
variable. The change in the membrane potential depends on the total current
across the cell membrane. The current in the cell is a function of voltage-gated ion
channels, and depends on the conductance and reverse potential of calcium
(9earVea), sodium  (gyg,Vng), and potassium (gg,Vy) ions, as well as the
proportion of ion channels that are open at any time (m.q,, myq, mg). The firing
rate of the excitatory population in another region (Qy) alters the conductance of
calcium and sodium channels; weighted by the coupling strengths (a..). The total
current also depends on the leaky conductance (g;,V,), which accounts for the
leakage in the ion current. There is an additional current in each population that
corresponds to the connections between the populations within the same region.
This current depends on the firing rate of both populations (Qy,Qz) and the
intrinsic coupling weights (a;, a.;). Finally, there is non-specific current in each

population (I5) with specific weights a,., a,;.

The opening of each voltage-gated channel depends on a threshold
potential (T}, ), which needs to be overcome for the current to flow. To model the
fraction of open channels for a large number of ion channels, a Gaussian
distribution is assumed, with variance §;,,,. This is given by

Mign = 0.5 [1 + tanh (512} (2.4)

Sion
However, the potassium channels relax from one state to another at an

exponential rate and this affects the proportion of open channels. Therefore, this is

defined differently as
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aw _ ¢(mg-W)
dt K

) (2.5)

where 7y is the relaxation time constant of the potassium channels and ¢ is a

temperate-dependent scaling factor.

The average firing rates of the excitatory (Qy) and inhibitory (Qz)
populations are calculated from the mean membrane potential and the threshold
potential. An action potential is fired whenever the membrane potential exceeds a
certain threshold. For a population of cells, a Gaussian distribution is assumed and

the firing rates are calculated as

Qv = 0.5 X Qy max (1 + tanh (";:T)), (2.6)

Qz = 0.5 X Qz max (1 + tanh (Z;ET)), (2.7)

where V and Z denote the voltages for excitatory and inhibitory channels
respectively, and Q,,4, are the maximum firing rates for these channels. The firing
rates serve as the output of the populations and facilitate synaptic interactions

between them.

The simulated responses were compared against empirical resting
functional connectivity patterns derived from FMRI data from healthy subjects. In
studies investigating resting state functional connectivity using the macaque
(Honey et al., 2007) or the human brain (Honey et al., 2009), the inter-regional
coupling strengths were set to be moderately low, thus allowing the transient
switching between the synchronized and unsynchronized states. The dynamics
emerging from this model reflected spontaneously forming self-organizing
patterns that resemble the resting-state functional connectivity patterns observed
in empirical BOLD studies. In this model, the global dynamics emerging at the
large scale are purely a function of the structural connectivity and non-linearities

in the model, as other key parameters, such as noise and delays, are excluded.
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2.5.4 FitzHugh-Nagumo model

Ghosh et al. (2008) explored the interactions of cortical regions in a dynamical
framework by incorporating realistic signal transmission delays and background
noise. In this work, the cortical regions were coupled according to the anatomical
connectivity of the Macaque brain, and time-delays, proportional to the distance

between regions, were based on the human brain AAL parcellation template.

The dynamics of the individual regions were modelled using the FitzHugh-
Nagumo model (Fitzhugh, 1961, Nagumo et al., 1962). By making extensive
simplifications, the FitzHugh-Nagumo model was derived from the Hodgkin-
Huxley model (Hodgkin and Huxley, 1952), which describes the activation and
deactivation dynamics of individual neurons. In this model, the state of a single
cortical region is defined using two state variables, which correspond to the
membrane potential (u,(t)) and recovery potential (v,,(t)). The dynamics of the

state variables at time t are given by the following differential equations
Uy () = gy, v, t) — € Xn=q Copily (t - Atm,) + n,(t), (2.8)
v, (t) = h(up,vn, t) — n,(t), (2.9)

where N is the number of regions; C,,, and At,,, specify, respectively, the coupling
and delays between regions n and p; c is the global scaling of the coupling matrix,
which homogenously scales all connection strengths without altering the
connection matrix nor affecting the associated time delays; n,(t) and n,(t) are

additive Gaussian noise in each state.
The functions ¢ and & are defined as
G(n, vy, t) = T (0) + Y (t) — (ua(8))°/3), (2.10)
h(up, vy, 1) = —(1/D[un(t) — a + By (0)], (2.11)

where a, ,y, T are experimentally determined parameters.
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In their investigations, damped oscillations emerged out of isolated nodes
in the absence of inter-regional connectivity. When the nodes were coupled
together using brain inspired connectivity and finite propagation delays, the
system displayed the emergence of fluctuating oscillatory dynamics (~10 Hz) at
moderate coupling strengths, a restricted interval of delays (5-10ms), and low
noise levels. The global dynamics of the entire network were found to be strongly
structured by the underlying anatomical connectivity, giving rise to band-limited
power fluctuations between specific regions. The simulated time courses were
used to compute the BOLD signal, which displayed slow oscillations (<1 Hz)
similar to those previously observed in FMRI studies. The BOLD signal between
regions of the DMN was also found to have correlation patterns as observed in

empirical studies.
2.5.5 Wilson-Cowan model

Deco et al. (2009) developed another important model to investigate the large-scale
resting state dynamics. They used a similar space-time structure to Ghosh et al.
(2008), with the macaque anatomical connectivity and propagation delays derived

from the AAL human brain template.

The dynamics of the individual regions were based on the Wilson-Cowan
units (WCU) (Wilson and Cowan, 1972, 1973). After studying the collective
behaviour of large number of coupled inhibitory and excitatory neurons, Wilson
and Cowan found that the key dynamics of coupled networks can be reproduced
by simple models that combine populations of inhibitory and excitatory neurons
(Figure 2.8). The dynamical equations governing the activity of the excitatory
(E(t)) and inhibitory (I(t)) populations of the n-th cortical region at time t are

given by
tE () = —E,(0) + ¢(I, + XN_1 aCopEy(t — Dpp) — 1,(D), (2.12)

T () = 1, () + ¢(w,E (1)), (2.13)
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where 7 and 7’ are the membrane time constants set to 1 and 0.2, respectively. D,
specifies the time delays, C,, is the inter-regional coupling, and a is global scaling
of the anatomical connectivity. Cy,,,(= w,/a) specify the coupling strength for the
recurrent feedback to the same excitatory pool, and w; specifies the coupling
strength between the excitatory-to-inhibitory pools. I, is a constant background

current, and an additive Gaussian noise was also added to each population.

¢ is the nonlinear sigmoid function that transforms the current into

discharge rates

¢(x() = ¢/(1 = exp (—a(x(t) = b))) , (2.14)

where a, b, c are constants with values of 0.1, 40, and 100, respectively.
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Figure 2.8 — Schematic of the Wilson-Cowan model. Each region consists of populations of
excitatory and inhibitory neurons that are linked to each other via intrinsic connections
within a single region. At the network level, multiple Wilson-Cowan units are linked
together by (excitatory) connections between excitatory populations of each region.
Adapted from Deco et al. (2012).

In this work, the parameters I;, and w, were set such that when the regions
are linked together spontaneous gamma oscillations (40Hz) emerge. This was
based on the observations that individual cortical regions show gamma frequency

oscillations when in isolation. In this regime of self-sustained gamma frequency

oscillations, the system was found to organize into two competing functional
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networks as a result of noise driven fluctuations between different networks. After
computing the BOLD signal from the simulated activity, it was found that
synchronization level fluctuated in an anti-correlated manner in the low frequency
range (< 0.1 Hz), in agreement with previous reports of anti-correlated resting

state networks (Fox et al., 2005).
2.5.6 Spiking neuron model

Deco and Jirsa (2012) recently developed a model for investigating resting state
dynamics with an increased degree of realism. In their model, the brain regions
were coupled according to the human brain anatomical network (Hagmann et al.,
2008) used earlier by Honey et al. (2009). The time delays between the regions

were excluded.

The dynamics of individual cortical regions were modelled using
interconnected populations of spiking excitatory and inhibitory neurons (Figure
2.9). This type of biophysical network has an increased tendency to settle into
stable states, characterized by a stable firing pattern. Perturbations due to the
internal or external stimulus or noise can temporarily destabilize this state,

causing shifts between multiple stable states.

The dynamics of the individual neurons were based on the leaky integrate-
and-fire (IF) spiking neuron model, consisting of excitatory (NMDA and AMPA)
and inhibitory (GABA) ion channel receptors. The membrane potential (V(t)) of

an IF neuron at time t is given by
CmV(t) = _gm(V(t) - VL) - Isyn(t) ’ (2-15 )

where (), is the membrane capacitance, g,, is the membrane leak conductance, V;
is the resting voltage, and I, (t) is the incoming synaptic current. The neuron
generates a spike when the voltage across the membrane reaches a certain

threshold V,j,. This spike is propagated down the network to other connected
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neurons, and the membrane potential is reset to the resting potential Vg, for a

refractory time period ..

The total synaptic current Iy, (t) is the sum of the currents received from
other neurons via glutamatergic (AMPA) excitatory connections (Ijexc(t)),
excitatory (AMPA and NMDA) and inhibitory (GABA) current received via
feedback connections (I4,ec(t), Iy rec(t), Ig(t)), and external background currents

received from external neurons generating uncorrelated Poisson spike trains
(Ip(6))

Isyn(t) = IA,ext(t) + IA,rec(t) + IN,rec(t) + IG (t) + IP(t) ' (2-16)

For each ion channel, the current is calculated as
Iion(t) = Yion (V(t) - Vion) Z;'V=1 stjion(t) ’ ( 217 )

where g;,, is the ionic conductance, Vj,, is the reversal potential for that channel,
w; is the coupling, and s}""(t) is the gating variable describing the fractions of

open channels

dsj-o"(t) s;on(t)
dt - Tion

+ X 8(t - tf), (2.18)

where 7;,, are time constants, § is the delta function, and k denotes the sum over

all the spikes emitted by the j-th neuron.
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Figure 2.9 — Schematic of the spiking network model. Each cortical region consists of two
populations of excitatory and inhibitory neurons (large circles), where excitatory neurons
are shown using red triangles and inhibitory interneurons using blue circles. All the
neurons of the network are fully connected with each other. Black and yellow arrows
show connections between populations within a single region, white read arrows show
connections between different cortical regions, which are via excitatory populations only.
Adapted from Deco and Jirsa (2012).

The dynamics at the regional level are obtained by coupling the dynamical
equations describing each neuron. In their work 100 excitatory neurons and 100
inhibitory neurons were used to model the dynamics of each region. The whole
network had 66 brain regions resulting in a total of 13,200 neurons. A mean field
reduction of the model was performed to explore the parametric conditions under
which the model optimally predicts the observed empirical responses. This

reduced the number of state variables for each region that need to be integrated

(Brunel and Wang, 2001).

By comparing the simulated responses with empirical data, it was found

that the model optimally predicts the empirical BOLD responses in a multistable
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regime of weak couplings. This regime is characterized by the coexistence of
multiple co-occurring states, such as the multiple networks observed in the resting
state brain. It was further demonstrated that realistic resting state functional
connectivity patterns can emerge from structured noise fluctuations. In particular,
the model reproduced seed-based correlations between brain regions observed in

previous FMRI studies.
2.5.7 Kuramoto model

More recently, Cabral et al. (2011) developed a large-scale model of the human
brain’s neural activity to study FMRI resting state fluctuations. The human brain
network developed by Hagmann et al. (2008) was used, with the delays between
regions based on length of white matter tracts. This work was later extended to
investigate the resting state dynamics in MEG (Cabral et al.,, 2014). In this work,
they used another human brain network of 90 brain regions, with propagation

delays based on the AAL parcellation template.

The dynamics of the individual regions were based on the Kuramoto model
of phase oscillators (Kuramoto, 1984) assumed to spontaneously oscillate in the
gamma frequency range. Since coupled populations of neurons produce dynamics
that are oscillatory, one can make a priori assumption that the individual brain
regions are in an oscillatory regime to circumvent the complexity of the neural
model. The interactions between the regions are based on a sine function of the
delayed phase difference between the oscillators. The phase of the n-th region at

time t (6,,(t)) is given by
0,(t) = w+kIN_1 Cop sin[6,(t — T0p) — 0, (O] + 1O, (2.19)

where C,, and 7,, specify, respectively, the coupling strength and the delays
between regions n and p; k is the global scaling of the coupling matrix; w is the
intrinsic frequency (2m x 40Hz) that is homogenous for all regions; and n,(t) is

uncorrelated Gaussian white noise.
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A sine function was used to transform the phase responses into neural

activity 7, (t)
1, (t) = sin(6,(¢)) . (2.20)

In the study investigating resting state functional connectivity in FMRI
(Cabral et al, 2011), the simulated neural activity was transformed into
hemodynamic responses using Balloon-Windkessel model (Friston et al., 2003). At
sufficiently weak coupling strengths and realistic propagation delays (10-20ms),
the interactions between brain regions led to the emergence of slow frequency
fluctuations (< 1 Hz). It was found that the synchrony fluctuations modulated the
power of the low frequency bands, matching the observations made in empirical
FMRI data. Patterns of positive and negative correlations between different

regions were also observed as in previous FMRI studies.

In their later study of MEG activity (Cabral et al., 2014), in a similar regime
to their FMRI study, interactions between brain regions resulted in metastable
oscillations in the alpha and beta frequency bands (8-30 Hz). This regime is
characterized by transient periods of stability, or the recurrent expression of
different transient states. The delays were found to be the governing factor for the
stability of the rhythms. Analysis of the band-limited amplitudes of the alpha- and
beta-frequency oscillations revealed similar correlation patterns as in empirical

MEQG studies.
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3 Biophysical Network Dynamics

3.1 Introduction

The mechanisms underlying the spontaneous emergence of coherent brain activity
during rest remain largely unknown. A number of computational models have
been developed to investigate this activity, and they have provided much insight
into its key determinants. These studies suggest that resting state dynamics arise
as emergent properties when brain regions are coupled using a realistic
neuroanatomical network, and point to the central role of brain connectivity,
couplings, delays, and noise in shaping these dynamics. The majority of the recent
models have used a realistic brain-inspired connectivity, giving rise to
spontaneous BOLD or MEG FC patterns similar to those reported in empirical
studies, highlighting the role of network topology (Ghosh et al., 2008; Honey et al.,
2009; Deco et al., 2009; Deco and Jirsa, 2012; Cabral et al., 2014). These studies also
suggest that moderate couplings between brain regions enable a metastable
regime where transient synchronizations occur that give rise to non-stationaries as
observed in empirical FMRI studies. The background noise seems to play an
essential role in the spontaneous switching between the different metastable states
(Ghosh et al., 2008, Deco et al., 2009; Deco and Jirsa, 2012). Finally, the
transmission delays seem to have a significant effect on the frequency of the

emergent oscillations (Ghosh et al., 2008; Carbal et al., 2014).

Most of the previous modelling studies have focused their investigations on
FMRI. The work by Cabral et al. (2014) is one of the few studies to model the
spontaneous activity observed in MEG. However, an important limitation of the
Kuramoto model used in this study is its high degree of abstraction. A phase

oscillator that has no direct biological relevance describes the dynamics of this
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model. Furthermore, the model only relies on phase interactions between brain
regions, while disregarding their amplitudes, which highly restricts the dynamics

of the individual regions.

In this work, we propose a biophysical network model for simulating
spontaneous MEG activity that overcomes the limitations of previous approaches.
The network model we developed combines key aspects of brain anatomy and
physiology by using a biophysical model for node dynamics with empirically
derived brain connectivity. The parameters of the model are biologically realistic
having an explicit neuronal interpretation, and encode, among other things: inter-
region couplings, time delays, background noise, synaptic constants, and
inhibition/excitation properties. We study the synchronization behaviour of the
model as a function of global coupling strength and delays. We find that in a
regime of moderately weak coupling strengths and biologically plausible
transmission delays, the model leads to the spontaneous emergence of metastable
oscillatory states (transient synchronous oscillations), where subsets of brain
regions transiently synchronize although the network is not globally
synchronized. We show that when the model is in this regime, it produces
oscillatory activity primarily in the low frequency bands (8-30 Hz) that exhibit
temporal non-stationarities. This non-stationarity is underpinned by a bistate
(active/inactive) behaviour that is prominent on slow time scales (< 1 Hz). This
behaviour is similar to what is observed in empirical MEG data, and we will

compare the model responses with empirical data in subsequent chapters.

3.2 Methods

3.2.1 Structural brain connectivity

We used a large-scale human brain anatomical network derived from diffusion
tensor imaging (DTI) data acquired from 21 healthy participants (see Figure 3.1,

see Appendix B - DTI Anatomical Connectivity for more details). The data were
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parcellated into 90 automated anatomical labelling (AAL) (Tzourio-Mazoyer et al.,
2002) defined brain locations. The anatomical connectome at the voxel level was
estimated by applying a probabilistic tractography algorithm. At the region level,
the connectivity was calculated based on the total number of voxels in the AAL
defined seed regions. A weighted network was derived by associating strength
with each connection based on the number of white matter tracts connecting pairs
of brain regions, resulting in coupling matrix, €, that was averaged across all
subjects. The signal conduction delays between the regions were calculated from
the Euclidean distances between these regions and a finite signal propagation

velocity, resulting in a delay matrix, D.

Tractography Structural Network

Figure 3.1 — Estimation of brain connectivity using diffusion MRI. Diffusion MRI data is
collected for the whole brain and the white matter tracts are estimated using probabilistic
tractography. The AAL parcellation template is used to define seed regions between
which the structural connectivity is estimated.

3.2.2 Neurodynamical model

The intrinsic dynamics of individual brain regions were modelled using the
biophysically based dynamic causal model (DCM, Marreiros et al.,, 2008). The
DCM model combines key aspects of regional anatomy and physiology to furnish
a hierarchical cortical model governing the dynamics of individual brain regions.
Based on empirical observations, a single cortical region is divided into three

different layers (subpopulations), reflecting the layered structure of human cortex
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(Crick and Koch, 1998; Felleman and Van Essen, 1991) (Figure 3.2). The supra-
granular layers in the model represent layers II and III of the cerebral cortex, and
consist mainly on inhibitory inter-neurons. The granular layer corresponds to
layer IV of the cerebral cortex, which consists of spiny stellate cells and serves as
the main input site of the region. The infra-granular layers represent deeper layers
V and VI of the cerebral cortex that consist of large pyramidal neurons and serve
as the main output site of the region. These populations are inter-connected via

intrinsic connections within each region that highlight the anatomy of regional

connectivity.
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Figure 3.2 — Schematic of the DCM model for a single cortical region. Each source is
divided into three different subpopulations. The inhibitory inter-neurons correspond to
layers I and II of the cortex, spiny cells correspond to layer IV, and pyramidal cells
correspond to deeper layers V and IV. These subpopulations are interconnected via
intrinsic connections within each region. Connectivity between different sources is
mediated via different types of extrinsic connections. The specific source and target
subpopulations define the connection as forward, backward or lateral. The dynamics of
each subpopulation are based on a conductance-based model of neurons.

Different cortical regions are connected to each other via different types of

extrinsic connections (Figure 3.2, 3.3). These long-range cortico-cortical
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connections are excitatory and comprise the axonal processes of pyramidal cells.
All extrinsic connections, therefore, emerge from the pyramidal population of one
cortical region and feed into different populations of another region, with the

specific connected populations determining the type of connection.

Figure 3.3 — Extrinsic connections of the DCM model. Different subpopulations are
connected to each other via different types of extrinsic connections. The specific
subpopulations involved in the connection determine its type. All connections emerge
from the pyramidal population of the source region. The connections are defined as
forward (grey) if they project only to the spiny stellate cells of another region. The
connections are defined as backward (red) if they project to the inhibitory and pyramidal
populations of another region. The connections are lateral (green) if they feed to all the
subpopulations of another region.

The directed connections are classified as bottom-up or forward if they
originate in the agranular layers and terminate in granular layer (spiny stellate) of
another region. Top-down or backward connections connect agranular layers of
both regions, and thus they feed to both of the agranular layers (inhibitory inter-
neurons and pyramidal cells) of the target region. Lateral connections originate in
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the agranular layers and target all three layers of another region. These extrinsic
connections reflect the hierarchal organization observed in human cortex

(Felleman and Van Essen, 1991).

Due to the way the extrinsic connections are defined, the inhibitory inter-
neurons and spiny cells connect only locally, with spiny cells also receiving
external input, while the pyramidal neurons project both within the region and to
other regions. The different types of connections can be used to ensure that
specific populations couple to specific conductance types (i.e. each population can

only release one sort of neurotransmitter).

The DTI-derived anatomical work we used does not contain information
regarding the type of connections, and thus it is difficult to set up the network
connections in a principled way. We found that the inclusion of lateral connections
causes additional inhibition of network activity, which destroys the emergent
metastable regime. Therefore, we used only forward and backward connections in
our simulations, such that the forward connection type mediated a feed-forward
connection from region i to region j whereas the backward connection type
mediated a feedback connection from region j to region i. In the case where we
test the effect of globally scaling anatomical connectivity, the global scaling, k,
homogenously scales all the different extrinsic connections specified in the

network.

Within a single region, the dynamics of each population conform to a
conductance based voltage model of neurons (Morris and Lecar, 1981). A single
region expresses the coupling between populations of excitatory and inhibitory
neurons. The state equations governing the dynamics of a single population at

time t are given by
cv)= gV —V®)+ geOVe —V(®) + g,(O)(V, = V() +I(t), (3.1)

ge(t) = ke(sp(t) — ge(0)), (3.2)
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gi1(@®) = 1;(s;(6) — g1(1)), (3.3)

where the states comprise the transmembrane potential V(t), and the excitatory
(ge(t)) and inhibitory (g;(t)) conductances corresponding to different types of ion
channels. The rate of change of membrane potential (times capacitance, C)
depends on the total current across the cell membrane plus exogenous current
I(t). The different membrane currents depend on the conductance of different
voltage-gated ion channels (g, (t), gg(t), g;(t)), and the reverse potential for that
channel. This reverse potential determines whether the channel is leaky (V}),
excitatory (Vg), or inhibitory (V;). These currents can either hyperpolarize or
depolarize the cell depending on whether they are mediated by inhibitory or
excitatory receptors, respectively. The transmembrane potential across the
pyramidal population is the presumed source of observed MEG signals. We
modelled random fluctuations in the network as uncorrelated Gaussian white
noise that perturbed the dynamics of each cortical region (fed into the spiny

stellate population).

The excitatory and inhibitory conductances change dynamically with
characteristic rate constants kr and k; that can be regarded as the number of open
channels. Channels open in proportion to presynaptic input ¢(t), which depends
on the firing rates of other populations. The propagation of activity is based on
mean-field effects (see later) where both the mean and the variance of the neuronal
states of each population are calculated using the non-linear Fokker-Plank
equation (Frank et al., 2000; Marreiros et al., 2008). Under these assumptions, the

presynaptic input at time t is given by
6 (® = Z; 75y (©) = Vo, PI(D)), (34)

for the i*" population and zt* conductance z = [E, I]. u,(t) is the mean voltage in
population j, £V (t) is the variance of the voltage, Vy is the threshold voltage, and

¥{; is the coupling between populations i and j. These populations can either be
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within the same cortical region or in another one. Therefore, the coupling
parameter absorbs both intrinsic and extrinsic connections, which couple

populations within and between brain areas, respectively.

The firing in source population is a threshold function of depolarization,
where the threshold Vi determines the proportion of cells firing (Figure 3.4).
Under the assumptions of mean-field effects, the sigmoid function ¢ is a Gaussian

cumulative density function
¢ (1o, Vi, 2, t) = 1/2[1 + erf(, (6) = Ve/2N()V2 )], (35)
where erf is the standard error function.
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Figure 3.4 — Synaptic dynamics of the DCM model. (A) The shape of the nonlinear
sigmoid function that transforms the transmembrane potential into firing rates. A spike is
fired when the voltage exceeds a certain threshold (-40mV). (B) The excitatory synaptic
currents across the membrane of the postsynaptic neuron in response to the discharge of
another population. The build-up of synaptic currents increases the transmembrane
potential of the postsynaptic neuron and this neuron fires in cascade when the voltage
exceeds the threshold.

3.2.3 Mean-field dynamics

The equations of motion provided above describe the activity of a single neuron.

The model can be recast as an ensemble model using the non-linear Fokker-Plank
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equation (Frank et al., 2001). The Fokker-Planck equation prescribes the evolution
of the ensemble dynamics, given the equations of motion that constitute our
neural model. In the following, we provide a brief summary for deriving a mean-
field model using the Fokker-Plank formalism (see Marreiros et al. (2008) for more

details).

The Fokker-Plank equation aims to model the evolution of the ensemble

density, q, over phase-space
q= —-V.fq+ V.DVq, (3.6)

where y = [V, gg, g;]. This equation comprises flow (left term) and dispersion
(right term), which embed the assumptions about the dynamics and random
fluctuations, respectively. The flow (f,) and dispersion (D,) constitute the model
at the neural level. Under the Fokker-Planck formalism, even if the dynamics of
each neuron are very complicated, or even chaotic, the density dynamics remain

simple, linear and deterministic.

In a system with many neural states or different types of population, the
phase-space can become very large and computationally intractable. To overcome
this problem, a mean-field approximation can be used. In this approach, the
evolution of ensemble densities of different populations is considered
independently, and these ensembles are coupled through mean-field effects so
that the flow of one ensemble depends on the others (the Gaussian cumulative
density function presented in the previous section). Importantly, this implies that
all the neurons in one ensemble are affected identically by the average behaviour

of another ensemble.

The individual ensemble densities of different populations can be further
parameterized in terms of statistics of higher order than just the mean, resulting in
equations describing the evolution of these statistics. If we assume that the

ensemble density of each population conforms to a Gaussian density then the
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population dynamics are described by equations governing the evolution of the

population's mean and covariance (the sufficient statistics) given by
= fi+ S EH), (37)
2;=JZ+%"+ D+ DT, (3.8)

for the i-th state. f; is the flow of state i (these refer to the equations of motion

presented in the previous section). D is the dispersion that was based on the

of

standard Wiener process, X is the covariance between states, J] = Py is the systems

9%f;
Oxjoxk

Jacobian, and H; = is the systems Hessian for the i-th state.

We derived analytical Jacobian and Hessian matrices for the model for
computational efficacy. The Jacobian matrix for a single population at time t is
given by

(=g =9 =g ()/C Vg =V ()/C Vi=V(®)/C

J(t) = g (v (1)) —Kg 0 . (3.9)
K (uy (1)) 0 —K;

The Hessian matrix is only non-zero for the voltage state

0o 0|, (3.10)

Hye = Hy = 0. (3.11)

These equations, when integrated, generate the dynamics of the whole
ensemble. We simulated the network dynamics for 330s using the SPM8 package
(FIL, UCL). We always discarded the first 30s of simulations to avoid the
dependence of our results on initial conditions. We also performed various
network simulations while keeping the covariance between the states fixed. In this
case we used the fixed covariance provided in the SPM8 implementation. We
additionally performed several simulations without including mean field effects.
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In this case the variance of the voltage state (£) was kept constant. In both these
cases, we found that the characteristics of the simulated activity were never better
than those using the full mean field model and, hence, these results are not

reported further. All parameters and the values used in our simulations are

provided in Table 3.1.

Table 3.1 — Parameter values for the DCM model used in the simulations.

Parameter Interpretation Value

c* Extrinsic forward connections Structural matrix

CcB Extrinsic backward connections Structural matrix transpose
ct Extrinsic lateral connections 0

viLvE vE Intrinsic excitatory connectivity 1,05,1

vh, vi, v, Intrinsic inhibitory connectivity 0.5,0,2

Tii Intrinsic conduction delays 2ms

Tij Extrinsic conduction delays Delay matrix

9L Leaky conductance ImV

Tgr = 1/ Kg, Postsynaptic rate constants 4ms, 16ms

V., Ve, V; Reverse potential -70mV, 60mV, -90mV
Vr Threshold potential -40 mV

3 Population variance 75

C Capacitance 1 uF

r Intrinsic noise Gaussian white noise

3.2.4 Delay differential equations

An important step to make more realistic models of macroscopic brain activity is
the incorporation of time delay effects. Time delays in the brain arise from finite
action potential propagation velocities as well as synaptic and dendritic
processing, and are usually on the order of 10-100ms. However, delay differential
equations can be very expensive to compute in non-linear systems of many
variables. To solve these equations efficiently, we employed a caching scheme
where we cached the past values of all state variables only up to a maximum

specified delay time. The time delay matrix was scaled by a mean delay of 15ms,

73



except in the case where we explicitly test the effect of delays on synchronization

dynamics.
3.2.5 Global network synchronization

To characterize the synchronization behaviour of the network at the global level,
we calculated the order parameter, R(t). This captures the collective behaviour of
interacting sources over time based on their degree of phase coherence. Since the
order parameter is calculated from the cortical phase time courses, we first
estimated the instantaneous phase 6(t) of a filtered neural time course from the
phase of its analytical signal derived using the Hilbert transform (see Section 4.2.5
for more details). The phase of the signal can also be identified via the phase of the
complex wavelet transform using Gabor functions, but both methods have been
shown to produce similar results (Le Van Quyen et al., 2001; Quian Quiroga et al.,
2002). The frequency bands used were 1-70Hz, 1-4Hz, 4-8Hz, 8-13, 13-30, and 30-
70Hz. We linearized the phase sequences by adding 7 to the instantaneous phase
at each reset (branch point) to get the unwrapped analytic phase, which was used

to calculate the order parameter.
The order parameter, R(t), is defined as
R(£)e™®® = — FN_ ¢ifn®) (3.12)

At any time point t, the modulus of order parameter captures the phase coherence
among a set of N cortical regions with phases 8, whereas ¢ indicates their average
phase. Over time, R(t) gives the phase synchrony time course for the whole
network. To characterize the dynamics of the network over the whole simulation
time interval, we calculated the following three summary measures from the

phase synchrony time course.
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Synchrony. The mean synchronisation level, R, is estimated as the mean of
the phase synchrony time course. This reflects the average global synchronisation

in the network over the whole time interval.

Metastability. The metastability, S, is calculated from the standard
deviation of the phase synchrony time course. This measure, therefore, reflects
fluctuations in synchrony degree over time, as the network undergoes relatively

long-lived unstable and transient states.

Asymmetry. The asymmetry, X, is calculated from the skewness of the phase
synchrony time courses. This measure captures the asymmetry of the synchrony

time course.

3.3 Results

3.3.1 Structural brain connectivity

We consider the network dynamics supported by the structural connectivity of the
human brain (Figure 3.5). The connectivity strength matrix together with the
corresponding histograms are shown in Figure 3.5A and C, respectively. The
connection length matrix together with the histograms are shown in Figure 3.5B
and D, respectively. The distribution of coupling strength values decreases
sharply and the connection lengths exhibit a gamma distribution. Previous work
has shown that brain networks exhibits modularity, with the presence of small-
world networks, characterized by local dense clustering (Honey et al.,, 2007;

Bullmore and Sporns, 2009).
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Figure 3.5 — Structural connectivity of the human brain. (A) The connection strength
matrix. The number of fibre tracts detected that connect each pair of regions was taken as
an index of the coupling strength. The matrix is normalized to [0, 1]. (B) The length of
existing connections based on the 3-D Euclidean distance between pairs of brain regions.
(C) Histogram of connection strengths. (B) Histogram of connection lengths. The matrices
are ordered in such a way that corresponding contra-lateral regions are symmetrically
arranged with respect to the matrix centre.

3.3.2 Biophysical network dynamics

We first look at the effect of changing the global coupling strength, k, on network
dynamics. The global coupling uniformly scales the connectivity matrix (i.e.k X
C). Therefore, only the scaling of the connectivity matrix changes while its
structure remains fixed. Figure 3.6A shows the mean global synchrony, R, of the
network as a function of global coupling strength, k. At each coupling strength, k,
the metastability, S, and skewness, X, are shown in Figure 3.6B and C,

respectively.
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We observe that the network synchrony remains close to its minimum
value of 0, when the phases of different regions are uniformly distributed (see
Figure 3.7 Left). In this case, the network is in a stable incoherent state. As the
global coupling crosses a critical value k., (~1.8), the synchrony rapidly
approaches its maximum value of 1 as the phases of all regions become aligned
(fully synchronized network, see Figure 3.7 Right). This is also reflected in the
asymmetry index of the network (Figure 3.6C). At low couplings, the synchrony
time course is random, and the asymmetry is high. As the couplings are increased,
the network achieves full synchronization (resulting in a flat synchrony time
course) and the asymmetry of the network drops to zero. Importantly, there is a
range of critical couplings in which the model displays its emergent properties
(see later). The precise value of the critical coupling we use here is based on our
findings that this is where the model optimally predicts empirical data, as

demonstrated in the subsequent chapters (see Section 4.3.1).
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Figure 3.6 — Effect of coupling strengths on network dynamics. (A) The mean global
synchrony of the network. At each global coupling, the synchrony is estimated from the
mean of the phase synchrony time course. (B) The global metastability level of the
network. At each coupling, this is estimated from the standard deviation of the synchrony
time course, and indicates the variability of synchrony over time. (C) The asymmetry
index of the network that, at each coupling, is estimated from the skewness of the
synchrony time course. The dashed line indicates the critical coupling (k. ~ 1.8).

77



The most irregular dynamics are found at intermediate couplings,
representing an intermediate regime between incoherence and full
synchronization. In this regime, the global coupling is sufficiently weak and
perturbations in the network lead to the formation of transient stable states.
Therefore, multiple partially synchronized states alternate in time with periods of
incoherence. As a result, the network synchronization level fluctuates in time, and
these fluctuations are captured by the standard deviation of synchrony time
course, which indicates the level of metastability of the network (Shanahan, 2010;
Figure 3.6B). This results from a stochastically driven exploration of different state
space positions around the network's equilibrium state, indicative of self-
organised criticality (Turcotte and Rundle, 2002). This can be considered as a
critical state at the border of stability and chaos formed by the spontaneous self-
organization in a long transient period. Chaos is a non-linear deterministic process
(Rickles et al., 2007) that apparently looks random but the distinguishing feature

of chaos is the high sensitivity on initial conditions (network parameters).

Phase

Figure 3.7 — Phase dynamics as a function of global coupling strength. The phases of all
oscillators at one time instant are shown for low (left), intermediate (middle), and strong
(right) coupling strengths. As the global coupling k increases, nodes go progressively
from incoherence (left) to global synchrony (right). In an intermediate regime (middle),
regions exhibit varying degrees of synchrony.
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3.3.3 Modular connectivity and synchronization patterns

The networks of the brain have a complex modular connectivity architecture, and
that this has been shown to impact the synchronization dynamics (Strogatz, 2001).
We find that the network’s structure expresses itself in the emergent
synchronization patterns (Figure 3.8). Brain regions that have a high structural
connectivity between each other tend to form synchronized modules at
intermediate coupling strengths, and these modules oscillate at a different
frequency and phase from other modules. When these clusters get synchronized,
the metastability index for these regions drops relative to other regions. However,
as the coupling strength increases further, all regions get synchronized, and the

metastability for all the regions drops.
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Figure 3.8 — Network dynamics at the regional level as a function of global coupling
strength. The synchrony (A), and metastability (B), between all pairs of brain regions is
shown for low (left), intermediate (middle), and high (right) coupling strengths. The
synchrony and metastability between pairs of regions reflect the patterns of structural
connectivity. At low couplings, the synchrony between all regions is low. At intermediate
couplings, the increase in synchrony is highest for the most strongly connected regions.
As the coupling is increased further, the synchrony increases and the metastability drops
for most pairs of regions.
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3.3.4 Frequency specificity

The presence of time delays can have a huge impact on the dynamics of the
network. In the presence of delays, stable synchronized states occur at reduced
collective frequencies, as has been described for systems of coupled oscillators
with time delays (Niebur et al., 1991). This reduced collective frequency depends
on the natural frequency of the oscillators, global coupling strength, mean delay

and the number of regions involved.

Figure 3.9 shows the network dynamics and frequency specificity of the
network as a function of mean time delays (for k ~ 1.8). Here, the whole delay
matrix is scaled by the mean delay without any changes in its structure. For
sufficiently small delays, the network synchronizes even for a very weak coupling,
and the metastability remains low. As the mean delay increases, synchrony fades
away, and the metastability level of the network increases. For large delays, there
is higher frequency suppression in the network that gives rise to low collective

frequencies in the alpha and beta frequency bands (8-30 Hz).
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Figure 3.9 — Effect of time delays on network dynamics. (A) The mean global synchrony of
the network as a function of mean time delay. (B) The global metastability level of the
network as a function of mean time delay. (C) Collective frequency as a function of mean
time delay. The dashed line indicates the mean delay of 15ms.
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Figure 3.10 shows frequency-specific metastability of the network for
increasing coupling strengths, using a fixed mean delay of 15ms. At weak
couplings, the metastability in all frequency bands is low. As the coupling strength
is increased, the frequency of the emergent oscillations drops, and the
metastability in these bands increases. Due to the presence of delays in the
network, alpha and beta oscillations start to appear at intermediate couplings, and
the metastability in these frequency bands increases. However, at even higher
coupling strengths lower frequency oscillations in the delta and theta (<10 Hz)
frequency bands emerge and the metastability in the alpha and beta frequency
bands drops. Importantly, the heterogeneity of the structural connectivity leads to
the formation of multiple clusters which oscillate at their own collective frequency.

This gives rise to a spectrum of frequencies resulting in rich system dynamics.
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Figure 3.10 — Frequency specificity of network dynamics. The metastability index of the
network is shown in 5 different frequency bands (d — delta, t — theta, a — alpha, b — beta, g
- gamma) at low (left), intermediate (middle), and high (right) levels of global couplings.
At low couplings, the metastability in all frequency bands is low due to the low overall
synchrony of the network. As the coupling strength is increased, the frequency of the
emergent oscillations drops, and lower frequency oscillations start to emerge. At
intermediate couplings, oscillations emerge in the alpha and beta frequency bands due to
the presence of delays, and the metastability in these frequency bands goes up. As the
coupling strength is increased further, low frequency oscillations in the delta and theta
frequency bands emerge, and the metastability in the alpha and beta frequency bands
drops.

81



3.3.5 Transient synchronizations and power fluctuations

During the period of synchronized cluster formation, the band-limited power
(BLP) at the reduced collective frequency increases. However, if the coupling is
sufficiently weak, this state is only transient and can be easily disrupted by noise
or other competitive processes. When this happens, the signal power drops back
again. This leads to structured power fluctuations in the network that are a result
of transient synchronizations occurring in the network. Figure 3.11 shows the
synchrony time course of the network (A) and corresponding power between 10 to
20Hz (B), for different coupling strengths. At intermediate couplings, we observe
the emergence of transient synchronized states that result in power modulations
in low frequency bands. We also note that these states emerge spontaneously and

last for several seconds before disappearing.
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Figure 3.11 — Transient synchronizations and power fluctuations. (A) The synchrony time
course of the whole network (blue) and low-pass filtered at cut-off frequency of 1Hz (red).
(B) Signal power in the 10-20Hz frequency band over time. As the coupling strength is
increased, the network synchrony increases from 0 (left) to 1 (right). At intermediate
couplings (center), transient synchronizations in the network result in slow power
fluctuations in the low frequency bands. In this regime, there is a high correlation between
the smoothed synchrony time course (red line) and power fluctuation time course (black),
suggesting that power fluctuations are a result of transient network synchronizations.



We further investigate the origin of these BLP fluctuations, by computing
the correlation between the synchrony time course and the BLP in two frequency
bands. We find that there is high correlation between synchrony time course and
BLP fluctuations in low frequency bands (Figure 3.12 (for k ~ 1.8)), suggesting that
power fluctuations in these bands are a result of transient network
synchronizations. The synchrony time course and power at lower frequencies is
characterized by a bimodal distribution, which is indicative of multiple

underlying states, whereas the power at higher frequencies is mainly Gaussian.
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Figure 3.12 — Network synchronizations and power fluctuations. (A) The synchrony time
course of the whole network (blue) and low-pass filtered at cut-off frequency of 1Hz (red).
The probability distribution of the synchrony time course is qualitatively shown at the fast
(B) and slow (C) timescales. (D) Time course of signal power in the 10-20Hz frequency
band with the corresponding probability distribution (E). (F) Time course of signal power
in the 30-40Hz frequency band with the corresponding probability distribution (G). (H)
There is a high correlation between the smoothed synchrony time course (red line) and
the power time course in the 10-20 Hz frequency band. The network synchrony and
power at low frequencies is characterized by a bimodal distribution whereas power at
high frequencies is characterized by a unimodal distribution.
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The global coupling strength also determines the stability of the
synchronized states. As shown in Figure 3.13, a slight increase in global coupling

(from k ~ 1.8 to k ~ 2) results in transient states that are more stable and last for

longer periods (>10s).
A B C
—R R<1Hz 51 e 8
0‘ .’.0 1.0
S 6. ”o‘ = 7 0»‘:“"‘« ’»‘
>~ o o * *
g & * £ 6[
= 24 * 2 .
g ] o | a -
(1‘)3\ o= " o=
Se . 3 +
4
A H . . A ) 0 , 3 . .
0 10 20 30 40 50 60 0 05 0 01 0z
Time (s) Synchrony Synchrony < 1Hz

Figure 3.13 — Stability of synchronized states. (A) The synchrony degree of the network
over time (blue) and low-pass filtered at cut-off frequency of 1Hz (red). The probability
distribution of synchrony degree at fast (B) and slow (C) timescales. The stability of
synchronized states (right peak in the likelihood plot) increases with the coupling
strengths.

3.3.6 Effect of network parameters

To further investigate the effect of the brain's space-time structure on the observed
dynamics, we consider the cases where the structural connectivity, couplings,

delays, and noise are completely altered.

Effect of structural connectivity. Figure 3.14 shows the effect of structural
connectivity on the dynamics of the network. We find that the human brain
connectome (blue) results in a smoother transition from incoherence to global
synchrony, and a broader metastability regime, when compared to the macaque
(red) or random (green) network. The random network was setup up such that the
degree distribution and connectedness of the network (Rubinov and Sporns, 2010)
were matched to that of the human brain network. This highlights the role of the

modular structure of the structural connectivity matrix in shaping brain dynamics.
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Figure 3.14 — Effect of structural connectivity on network dynamics. The network
dynamics are shown for the human brain (blue), macaque brain (red), and a random
network (green). (A) The global synchrony of the network. (B) The global metastability
level of the network. (C) The global metastability index in the 8-30 Hz frequency band.

Effect of inter-regional couplings. Figure 3.15 shows the effect of changing
inter-regional couplings between all regions on network dynamics. We find that
randomizing the coupling strengths (but keeping the same delays) completely
destroys the metastable dynamics (red). In the case of homogenous couplings
(green), the transition to synchrony is very abrupt, resulting in a very narrow and

weak metastable regime. This indicates that the heterogeneity of the human brain

network is a key ingredient to obtain metastable states in the network.
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Figure 3.15 — Effect of heterogeneity of coupling on network dynamics. The network
dynamics are shown for the original couplings (blue), randomized couplings (red), and
homogenous couplings (green). (A) The mean global synchrony of the network. (B) The
global metastability level of the network. (C) The global metastability index in the 8-30 Hz
frequency band.
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Effect of time delays. The effect of altering the time delays between all
regions on the dynamics of the network is shown in Figure 3.16. The original
delays are shown in blue. In the case of homogenous delays (15ms), transition to
synchrony occurs at weaker couplings, and the metastability regime (particularly
in the 8-30Hz range) is much weaker (red). When delays are completely excluded
from the network (green), the transition is very abrupt, and the dynamics in the 8-
30 Hz frequency range are almost completely lost (green). These results highlight
the role of the delays in shaping the metastable dynamics in the alpha and beta

frequency bands (8 — 30 Hz).
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Figure 3.16 — Effect of heterogeneity of delays on network dynamics. The network
dynamics are shown for the original couplings (blue), homogenous couplings of 15ms
(red), and the case where there are no delays between regions (green). (A) The mean
global synchrony of the network. (B) The global metastability level of the network. (C)
The global metastability index in the 8-30 Hz frequency band.

Effect of noise. We found that the noise level has an effect on the network
dynamics but this was more related to coupling strengths. Specifically, we had to
set up the noise level such that the synchrony is network remained weak at low
levels of global coupling strengths. We also investigated the network dynamics
where the brain regions were driven by a binary input as opposed to white noise.
This signal can be viewed as inputs from other brain regions. The input was based
a Poisson process, controlling the likelihood of switching between the two states.

The average of the active state was 2.5 s and that of the inactive state was 10 s,
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reflecting the longer average rest periods than active ones. In this case, we found
that no prominent spontaneous oscillations emerged in the network. These results
show that the space-time structure of the network, as well as the presence of
noise, provides an optimal framework for the emergence of robust metastable

dynamics.
3.4 Discussion

In this work we developed a biophysical network model to simulate spontaneous
MEG activity and investigated its synchronization dynamics. We furnished the
model by combining a realistic brain anatomical network with a biophysical
model for node dynamics. We found that the model was highly sensitive to
changes in coupling strengths and transmission delays, giving rise to
simultaneous regions of low synchrony and high metastability. In the presence of
delays, the network is more stable at reduced collective frequencies that fall in the
alpha and beta frequency bands (8-30 Hz). Since the synchrony is sufficiently
weak, noise and other competitive processes in the network disrupt this delicate
state giving rising to the observed temporal fluctuations in synchrony time
courses. These results are consistent with previous studies that have found a
similar dependency of these parameters in shaping network dynamics (Honey et

al., 2007; Ghosh et al., 2008; Deco et al., 2009, 2012; Carbal et al., 2011, 2014).

The structural connectivity provides a substrate as well as major constraints
on the dynamics of interacting regions. The connectivity matrix revealed a highly
intricate structural organization with small-world topology, which has been
implicated in network equilibrium stability and generation of novel oscillatory
network states (Deco et al., 2011). The small-world attributes of the brain network
are also reflected in the synchronization patterns. Due to the small-world
architecture, subsets of brain regions can get highly synchronized while the

network synchrony is still low enabling the formations of networks composed of
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specific brain regions. We also found that the greater modularity of the human
brain connectivity results in a broader metastable regime compared to the
Macaque brain, which further highlights the essential role of connectivity in

shaping the network dynamics.

Besides the structural connectivity, it is important to setup the system at an
appropriate working point to display its behaviour. We found that metastable
states in the network emerge at certain global coupling strengths. The coupling
strengths need to be sufficiently weak so that synchronization between brain
regions is only temporary to avoid full synchronization of the network. However,
at much lower couplings, the global network integration decreases considerably.
This type of de-synchronization between regions has been observed in
schizophrenia patients, suggesting this to be a disease of connectivity. In
agreement with Niebur et al. (1991), the collective frequency of the metastable
states was found to vary inversely with global coupling strengths (i.e. lower
frequencies occur at higher coupling). Therefore, the global coupling strengths can
be manipulated to fine tune specific characteristics of the network, including
frequency specificity and network integration. Furthermore, the duration of the
metastable synchronized sates (i.e. dwell time) also depends on the coupling
strengths, and can be altered to match the time scales of fluctuations seen in FMRI

or MEG.

The presence of transmission time delays between brain regions adds a
temporal component to the space-time structure of network, where the anatomical
network captures the spatial component. In the presence of time delays,
synchronizations among brain regions give rise to a novel form of frequency
depression where the system decays to stable states, which oscillate at a delay and
interaction dependent collective frequency, as predicted by previous studies
(Niebur et al., 1991). We found that biologically plausible delays of 10-15ms result

in slow neural activity fluctuations in the alpha and beta frequency bands, and
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excluding these delays significantly alters the network dynamics in these
frequency bands. This is consistent with the findings of Cabral et al. (2014), who
identified emergent MEG resting state networks characteristics in this regime. In
previous FMRI modelling studies, several resting state characteristics were also

identified in a similar parameter range (Ghosh et al., 2008; Deco et al., 2009).

A number of studies have shown that the brain wanders between different
states during rest, where different subsets of brain regions form temporary
coalitions, which alternate in time (Chang and Glover, 2010; Kiviniemi et al., 2011;
Allen et al., 2012; de Pasquale et al., 2012; Brookes et al., 2014). Several previous
modelling studies have suggested an important role of noise in the transition
between different stable states (Ghosh et al., 2008; Deco et al., 2009; Deco and Jirsa,
2012). In our work we found that when the network is in the metastable regime,
temporary collations between brain regions form that are easily disrupted by noise
processes with the emergence of new metastable collations. The sub-threshold
level of noise induces sufficient fluctuations in individual regions to explore the
metastable trajectory of the system. Although several sources of noise are likely
present in the brain (e.g., Brownian motion of molecules, spontaneous synaptic
vesicle release, stochastic opening of ion channels, etc.), it is unlikely that noise is a
robust signal that encodes information. However, converging evidence from
empirical (Winterer et al., 1999) and computational (Frank et al.,, 1999) studies

suggests that noise plays an important role in the brain computation.

Our results support that the resting state brain works in a state of self-
organised criticality. Self-organized criticality allows the brain to process
information by recruiting a large number of specialized processors distributed
across the brain, and to quickly adapt to new situations by re-arranging the
spatiotemporal synchronizations among the regions. Large groups of regions
engage in temporary synchronizations to form clusters that process information at

the same frequency (phase locking). This allows widely distributed brain regions
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to communicate among themselves without disruptions from other regions.
Bistability allows both symmetric solutions, where each region maintains a similar
activity level, and winner-take-all behaviours, where one region suppresses
another, to exist simultaneously. This way the brain can optimally compute while

in the resting state and quickly jump to new states for task based processing.
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4 Static Functional Connectivity

4.1 Introduction

Studies of resting state brain activity based on BOLD FMRI has revealed several
brain networks, which show highly robust correlated fluctuations on slow time
scales (< 0.1 Hz) (Beckmann et al., 2005; Smith et al., 2009). Similar networks have
also been found in MEG data that exhibit significant correlations in alpha and beta
frequency bands (Hipp et al., 2012; Brookes et al., 2011b). Furthermore, the power
in these frequency bands correlates with the BOLD time course (Laufs et al., 2003;
Mantini et al., 2007). These results indicate that resting state FC utilizes frequency-

specific bindings between remote brain regions.

Previous work using neural models has shown that patterns of FC emerge
as the result of neural interactions taking place on the anatomical network (Deco et
al., 2009; Cabral et al., 2014). In particular, these studies propose that the space-
time structure of connectivity and delays leads to the formation of emergent RSN,
which display similar frequency specific correlations. However, most previous
studies have focused their investigations on FMRI and, the mechanisms
underlying the frequency specific correlations in MEG and the link between the

FMRI BOLD signal and MEG oscillations remain unknown.

To investigate these mechanisms, we analyzed data from healthy subjects
and a large-scale biophysically based network model of the brain. We tune the
coupling strengths of the model using empirical data, and find that the best fit is
obtained in a region of moderately weak coupling strengths and realistic
transmission delays. In this region the model produces spontaneous oscillatory
activity that displays the same frequency specificity as the empirical data. We

show that the network model can reproduce frequency-specific amplitude
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(~power) correlations in the alpha and beta frequency bands. By applying
temporal averaging to the amplitude envelopes (down-sampling), we found
significant correlations on the time scale of several seconds in a spectrally specific
way. We finally use the non-linear balloon model to estimate the vascular
dynamics resulting from the underlying neural activity, and show that the
hemodynamic responses exhibit fluctuations on slow time scales (< 0.1 Hz) as

found in previous FMRI studies.

4.2 Methods

4.2.1 MEG data collection and pre-processing

Data acquisition. MEG resting state data were acquired from 10 healthy
participants in a 5-minute scan where the subjects were asked to sit still with their
eyes-closed. The data were collected at a temporal resolution of 1000Hz on a 306
channel Elekta Neuromag scanner (Elekta Oy, Helsinki, Finland) comprising 102
magnetometers and 204 planar gradiometers. Localization of the head within the
MEG helmet was achieved using four head position indicator coils, which were
continuously energized allowing the head to be localized within the scanner
helmet. Each subject’s head shape was also recorded using a three-dimensional

Polhemus Isotrak system (Polhemus Corporation, Colchester, VT, U.S.).

Data pre-processing. Signal space separation (Taulu et al, 2005)
compensates for external interference and sensor artefacts by projecting the MEG
data onto a basis set of spherical harmonics. Harmonics corresponding to sources
originating from within the sensor array are preserved whilst interfering sources
from outside the environment surrounding the sensor array are rejected. Using
visual inspections, the channels containing sensor artefacts were identified and
subsequently removed before applying the separation algorithm. This was also

used to down sample the data to a resolution of 250 Hz. This was performed using
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MaxFilter software (Taulu et al., 2005). The resulting data were converted to SPM8

format for subsequent analysis.

The sensor space MEG data were de-noised using temporal ICA to remove
cardiac, 50 Hz mains and, in some subjects, eye movement artefacts. ICA
decomposes the sensor space data into temporal independent components.
Specifically, the data were decomposed into 64 components using fastICA
(Hyvérinen, 1999) (64 is the rank of the MEG data after signal space separation).
Prior to the ICA decomposition, each sensor type was normalised by its smallest
eigenvalue to ensure that all sensor types have the same noise variance. Each
component has a temporally independent time course (with unit variance and
zero mean) and associated sensor topography. Eye-blink, cardiac and mains
interference components were manually identified by the combined inspection of
the spatial topography, time course, kurtosis of the time course and frequency
spectrum for all components. Eye-blink artefacts typically exhibit high kurtosis
(>20), a repeated blink structure in the time course and very structured spatial
topographies. Cardiac component time courses strongly resemble the typical ECG
signals, as well as having high kurtosis (>20). Mains interference has extremely
low kurtosis (typically <-1) and a frequency spectrum dominated by 50Hz line
noise. The sensor data is de-noised by subtracting the artefact components from
the raw data (Mantini et al, 2011). We converted this subtraction into a
multiplication via a residual forming matrix. This enabled us to simultaneously

de-noise the data and correct the lead fields (via the montage function in SPMS8).

Each dataset was co-registered into the standard Montreal Neurological
Institute (MNI) space by registering the canonical MNI template to the subjects
head shape data. A local spheres forward model (Huang et al., 1999) was then
estimated using the subject’s head shape. Both co-registration and forward model

estimation were performed with the SPM8 package.
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Source reconstruction. Source space analyses provide better estimates of
underlying neuronal activity, as multiple brain regions contribute to single sensor
channels, while also increasing the spatial resolution and signal to noise ratio
(Brookes et al., 2008). This also makes the results more interpretable as activations

may be better related to the underlying anatomy.

A scalar beamformer (Van Veen et al.,, 1997) was used to project the sensor
space MEG data into source space, that is, to reconstruct the activity at the 90
intracranial locations defined by the AAL brain parcellation template. The
electrical source strength, Qq(t), at time t and at a predetermined location in the

brain is estimated as a weighted sum of MEG sensor measurements

Qo(t) = Wym(t), (4.1)

where m(t) is a vector of magnetic field measurements made at M sensor locations
at time t. Wy is a vector of weighting parameters tuned to specific source location
and current orientation 8 = [r, §], where r represents location of source, and § is
the angle of the source with respect to the azimuthal direction. The superscript T

denotes matrix transpose.

The weighting parameters W, were computed based on power
minimization. The signal power of the output signal Qg(t) is minimized with a
linear constraint that the signal power originating at & remains in the output

signal
miny, [Qglsubject to WyLg = 1, (4.2)

where Qj represents output power given by Q5 = WjCWy. C represents the M x M
data covariance matrix calculated over a time frequency window of interest. Ly
represents the lead fields containing the magnetic field distribution across all
sensor channels due to a unitary current dipole placed at a given position and

orientation 6. A soultion to this problem is given by (Van Veen et al., 1997)
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W} = [L) [C+ uol]™* Lg]™* LY[C + uol]™t, (4.3)

where u is a matrix reguralization parameter set to u = 4 as this provides spatial
smoothing and increases signal to noise ratio (Brookes et al. 2011a). ¢ is an
estimate of uncorrelated noise power, and I is the identity matrix. The noise
estimate ¢ was computed as the mimimum singular value of the unregularized
covraince matrix. The lead fields Ly, were computed using a multi-sphere head
model (Huang et al., 1999), and the forward model calculation described by Sarvas
(1987). The angle § was found independently at each r using a non-linear search to

compute the orientation of maximum variance Z,,,

wlcwy

Z,,, = maxg (w{,zwg)'oo <6 <180, (44)

where ¥ = ol represents white noise at each MEG sensor.

The magnetometers and gradiometers were scaled by their respective
minimum eigenvalue. This effectively gives both classes of sensor equal noise
levels. By sequentially applying the beamformer to a single dipole in the center of
each of the 90 AAL specified regions of interest, a time course of the neuronal
activity within each region was estimated. This source reconstruction using

beamforming was only done for the empirical MEG data.
4.2.2 Signal orthogonalization

Investigations of functional connectivity between brain regions based on MEG
have important practical problems (Hipp et al., 2012; Schoffelen and Gross, 2009).
Due to the limited spatial resolution of MEG, individual brain sources project onto
multiple sensors. Furthermore, the ill posed nature of source reconstruction (e.g.
beamforming) means that the weights used to project sensor space data to
different source locations will be correlated. This results in spurious correlations
among brain regions that are an artefact of the source reconstruction (Hipp et al.,

2012; Schoffelen and Gross, 2009). However, as the magnetic fields are measured
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virtually instantaneously at all MEG sensors, sensor space signals having the same
source components are reflected by an identical phase at different sensors (Nolte,
2004) whereas signals from different source regions can have a variable phase
relationship. Recently, this information has been utilized to remove spurious
correlations among brain regions (Brookes et al., 2011a; Hipp et al., 2012). In this
method, the neural signals from pairs of brain areas are orthogonalized to remove
the signal components that share the same phase before performing further
analysis. For a pair of signals x and y, this is achieved by subtracting the

univariate projection of y on x
x,=x1ly=x—-y(tx), (4.5)

where + denotes the pseudo-inverse. Subsequent measures of functional
connectivity such as band limited power (BLP) correlation computed from these
orthogonalized signals, will be unaffected by trivial (zero phase lag) interactions.
The signal orthogonalization was performed on both the empirical and simulated

MEG data.
4.2.3 Biophysical network dynamics

We used the biophysical network model described in the previous chapter to
simulate realistic resting-state MEG activity for a range of coupling strengths. The
global scaling of the delay matrix (see previous chapter) was set to 15ms based on
our findings that this results in emergent alpha and beta frequency oscillations.
Similar values of delay scaling have been shown to reproduce functional

connectivity patterns in FMRI and MEG (Deco et al., 2009; Cabral et al., 2014).
4.2.4 Network performance

To assess the performance of the biophysical model in predicting patterns of FC
that match those observed in MEG, we computed the correlation between the FC

scores estimated from the simulated and empirical data (see Figure 4.1).
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As a measure of FC, we computed the correlation between the envelopes of band-
limited power time courses, estimated via the Hilbert transform. This approach
has previously been shown to provide a robust measure of FC in resting state

MEG (Brookes et al., 2011a; Hipp et al., 2012; Luckhoo et al., 2012).

Following pairwise orthogonalization, the empirical and simulated time
courses for the 90 brain regions were filtered into a number of different frequency
bands, and the amplitude envelopes were computed and temporally averaged
using different moving average window widths (see below for details of
frequency bands and window widths). The FC scores were computed between all
pairs of brain regions and the resulting data vectors were concatenated together.
We then computed the Pearson correlation between the simulated and
experimental MEG data vectors to assess the performance of model simulations.
The correlation values were averaged across subjects giving an estimate of
similarity at that coupling strength. For clarity, Figure 4.1 summarizes the analysis
pipeline used for computing (and comparing) FC metrics from empirical and

simulated data.

In the following, rr refers to the correlation between the empirical and

simulated characteristics, and we always report the least significant p-value (P).
4.2.5 Frequency specific functional connectivity

Functional connectivity scores were computed from the amplitude envelopes for
15 different frequency bands (3-8Hz, 6-11Hz, 9-14Hz, 12-17Hz, 15-20Hz, 18-23Hz,
21-26Hz, 24-29Hz, 27-32Hz, 30-35Hz, 33-38Hz, 36-41Hz, 39-44Hz, 42-47Hz, 45-
50Hz). For each given frequency band, the amplitude envelopes were estimated
from the filtered signal via the absolute value of its analytical signal derived from
the Hilbert transform. The analytical signal {(t) of the time course x(t)is a

complex function of time defined as (Rosenblum et al., 1996)

E(t) = x(t) + ix, () = ag(t)es®, (4.6)
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where a;(t) and 0 (t) are the instantaneous amplitude and phase of the analytical
signal £(t) of x(t). The instantaneous phase 6, (t) of x(t) is taken as ¢ (t). x(t) is

the Hilbert transform of x(t)

() = P.V.[2 [T 5], (4.7)

- t—1

where P.V. denotes the Cauchy principal value of the integral. Analogously the
analytical signal is estimated from y(t). The envelopes were temporally averaged

(down-sampled) using 4 different moving average window widths (0.5s,1s,2s,4s).
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Figure 4.1 — MEG resting state functional connectivity analysis. MEG resting state data
from healthy subjects is used to estimate source space activity at brain locations defined in
the AAL template. The AAL template is also used to parcellate the DTI data into the same
90 brain locations, and the anatomical connectome between these regions is estimated
using probabilistic tractography. The structural connectivity is used in combination with a
neuronal model to simulate the activity of brain regions, where the dynamics of an
individual brain region are described by a conductance based voltage model expressing
the coupling between different populations of excitatory and inhibitory neurons. FC
analysis based on amplitude envelope correlations is performed on the empirical and
simulated time courses, and the metrics are compared with each other.

99



4.2.6 Haemodynamic model

To assess the BOLD signals generated by the biophysical model simulations, we
used the Balloon-Windkessel haemodynamic model proposed by Friston et al.
(2003). The model specifies the coupling of perfusion to the BOLD signal, with a
dynamical model of the transduction of neural activity into perfusion changes. In
this model, the BOLD signal is taken to be a static nonlinear function of
normalized total deoxyhemoglobin voxel content, normalized venous volume,
resting net oxygen extraction fraction by the capillary bed, and resting blood

volume fraction.

In brief, for the i-th region of interest, neuronal activity z; causes an increase
in a vasodilatory signal s; that is subject to autoregulatory feedback. Inflow f;
responds in proportion to this signal with concomitant changes in blood volume v;
and deoxyhemoglobin content q;. The equations relating these biophysical

variables are

os;(t)/ot = z; — kis; —yi(fi — 1), (4.8)
fi(t)/0t = sy, (4.9)

1,0v,(t) /0t = f, — v}, (4.10)

1,0q;(t) /0t = f;(1 — (1 — p) ) /pi — viqi/vi, (4.11)

p being the resting oxygen extraction fraction.

The BOLD signal y; is taken to be a static nonlinear function of volume and
deoxyhemoglobin that comprises a volume-weighted sum of extra- and

intravascular signals
yi = Vo(7pi(1 — q) + 2(1 — q;/vi) + 2(p; — 0.2)(1 — vy)), (4.12)

where V, = 0.02 is resting blood volume fraction. The remaining biophysical

parameters were taken as in Friston et al. (2003).
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The membrane potential across the pyramidal population was taken as the
neural output of each region (z;) and used to produce the final haemodynamic

responses (y;).

4.3 Results

4.3.1 Network performance

We simulated realistic resting-state MEG activity using the biophysical model for
a range of coupling strengths, as in the previous chapter. Figure 4.2A shows the
global synchrony between brain regions, and Figure 4.2B indicates the level of
metastability at different coupling strengths. To quantitatively compare the
simulated responses with experimental data, we identified the region of global
coupling strength, k, under which the simulated network best predicts real resting
state MEG functional connectivity. We computed the correlation of a vector of FC
values concatenated over all pairs of brain areas and frequency bands, between
the resting-state FC estimated from the simulated and the resting-state FC

estimated from the experimental MEG data (see Figure 4.1).
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Figure 4.2 — Network-level dynamics and model performance as a function of global
coupling strengths, k. (A) The global synchrony of the network as the global coupling
strength is varied. (B) The global metastability of the network as a function of global
coupling. (C) The models performance at different coupling strengths as measured by the
Pearson correlation coefficient of the frequency (and downsampling) dependent
functional connectivity between the real and simulated data. The highest correlation is
achieved at the critical coupling (k. ~ 1.8) indicated by the dashed line.
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Figure 4.2C shows the correlation coefficient obtained for the different
coupling strengths. We find that the model optimally predicts the MEG responses
in a range of coupling strengths that coincide with the critical coupling region of
the network (k.~ 1.8, rr~0.4, P <107%%). This regime is consistent with
previous findings where similar dynamical clusters of nodes have been shown to
reproduce functional connectivity patterns observed in FMRI and MEG (Deco et
al., 2009; Cabral et al., 2011, 2014). We also find that the simulated responses show
a similar power spectrum as the empirical data at the identified coupling strength
(Figure 4.3). We used the simulated times series at the identified optimal coupling

(k. ~ 1.8) for all further analysis without any change in parameter values.
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Figure 4.3 — Power spectra of the empirical and simulated data. Time courses of brain
regions of the motor network are shown for the empirical (A) and simulated (C) data. The
power spectrum of these networks is shown on the right (B, D). The spectrum of each
network is computed by averaging over all pair of brain regions of the network. The
values are averaged across all subjects in the case of empirical data.
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4.3.2 Frequency specific functional connectivity

To demonstrate the ability of the biophysical network model to predict real MEG
data, we examined the frequency dependency of FC scores computed from the
real and simulated data. We computed FC (using correlation in amplitude
envelopes) for different frequency bands and at different temporal down-

sampling windows between all node pairs.

Frequency dependency. We first consider the case where the amplitude
envelopes were temporally down-sampled by a window of 1s to identify the
frequency bands showing the maximum functional connectivity between brain
regions. We focus on the signals alpha and beta bands at this down-sampling
window based on findings that it best captures the functional connectivity of RSNs
in MEG data (Brookes et al.,, 2011b; Brookes et al.,, 2011a; Hipp et al., 2012;
Luckhoo et al., 2012).

Figure 4.4A shows the mean functional connectivity of all pairwise
connections as a function of different frequency bands. The number of pairwise
connections showing maximal functional connectivity in a given frequency band
are shown in Figure 4.4B. Both results are averaged over all subjects. Figures 4C-D
show the same measures for the simulated responses at the identified optimal
working point using the same analysis approach. We find that the model
reproduces both the mean (rr = 0.82) and the maximal (rr = 0.9) frequency
dependent functional connectivity of the empirical data. The overall functional
connectivity scores are highest in the 10-30 Hz frequency range, with a peak at
around 15-17 Hz, and most brain regions engage with each other in these

frequency bands.
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Figure 4.4 — Frequency specific functional connectivity of band limited neural amplitude
signals. (A, C) Mean amplitude correlation in different frequency bands for real (A) data
and simulated (C) data. (B, D) The frequency bands in which the pair-wise correlation
between the regions is maximum is shown for real (B) and simulated (D) data.
Downsampling Dependency. Anatomically connected brain regions, such
as homologous areas in the two hemispheres, exhibit significant correlations in
spontaneous oscillatory activity (Cordes et al., 2001; Nir et al., 2008), and brain
wide correlation analysis reveals that these regions express strongest correlations
in the alpha and beta frequency bands (Hipp et al., 2012; Luckhoo et al., 2012). We,
therefore, used the estimated frequency-specific functional connectivity scores at
the 1s down-sampling window to pick the top (100) functionally connected brain
regions. For these top node pairs, we spectrally resolved the envelope correlation

to consider its temporal scale.

Figure 4.5A shows the amplitude envelope correlations for 4 different

down-sampling windows. The full correlation profile for different down-sampling
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windows is shown in Figure 4.5B. Results are averaged across all subjects. Figures
4.5C,D show the same results obtained from the simulated MEG responses. We
find that these regions exhibit strongest correlations in alpha and beta frequency
range as observed before (rr = 0.93). The full correlation profile reveals that the
correlation in all frequency bands is significantly increased for high down-
sampling windows (from 1s to 32s). Applying the temporal averaging reveals
strong correlations on the time scale of several seconds (<0.1Hz). We, however,
observe that simulated responses show some correlation at around 37Hz for high
down-sampling windows (32s), and the correlation is also increased in the range

of 10-25s with an additional peak at around 10Hz frequency band (rr = 0.84).
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Figure 4.5 — Band limited power correlations between orthogonalized signals. (A, C)
Correlation between the top functionally connected node-pairs in different frequency
bands at 4 different moving average window widths for real (A) data and simulated (C)
data. The standard error across node pairs is shown with shaded colour. (B, D)
Correlation between the top functionally connected node pairs as a function of frequency
band and moving average window widths. The values are averaged across all top node
pairs (and across subjects for the real data).
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4.3.3 Standard coherence

Since we are interested in the frequency-specific interactions between brain
regions, we also estimated the statistical dependencies between regional time
courses using standard coherence (computed from the cross power spectral

density (CPSD), Figure 4.6).
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Figure 4.6 — Estimates of standard coherence between functionally connected brain
regions. (A-B) Standard coherence (A) and cross power spectral density (B) between the
top functionally connected node pairs estimated from the empirical MEG data. The values
are averaged over all the subjects. (C-D) Estimates of coherence (A) and CPSD (B)
between the same brain regions from simulated data. We find that standard coherence
fails to detect functional connectivity, which is captured by the amplitude envelope
correlations.

We find that there is low global (over time) coherence (Figure 4.6A)
between the regional time courses from the empirical data in all frequencies.
However, we found strong functional connectivity between brain regions in the

alpha and beta frequency bands, implying that standard coherence based methods
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fail to detect this connectivity. Although the cross power spectral density (Figure
4.6B) shows more power in the low frequency bands, it may still be relatively low
for robust estimation of correlated patterns. However, for the simulated responses

(Figure 4.6C,D), we find that the estimates of coherence are much higher.
4.3.4 Haemodynamic responses

To investigate whether the simulated neural responses can reproduce
characteristics of the FMRI resting state networks, we also calculated the BOLD-

signal (Figure 4.7) using the Balloon-Windkessel hemodynamic (Friston et al.,

2003).
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Figure 4.7 — BOLD signal and frequency spectrum. (A) BOLD signal generated from the
simulated neural activity of left-right motor cortex using the balloon model, together with
the frequency spectrum. (B) BOLD signal for same regions (as in A) with the added red
curve showing the synchrony between the BOLD signals in the two regions. The
synchrony power spectrum is shown in the right plot. We find that the BOLD synchrony
displays fluctuations in < 0.1 Hz as found in previous FMRI studies. These results also
complement the ones based on the moving average width shown in the previous section.
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Figure 4.7A shows the BOLD signal from a pair of regions at the optimal
working point, together with the power spectrum. Figure 4.7B shows the power
spectrum of the synchrony time course (red curve) given by the differences
between the levels of BOLD signal in the two regions. We find that the synchrony
time course reproduces the slow 0.1-Hz oscillations seen in previous FMRI BOLD

studies.
4.4 Discussion

In this work, we investigated the spectral profile of static resting state functional
connectivity in real and simulated MEG data. We used characteristics of dynamics
from real data to tune the network parameters and identify the responses that best
match the MEG data. By assessing brain-wide interactions in terms of band-
limited amplitude correlations, we demonstrated that a realistic biophysical
network model can reproduce frequency-specific functional connectivity patterns
reported in previous MEG studies. In line with previous studies, the best
correspondence between the simulated and empirical data was achieved when the
biophysical model was connected with intermediate coupling strengths and

transmission delays (Deco et al., 2009; Cabral et al., 2011, 2014).

An important finding from previous investigations of MEG functional
connectivity is that functional connectivity is strongly dependent on frequency,
with increased band-limited power correlations within the alpha and beta bands
(Brookes et al., 2011a; Brookes et al., 2011b; Hipp et al., 2012). To compare results
from real and simulated data with these studies, we computed stationary
measures of functional connectivity based on the Hilbert amplitude envelope
correlation. However, measures of MEG functional connectivity may be
confounded by signal leakage between nearby voxels. We, therefore,
orthogonalized the time courses to remove the possibility of FC being driven by

signal leakage. This destroys any zero-lag correlations between the signals that
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may give rise to artificially high FC. In line with previous studies we found that
functionally connected brain regions at rest engage with each other in specific

frequencies, with the strongest interactions in the alpha and beta frequency bands.

Applying temporal averaging to the band-limited power time courses
revealed significant correlations on the time scale of several seconds in a spectrally
specific way, (<0.1Hz), as observed in MEG (Hipp et al., 2012; Luckhoo et al., 2012)
and FMRI (Cordes et al., 2001) studies of resting state FC. This behaviour was
found not only in the real MEG data but also in data simulated from our
biophysical model. Furthermore, using the haemodynamic balloon model, we also
found that the network model can reproduce large-scale fluctuations on slow time
scales, observed in previous FMRI studies (Beckmann et al., 2005). However, FMRI
is based on an indirect link between the hemodynamic signal and the underlying
neural activations, whereas our analysis based on the MEG oscillations, which
reflect the biophysical properties of underlying networks, revealed similar
correlations in the low frequency range providing further evidence in support of
FMRI studies. The ability of the model to predict these correlations on slow
timescales offers an integrated view about the underlying mechanisms that link

the empirical MEG and FMRI responses.

In our simulations, we observed higher correlations in the gamma
frequency range that were not seen in the real data. One possibility is that changes
in the signal-to-noise ratio across different frequency bands may give rise to an
increase in functional connectivity in the low frequency bands. Sensory
stimulation tasks have been shown to drive cortical gamma band activity
(Logothetis et al., 2001) that can be measured in EEG and MEG (Scheeringa et al.,
2011). However, during the resting state the gamma band oscillations may be
much weaker. Furthermore, MEG measures the combined activity of large
populations of neurons and may be more sensitive to low frequency components

with a global spatial coherence. We could, therefore, speculate that the lack of
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gamma frequency correlations may be due to the poor signal-to-noise ratio of

these weak oscillations.

High frequency neural activity also overlaps with the spectral bandwidth of
muscle activity (~20-300 Hz) (Muthukumaraswamy, 2013), and removing muscle
artefacts can, therefore, cause attentuation in the observed MEG responses in this
range. This would give rise to low correlation values in MEG at higher frequenices
than predicted by the underlying neural activity. However, if activity in this
frequency band is not completely filtered, it would still remain difficult to assess if
the increase in correlation in this band is due to an artefact of poor signal-to-noise

ratio or genuine neural activity.

We found that standard measures of coherence fail to detect structured
dependencies between functionally connected brain regions. One possible reason
for this is that brain regions are more likely to exhibit transient coherence as
opposed to remaining coherent for long time periods (Hadjipapas et al., 2004). In
this work we estimated the coherence over the whole duration of signal (~300s),
which would, therefore, result in low values. Estimates of cross power further
revealed that there may be not enough signal power in these frequency bands for
robust estimation of functional connectivity. On the other hand, our analysis based
on band-limited amplitude envelope correlations revealed strong functional
correlations that are consistent with previous findings. However, it has been
suggested that these methods may be complementary representing different

physiological processes (Brookes et al., 2011a).

Synchronizations among brain regions give rise to a novel form of
frequency depression where networks oscillate at reduced collective frequencies.
The collective frequency depends on the delays, couplings, and the number of
regions in the network (Niebur et al.,, 1991). The heterogeneity of the couplings

and delays enables multiple clusters to form while preventing the full
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synchronization of the network. Each of these emergent clusters oscillates at their
own collective frequency, giving rise to a range of frequencies. In a regime where
the best fit with the empirical data is achieved, these frequencies fall in the alpha
and beta frequency bands, explaining the observed correlation patterns. Recent
experimental studies implicate a multi-layer feedback loop between the thalamus
and the cortex in the generation of these slow frequency rhythms
(Schreckenberger et al., 2004). Since this is loop is also modelled in our network, it
provides a unified network mechanism responsible for the generation of such

rhythms.

Our model suggests an important role of delays in determining the
collective frequencies and network dynamics. In our work, the delays were
estimated from the Euclidean distances between regions. The histograms of spatial
distances based on Euclidean distances reveal a gamma distribution with a single
peak at approximately 50mm (see Figure 3.5). However, the histograms of actual
fiber lengths from the connectome of Hagmann et al. (2008) reveal a bimodal
distribution with peaks at approximately 40 and 120mm. The Euclidean distances,
therefore, represent a lower bound on the physical connection length since they do

not take into account the somewhat convoluted course of the white matter fibers.

The effects of delay distribution (~ fibre length distribution) on the
dynamics of coupled oscillators has been recently addressed by Lee et al. (2009).
They found that the critical coupling where metastable states occur depends both
on the mean delay (scaling) and the distribution of delays. This suggests that
heterogeneity in delays induces increased complexity in the network dynamics,
especially in the critical regime. These results further highlight the important role

of delays in shaping the dynamics of the network

Other than the limitations of the delays, the DCM model does not fully

capture the internal anatomical and physiological detail of cortical regions. The
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division of a single region into three cortical populations is somewhat arbitrary
and does not capture the 4-6 layered structure of the real human cortex. As a
result, connections within and among regions are also ill defined and further

constrain the dynamics of the region.
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5 Spatial Functional Connectivity

5.1 Introduction

A number of resting state studies have focused on the analysis of FC between
segregated brain regions in a spatially specific way. These studies have shown that
signals originating in different brain regions follow consistent correlation patterns
across the whole brain, which are considerably consistent across sessions and
subjects (Smith et al., 2009; Brookes et al., 2011b; Hipp et al., 2012). These networks
often resemble the networks seen during the processing of specific tasks (e.g.
motor network). Furthermore, these networks show strong frequency dependency

in MEG, appearing mainly in the alpha and beta frequency bands.

In the previous chapter we focussed on the extent to which the spectral
profile of FC matched globally between simulated and empirical data. In this
chapter we now investigate whether the simulations are matching the empirical
data in terms of the specific spatial structure. In particular, we look to see if the
simulated data contains FC between specific brain areas that we expect to be
functionally connected, and if the simulated data can produce canonical resting

state networks observed in empirical MEG data.

To this aim, we analyze resting state MEG data from healthy subjects and
biophysical model simulations and explore the plausible mechanisms underlying
the generation of observed spatial FC patterns and network formation. Since the
MEG source estimation can confound the spatial correlations between brain areas,
we also apply this procedure to the simulated data by first projecting it onto
sensor space and then re-estimating source space activity. We first look at the FC
(amplitude envelope correlation) matrices that we used to identify the optimal

simulated responses. We find that the empirical data exhibits different spatial
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patterns of FC in different frequency bands, and the network model displays
significant similarities with the empirical data. We then use a seed-based approach
to investigate FC between specific brain areas. Using this approach we produce
spatial correlation maps for two functional networks, while also computing the
connectivity spectra for these networks. We finally apply ICA to simulated data,
and show that the model can reproduce several RSNs whose spatial signature

significantly matches the MEG RSNs identified in previous studies.
5.2 Methods

5.2.1 Biophysical network dynamics

We used the same realistic network model described in the previous chapters to
simulate the activity of individual regions for a range of coupling strengths
(5min). By comparing the amplitude envelope network matrices of the empirical
and simulated MEG data, we identified the couplings (k = 1.8) where the
simulated responses optimally match the empirical data (see Section 4.2.4 and
Figure 4.2C). The network activity was then simulated for 60 minutes at the

optimal coupling to allow the ICA to robustly estimate functional networks.
5.2.2 MEG forward model

As discussed earlier, the limited resolution of MEG and problems with source
estimation can lead to spurious correlations between brain regions that do not
reflect genuine connectivity. This will have a strong impact on the observed
spatial pattern of correlations. Whereas in the previous chapter we were mainly
concerned with the spectral profile of functional connectivity, here we are
interested in its spatial profile. We, therefore, applied the same procedure to
simulated responses by first computing MEG sensor space signals and then re-

estimating source space activity.
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We used the MEG forward model to project the simulated time courses
onto sensor space. The forward model has three key elements: a source model
defining the locations and orientations of the brain areas (dipoles); a sensor model
that defines the locations and orientations of sensors; and a volume conductivity

model that governs how sources project onto sensor channels.

The scalp fields are computed at a finite set of sensor locations and
orientations (sensor configuration) for a given predefined set of source positions
and orientations (source configuration). This is based on the lead field matrices
which represent the field distribution across all sensor channels due to a unitary
current dipole placed at a given position and orientation (i.e. how individual brain
sources project onto all sensor channels). The magnetic field b observed at a sensor

location r due to a dipole at location r, is given by the following lead fields
b(r) = K(r,r,).q (5.1)

where q is the dipole moment of the source and K is the field kernel.
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Figure 5.1 - MEG forward modelling and source estimation. (A) Location of MEG sensors
(dots) and head model (grid). (B) Locations of dipoles in one plane, placed at the center of
gravity of the AAL defined brain locations.

Here we used a single homogenous shell model as the volume conductivity

model (Figure 5.1), which we had developed earlier as part of the network

analysis methods framework (see next chapter). The source locations were taken
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as the center of gravity of the AAL defined brain locations and the source
orientations were computed normal to the surface. We used the 306-channel
Elekta Neuromag scanner configuration. An additive subject-matched
uncorrelated coloured noise was added to the MEG sensor signals prior to

reconstructing the source space activity.

Once the sensor space activity had been estimated using the MEG forward
model, it was projected back to the same AAL defined brain locations (source
space) using a LCMV beamformer (in the same manner as the empirical data, see

Section 4.2.1 for details).
5.2.3 Global correlation analysis

We computed the amplitude envelope correlation between all pairs of brain areas
in different frequency bands to estimate the full FC matrices. For each pair, the
source space signals were first orthogonalized using linear regression to remove
zero-lag correlations induced by spatial leakage (Brookes et al., 2011a; Hipp et al,,
2012). The orthogonalized time series were band-pass filtered into 15 different
frequency bands (3-8Hz, 6-11Hz, 9-14Hz, 12-17Hz, 15-20Hz, 18-23Hz, 21-26Hz, 24-
29Hz, 27-32Hz, 30-35Hz, 33-38Hz, 36-41Hz, 39-44Hz, 42-47Hz, 45-50Hz). The
amplitude envelopes were estimated using the Hilbert transform, and temporally
down-sampled to a resolution of 1s. We computed the pairwise correlations
between the down-sampled envelopes of all regions, and the resulting FC matrices

were averaged across subjects in the case of for empirical data.

To take into account artefact correlations generated by intrinsic properties
of either the MEG scanner or the source-projection algorithm, the same correlation
matrices were computed from an empty-scanner dataset projected onto the same
AAL defined brain locations. An additive subject-matched uncorrelated Gaussian

noise was added to this dataset prior to reconstructing the source space activity.
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5.2.4 Seed based correlation analysis

We performed FC analysis of the source space activity in anatomically defined
seed regions of interest to see if the simulations can produce FC between specific
brain regions that we expect to be functionally connected. We considered two seed
regions: right motor cortex to test for the motor network, and left visual cortex to
test for the visual network. Here we compute the correlations between the down-
sampled amplitude envelopes of the seed region with that of all other brain

regions (in alpha, beta, gamma).

We generated correlation maps for these networks based on the correlations
of the seed regions. We computed these maps by thresholding the beta band FC of
each seed region while controlling for the false discovery rate (FDR) at P < 0.05
(Benjamini and Hochberg, 1995). This procedure consists of sorting the p-values
for the voxels being tested in ascending order, and then dividing each observed p-
value by its percentile rank to get an estimated FDR. In this way, small p-values
that appear far down the sorted list will result in small FDR estimates, and vice
versa. This procedure can be used to estimate a threshold value for a specified
FDR. For this procedure, we used the implementation available at www-

personal.umich.edu/~nichols/FDR.

We further investigated the contribution of different frequencies in the
motor and visual networks. This time we computed the pairwise downsampled
amplitude envelope correlations between all the nodes of the estimated
(thresholded) networks in 15 different frequency bands described earlier. The FC
scores were averaged over all the nodes (and subjects for empirical data) to get a

final spectral profile of each network.
5.2.5 Independent component analysis

We applied temporal ICA to see if the simulations can produce canonical RSNs

similar to those typically seen in MEG data. We used a similar approach as in
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Brookes at al. (2011b) for the ICA analysis of the simulated responses, and we

compare our estimated networks with those reported in Brookes at al. (2011b).

The simulated sensor space activity was reconstructed on a 7 mm grid
spanning the entire brain. This has previously been shown to reproduce RSNs in
MEG similar to those observed using FMRI (Brookes at al., 2011b). The source
space signals were de-meaned and normalized by an estimation of projected noise.
We filtered the data into beta frequency band; estimated the amplitude envelopes
using the Hilbert transform; down-sampled the envelopes to a time resolution of
1s;, and reduced the dimensionality of the data to 30 principal components (PCs)
using Principal Component Analysis. We estimated 25 independent components
(ICs) from the reduced dataset using fastlCA (research.ics.tkk.fi/ica/fastica). The
ICs originate from independent networks, and thus, each IC was taken as a
separate RSN. To estimate the contribution of each region to an individual IC, we
computed the Pearson correlation between the time course of the IC and the time
course of each voxel. To get the final spatial maps at the regional level, we

averaged the values of all the voxels belonging to specific brain regions.

To identify similar networks in empirical and simulated data, we computed
the spatial correlation between the maps estimated from the simulated data and
those reported in Brookes et al. (2011b). For each network pair, the three-
dimensional spatial maps were vectorized and we computed the Pearson
correlation between these data vectors. We compared all of the 25 simulated and
empirical networks, and maps with the highest correlations were grouped

together.

We assessed the significance of the spatial correlation using a Monte Carlo
approach. The empty scanner data were projected on a 7mm grid using the same
spatial filters as for the empirical data to preserve the artefact spatial correlation

structure. The source space signals were filtered into beta frequency band, and

119



down-sampled amplitude envelopes (1s) were estimated yielding a null dataset.
We then preformed Monte Carlo simulations on the null data. On each iteration of
the Monte Carlo algorithm, 25 ICs were estimated (yielding 25 spatial maps), and
we computed the maximum spatial correlation between each of these 25 noise
spatial maps and the spatial maps estimated from simulated MEG data. A total of
500 iterations were run, across which the data segments were shuffled in time,
resulting in 500 maximal correlation coefficients (for each network) representing
the best match with the simulation derived spatial maps. We estimated statistical
values from the distribution of maximal spatial correlations, as this eliminates the

need for multiple comparisons correction.

5.3 Results

5.3.1 MEG source reconstruction

To investigate the effects of MEG source reconstruction (forward modelling
and beamforming) on simulated responses, we computed the spatial coherence
and cross power spectral density (CPSD) between the top (100) functionally
connected brain areas both before and after the MEG reconstruction (Figure 5.2).
When computing these measures directly from the simulated responses without
source reconstruction, we find high global coherence (Figure 5.2A) and cross
power (Figure 5.2B) between the time courses of these regions in the low
frequency bands. This is despite the pairwise orthogonalization to correct for
spatial signal leakage. However, after the MEG source reconstruction, estimates of
coherence between the same regions drop strongly (Figure 5.2C) and the CPSD
(Figure 5.2D) also reveals the loss of cross power in the low frequency bands.
Importantly, the band limited power correlation between the original and source
reconstructed signals was more than 80%. Additionally, as we demonstrate later,
these regions still display strong band limited power correlations in specific

frequency bands.
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Figure 52 - Effect of MEG source reconstruction on spatial coherence between
functionally connected brain regions. (A-B) Standard coherence (A) and cross power
spectral density (B) between the top functionally connected node pairs estimated from the
orthogonalized simulated responses before MEG reconstruction. (C-D) Estimates of
coherence (C) and CPSD (D) are shown for the same pairs after MEG forward modelling
and beamforming. We find that the MEG source reconstruction strongly reduces
estimates of coherence and cross power between functionally connected brain regions.

5.3.2 Global functional connectivity

We first look at the amplitude envelope correlation matrices for the empirical and
simulated data in a set of different frequency bands (Figure 5.3C,D). The
identification of the optimal simulated responses was based on the extent to which
these FC matrices matched between empirical and simulated data. The FC matrix
of null MEG data obtained with an empty scanner (Figure 5.3A) and the structural

connectivity (5C) matrix (Figure 5.3B) are also shown.
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Figure 5.3 — Global functional connectivity in resting state MEG data. (A) FC (BPL
correlation) matrix of simulated null MEG data. Due to intrinsic limitations of the source
projection algorithm, neighbour regions exhibit strong correlated activity. (B) Structural
connectivity matrix derived from DTI showing the connection strengths between brain
regions. (C-D) Frequency-specific functional connectivity matrices in a set of different
frequency bands obtained from empirical data (A) and simulated data (B). The matrices
were obtained by computing the pairwise amplitude envelope correlations between all
pairs of brain areas. The empirical matrices are averaged over all the subjects. All matrices
are ordered in a way such that corresponding contra-lateral regions are symmetrically
arranged with respect to the matrix centre, the anti- diagonal revealing the existing
connections between these contra-lateral regions. The red lines on the structural
connectivity matrix show the separation of the two hemispheres.
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At the optimal working point, there is a good agreement between the
simulated and empirical FC matrices in all different frequency bands (rr =
0.33:0.47). Both the model and empirical MEG data display significant bilateral
functional correlations in the alpha and beta frequency bands. The correlations are
highest in the 9-17 Hz range, agreeing with previous studies, which have found
similar FC peaks in the lower beta frequency range (Brookes et al., 2011a, 2011b;
Hipp et al, 2012; Luckhoo et al.,, 2012). The null MEG data exhibits strong
correlations between neighbouring brain regions that were found to be
independent of carrier frequency. However, the agreement between the null MEG
and simulated data was much weaker (rr < 0.2) as the model predicts long-range

functional connections that are inexistent in the null MEG data.
5.3.3 Seed based functional connectivity

We computed seed based correlations to investigate patterns of functional
connectivity at the regional level. We considered two seed locations: right motor
cortex and left visual cortex. Figure 5.4 shows the anatomical and functional
connectivity of these seed regions in alpha, beta and gamma frequency bands. We
observe that despite the sparseness of the SC for both seeds (<10 non-zero
connections), these regions exhibit strong functional correlations with all other
brain regions, and the spatial profile of FC depends on frequency. Since we used
full correlation to estimate these FC profiles, the observed FC shows the presence
of both direct and indirect connections between brain regions. This suggests that
most functional correlations between regions are mediated by indirect structural

links between them, highlighting the role of the SC in shaping the FC profile.
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Figure 5.4 — Seed based functional connectivity in different frequency bands. Horizontal
bars indicate the extent of structural (labelled SC) and functional connectivity for
empirical (labelled MEG) and simulated data (labelled MODEL). The top plot (A) shows
the connectivity of the right motor cortex with all other brain areas and the bottom plot
(B) shows this for the left visual cortex. The connectivity of the seed with itself is 1 and is
marked in red. The structural connectivity is shown in black. Green, blue and yellow bars
indicate the real (left) and modelled (right) envelope correlation for 8-12Hz, 13-30Hz and
30-70Hz frequency bands, respectively. Empirical scores are averaged over all subjects.
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Despite the DTI missing many structural connections, the model
reproduces some of the key features of FC for both seeds, but performs better for
the visual seed (rr = 0.35:0.57) as compared to the motor seed (rr = 0.20:0.45).
One reason for this could be the sparseness of the DTI derived SC for the motor
cortex, which results in less structured FC profile of the motor cortex seed region.
The visual cortex, however, retains a strong structure in the correlation patterns in
the same frequency range. Note that this cannot be due to spatial leakage as the

source space signals were orthogonalized to remove any zero-lag correlations.
5.3.4 Spatial correlation maps

In order to better explore the spatial profile of functional connectivity at the
regional level, we generated the spatial correlations maps for these seed locations.
Figure 5.5 shows the results for the motor and visual networks in the beta
frequency band. In the case of empirical data, these maps look very similar to the
spatial maps estimated in previous MEG studies (Brookes at al., 2011b). For the
simulated data, the model failed to reproduce the bi-laterality of the motor
network, which could be due to the beamforming or DTI missing certain tracts.
For the visual network, the model displays strong bi-lateral correlations between

visual areas similar to those observed in the empirical data.
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Figure 5.5 — Whole-brain seed based correlation maps. The top plot shows the maps for

the right motor cortex and the bottom plot shows this for the left visual cortex. The maps
obtained from empirical MEG data are shown on the left (A,B) and the maps from
simulated data are shown on the right (C,D). The seed based BLP correlation (FC) maps
are obtained by thresholding the FC profile of the seed regions while controlling the false
discovery rate. All maps were obtained in the beta frequency band. The empirical maps
are averaged over all subjects.

5.3.5 Connectivity spectra for functional networks

We estimated the contribution of different frequencies in the observed functional
connectivity in the motor and visual networks (Figure 5.6). In agreement with
previous studies, we find high correlations between the sensorimotor areas in the
10-30Hz range peaking at about 8-15Hz. We further note that the FC in the motor
network is mediated by both alpha and beta carrier frequencies, whereas the
visual network is more focused on alpha band. The simulations reproduce this
frequency dependency of both the motor (rr =0.76) and visual (rr = 0.73)
networks. These results are in agreement with previous studies that suggest

similar connectivity spectra in these networks (Hipp et al., 2012).
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Figure 5.6 — Connectivity spectra of the functional networks. Seed based functional

connectivity is shown for the motor network (A) and visual network (B) in different
frequency bands. Spatial maps on the left are beta band seed based correlation maps from
the empirical (experimental) MEG data. The spectrum of each network is computed by
averaging over all pair of brain regions of the network. The standard error across node
pairs is shown with shaded colour. The values are averaged across all subjects in the case
of empirical data.

5.3.6 Functional resting state networks

We generated spatial maps of the resting state networks estimated from the
simulated responses using temporal ICA. We found that 4 of the estimated spatial
maps had significant resemblance (correlation range, rr = 0.36 —0.57; least
significant p-value, P < 0.03) with the RSN maps derived using MEG data in
Brookes et at. (2011b). These networks also look similar to the networks estimated
from resting state FMRI data. Figure 5.7 shows the spatial maps for these different
networks (left lateral frontoparietal network, right lateral frontoparietal network,
frontal cingulate network, and the visual network). For these four networks, the
model shows good similarity (and similar laterality) with previous empirical MEG

and FMRI RSNs. We found all the networks in the beta frequency band.
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Figure 5.7 — Resting state networks estimated from simulated neural responses using

temporal ICA. Four different networks are shown with significant resemblance to those
estimated in Brookes et al. (2011b). They include the frontal cingulate network (Row 1),
visual network (Row 2), right lateral frontoparietal network (Row 3), and left lateral
frontoparietal network (Row 4). The FMRI and MEG are taken from Brookes et al. (2011b).
The FMRI maps (left) are thresholded at a correlation of 0.25. The empirical MEG maps
(middle) are thresholded at a correlation of 0.3 apart from the left lateral frontoparietal
network, which is thresholded at a correlation of 0.16. The model MEG networks (right)
are thresholded at a correlation of 0.3.

5.4 Discussion

In this chapter, we investigated the spatial profile of functional connectivity in
resting state MEG using data from healthy subjects and biophysical model
simulations. We used the source space activity to derive the amplitude envelope
time courses across frequency bands, and these envelopes served as the signals for
our analysis. Since the MEG source reconstruction is known to confound estimates

of functional connectivity, we projected the simulated MEG data onto sensor space
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and then re-estimated the source space activity using the same beamforming
technique that we used for empirical data. We also orthogonalized the time
courses of brain regions to remove zero-lag correlations induced by spatial

leakage.

We first estimated the full functional connectivity matrices in different
frequency bands by computing the pairwise amplitude envelope correlations
between all the brain regions. We found that the empirical MEG data exhibits
different spatial patterns of FC in different frequency bands, with the strongest
correlations in the alpha and beta frequency bands. The simulated data
reproduced the key characterises of the empirical data, showing strong bi-lateral
functional correlations in the same frequency depends. Using seed based
correlation analysis we generated spatial maps of functional connectivity for the
motor and visual networks. We found strong correlations between specific brain
regions that were highly consistent across subjects, and in agreement with
previous studies of FC in these networks (Brookes et al., 2011b; Hipp et al., 2012).
The model reproduced the spatial profile of FC for the visual network, but failed
to reproduce the bi-laterality of the motor network. Analysis of the connectivity
spectra of these networks revealed that interactions in these networks are
mediated by different frequencies within the alpha and beta frequency bands, and
the model reproduced this frequency dependency of both networks. Application
of temporal ICA revealed the existence of several RSNs whose spatial signature
significantly matched those identified in previous resting-state MEG studies
(Brookes et al., 2011b). Importantly, however, the model failed to reproduce some

of the main networks observed in previous FMRI and MEG studies.

The identification of optimal simulated responses based on frequency
specific FC matrices is a function of both the spectral and the spatial profile of FC,
i.e. the best fit will be achieved when not only the frequency specific behaviour is

matched but also when the model has similar spatial FC patterns as the empirical
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data. Therefore, at the optimal working point the correspondence between the

spatial profiles of FC is the strongest.

An important concern in the assessment of similarity between the spatial
FC characteristics of the empirical and simulated data is the artefact correlations
generated by the intrinsic properties of the MEG scanner and limitations of the
source reconstruction algorithm. We found that the null MEG data exhibits strong
functional correlations between spatially neighbouring brain regions. Since we
also performed the MEG source reconstruction on the simulated data, the
simulated data will also contain some of the same artefact correlation structure
present in the empirical data. Due to the strong local connectivity of the human
brain connectome, most of these short-range connections also exhibit some degree
of real functional connectivity and, therefore, these artefact correlations cannot be
simply subtracted from the real and simulated MEG signals. This, however, will
lead to biased estimates of spatial similarity, which are not driven by underlying
brain activity. To account for these, we compared the simulated FC characteristics
with those estimated from the null MEG data. We found that the correlations
between the FC characteristics of the simulated and empirical data were much
greater than compared to the null data. This was because the model reproduced
the long-range functional connections appearing in real MEG data that are not

existent in the null MEG data.

The lack of strong correlations between left/right motor cortex, as well as
the inability of the model to reproduce canonical RSNs identified in previous
studies could be the result of the limitations of beamforming or the DTI missing
key connections between brain areas. The beamforming technique used to
estimate source space activity has been widely used in previous studies of resting
state functional connectivity (Brookes et al., 2011b; Gross et al., 2001; Schoffelen
and Gross, 2009; Hadjipapas et al., 2004). An important limitation of beamforming

is the suppression of sources whose activity has a high degree of temporal
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coherence and failure to localize this activity (Wipf et al., 2010). In the case of
empirical data this may not be a big problem as recent studies suggest that
coherence between distant brain regions is likely to be transient, and that it must
persist for a sufficiently long time period to affect the distribution of sources
estimated by beamforming (Hadjipapas et al., 2004). However, for the simulated
data, we found that the coherence was much higher, which might result in the

failure of beamformer localization (Wipf et al., 2010).

The anatomical network plays an important role in shaping the spatial
profile of FC. We found that most of the functional connections between brain
regions are mediated by indirect structural links. The structural connectivity
matrix, however, does not fully capture the brain connectivity due to the limited
resolution of DTI, consistently missing deep brain regions and inter-hemispheric
fibers (Hagmann et al.,, 2008). Resolving crossing fibers also remains difficult,
despite recent advances designed to handle this problem (Behrens et al., 2007).
Realistic estimates of bi-directional strengths and fibre lengths can also
significantly alter the dynamics of the network, which would have considerable
effects on the observed functional connectivity patterns. Delays are also crudely
modelled in the network, and an appropriate measure of fibre lengths can further

increase our understanding of these dynamics.

Despite these limitations, the network model reproduces the key
characteristics of the spatial structure of functional connectivity. Our simulations
suggest that the time-delayed interactions between brain regions happening in the
heterogeneous structural connectivity of the brain may be at the genesis of the
spectrally specific spatially structured correlations observed in the resting-sate
MEG data. On one hand, the heterogeneity of the structural connectivity enables
the formation of multiple independent functional networks composed of specific
brain regions. On the other hand, the heterogeneity of delays enables these

emergent networks to interact at different collective frequencies. Therefore, when
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multiple networks form, filtering the signals into different frequency bands can
separate the dynamics of these networks. This would explain how the observed
frequency dependent functional networks could emerge from the intrinsic

dynamics of the brain networks.
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6 Dynamic Functional Connectivity

6.1 Introduction

A more complete understanding of resting state FC may be achieved if we relax
the assumption that patterns of co-activation are stable over time. Temporal
variability in resting state FC has been demonstrated using sliding window
techniques in FMRI (Chang and Glover, 2010; Allen et al, 2014). Recent
investigations into time varying FC using MEG have found that low frequency
amplitude envelopes (alpha, beta) of certain brain regions display periods of
heightened synchronizations followed by periods of de-synchronizations,
resulting in the formation of transient resting state networks (de Pasquale et al.,
2010; de Brookes et al., 2014). Furthermore, it has been shown that these network
exhibit temporal non-stationarity at faster time scales than previously observed

using FMRI (Liu et al., 2010; Baker et al., 2014).

Recent computational modelling work has provided some insight into the
mechanisms of frequency specific temporal synchronizations in resting state data.
These models suggest that the presence of noise in weakly coupled networks
enables the spontaneous switching between different brain networks, leading to
dynamic changes in FC (Deco et al., 2009; Deco and Jirsa, 2012). However, most of

these studies have been focused on FMRI or used stationary measures of FC.

In this work we investigate transient FC in resting state MEG by analyzing
resting state MEG data from human subjects and biophysical model simulations.
We use a sliding window power correlation method that is based on the wavelet
transform. In this method, the source space signals are first decomposed into time-
frequency representation using the wavelet transform; and then for each

frequency band we compute the power correlation within a short time window,
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resulting in a representation of the power correlation over frequency and time. We
demonstrate that temporal non-stationarity is underpinned by bistate behavior, in
which periods of low correlation (inactive state) are interspersed with periods of
heightened correlation (active state). By computing summary statistics on the
correlation distribution we characterize the extent of temporal non-stationarity in
different frequency bands. We combine these measures with a null distribution
derived from Monte Carlo simulations to assess the significance of temporal non-
stationarity. We show that significant temporal non-stationarity in interregional
FC occurs in the same brain areas and frequency bands as traditional measures of
stationary FC. We also determine the minimum timescales at which significant
transient events can be detected. Finally, we show that the results obtained using

this method are in agreement with other static measures of FC.
6.2 Methods

6.2.1 Biophysical network dynamics

We used the biophysical model to simulate the dynamical interaction between
brain regions at the optimal coupling strengths identified in the previous chapters
(k ~ 1.8). Following this, the same analysis was performed on both the simulated

and empirical data.
6.2.2 Dynamic functional connectivity

We computed the time varying functional connectivity between pairs of brain
regions to assess the temporal dynamics of functional connectivity. Following
source space reconstruction using beamforming (for empirical data), the signal
power of a brain region is estimated as a function of time and frequency using the
wavelet transform. We then compute the power amplitude correlations across

multiple frequencies within a sliding window (see Figure 6.2).
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6.2.3 Wavelet transform

The wavelet correlation is based on the continuous wavelet transform, which
decomposes a single time series into time-frequency space by successively
convolving it with scaled and translated versions of a wavelet function. The
continuous wavelet transform of a time series x of length N, sampled from an

underlying continuous waveform at equal time steps of size At, is defined as
W¥(s, 1) = Zio x (O[T — 0], (6.1)

where t is a time index and s is the wavelet scale. The wavelet function ¥ used

here is the complex Morlet wavelet
s (t) = = V4eiwoto=t?/2 (6.2)

The Morlet wavelet may be considered as a sinusoid, localised in time by a
Gaussian, and can therefore capture local oscillatory components in the time
series. Furthermore, it provides the best trade-off between spatial and frequency
resolution (Bernardino and Santos—Victor, 2005). The scale parameter s controls
the time length of the wavelet and w, governs the number of oscillations of the
sinusoid within the wavelet. Therefore, the scale is inversely proportional to
frequency for a given w,. The parameter w, controls the relative time and
frequency resolution, and we set w, at 6 cycles, which has been shown to provide

a good trade-off between time and frequency resolution (Grinsted et al., 2004).

The wavelet transform is a complex quantity whose modulus expresses the
amount of power in the signal as function of time at a given frequency.
Application of the wavelet transform over different scales provides a time-
frequency representation of the signal power envelope. The wavelet transform
was chosen over other spectral estimation approaches as it is well suited to

nonstationary data and combines spectral decomposition with power envelope
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estimation (unlike the Hilbert transform, which first requires filtering of the signal

into the desired frequency band).
6.2.4 Sliding window correlation

For a given frequency band, sliding window correlation between node power

envelopes was computed to give an estimate of time varying functional
.. _ . 1 . T T
connectivity at that frequency. Within a sliding window, t — 7’ <ts t+ 7f, the

envelope correlation between two signals is defined as

t+

=2 (PXn-PXe.n)(PY (t.N))-PY (L)
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Coy(t,f) = —; T : (63)
t+ t+
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t——— t——>

2

SNSNIN

where PX(t,f) = |[WX(¢t,f)| is the mean-magnitude of the wavelet transform of

signal x within the time window.

The size of the time window (Ty) is a function of frequency such that the
window size in seconds is given by Tr = A/f where A is a constant that
corresponds to a fixed number of oscillations at any frequency (Figure 6.1 for A =

50).

We used a frequency dependent window size, rather than a fixed duration
window, because the effective number of samples in the amplitude envelope of
the signal is inversely proportional to the period of the underlying carrier wave.
The uncertainty in the value of the correlation coefficient depends on the number
of samples used in the estimate. Using a frequency dependent window length
therefore controls for this uncertainty such that it is the same across all frequency
bands. We used a window size parameter A = 50 based on previous findings that

MEG FC is nonstationary on a time scale of about 6-10s (de Pasquale et al., 2010).
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Figure 6.1 — Window size as a function of frequency for A = 50. The time window
parameter A corresponds to the number of oscillatory cycles over which the power
correlation is computed. Since the number of cycles is fixed for any frequency, the
window size in seconds is inversely proportional to frequency.

6.2.5 Signal orthogonalization

To remove effects of zero-lag correlations we performed signal orthogonalization
separately on the data from each separate sliding window (O'Neill et al., 2015).
Since the pairwise orthogonalization can be performed in two directions (x from y
or y from x), we repeated the above procedure with the regression performed in
reverse and the two correlation scores were averaged to give a single correlation

score at each frequency.

6.2.6 Summary statistics

Application of the sliding window method to a pair of regions results in a time-
frequency representation of the signal correlation between these regions. We
computed summary statistics on the correlation scores to characterize the
functional connectivity in regions and different frequency bands, as well as to

estimate the extent of temporal nonstationarity.
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For each frequency band we computed the standard deviation of the time
varying wavelet correlation distribution as a measure of temporal variability in the
FC time course. An increase in temporal variability could be driven by increased
variance of a single continuous state, which would correspond to a unimodal
distribution. Alternatively, increased temporal variability could be underpinned
by a bimodal distribution, where one mode represents periods of low functional
connectivity (with zero mean) and the other mode represents increased correlation
during transient periods of high functional connectivity (see Figure 6.2). This
would result in an asymmetric distribution of correlation scores due to the
presence of the second mode with positive mean. The extent to which the
distribution over time of the FC is uni- or bi- modal can be summarised robustly
using skewness (note that this was found to be more robust than comparing
Gaussian mixture models fit with either one or two Gaussians). An increase in
positive skewness measure would indicate that the underlying data is not
unimodal (normally distributed), but instead is bimodal. We calculated both the
standard deviation and the skewness separately for each node pair and frequency

band by collapsing the computed power correlations over the time dimension.
6.2.7 Significance testing

The limited resolution of MEG can lead to biased estimates of time varying
functional connectivity due to the spurious functional connectivity arising from
field spread as well as problems in source reconstruction using beamforming.
Furthermore, variability in functional connectivity can also be driven by changes
in signal to noise ratio or signal power differences in different frequency bands, as
well as the high variance of underlying dynamical states. It is also necessary to
know whether the variability in the time varying connectivity is significantly

greater than which can be explained by the uncertainty in the estimated
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correlation value. To account for all this, significance testing of summary statistics

was performed against an assumed null hypothesis.

Monte Carlo simulations were used to surrogate realistic null data under
the hypothesis that the relationship between the time courses was stationary
(time-invariant). As the problem of spurious functional connectivity has been
addressed in real data using signal orthogonalization, it was not necessary to
account for this in the surrogate data. For each node pair and frequency band, we
generated surrogate power envelopes using a phase randomisation technique
(Prichard and Theiler, 1994). However, the phase randomisation generates
simulated envelopes that follow a Gaussian distribution as opposed to strongly
non-Gaussian distribution of the real power envelopes. In order to preserve this
characteristic of the real data, we first applied a Box-Cox power transformation to

the original envelopes p, and p,,

A_
p;:{(px /A, A#0 (64)

logp,, A=0’
where the parameter A determines the distribution of the data.

Phase randomisation of the transformed signal envelopes were performed
to generate multiple realisations of amplitude envelopes (simulated envelopes
pyand pj,) with no genuine correlation while persevering the spectral
characteristics (power spectra and variance) and autocorrelation of the real data.
However, this data still follows an approximately Gaussian distribution and,
therefore, these envelopes were raised to the inverse of A to ensure that the

envelopes follow the non-Gaussian distribution of the real data

—~

1
Px = Px*. (6.5)
To test whether FC between brain regions exhibit significantly greater
temporal variability than would be estimated if the underlying association

between the time courses were time-invariant, we supplemented the phase
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randomisation process with a mixing procedure to ensure that the two surrogate
signals retain the same static envelope correlation as the real data. This was

achieved by linearly mixing the two surrogate envelopes p, and p,,
px = (1 —a)px + ap,, (6.6)

where a is a mixing coefficient that was set using an iterative scheme by
minimizing the magnitude of the error between corr(p,,p,) and corr(py, py).
This method ensures that the surrogate envelopes maintain the same static

correlation as that of the real envelopes.

This procedure was used to generate 250 realisations of surrogate data,
from which the same summary measures of functional connectivity were
computed to obtain a null distribution of connectivity measures for each

frequency band.

To test the significance at each frequency, the summary measures
computed for the empirical (or simulated) data were compared against the null
distribution. This was done by computing a Z score for each summary measure,
by subtracting the mean and dividing by the standard deviation of the measure’s
null distribution. The Z scores were estimated for all subjects (and simulation) for
the different frequency bands. The subject scores were averaged across all subjects

to give a single set of values.
6.2.8 Effect of time window

The estimation of transient synchronizations using sliding window wavelet
correlation depends on the chosen time window. For a given window length,
random fluctuations in the time courses will result in non-zero correlation values,
even if the signals are independent. Since the time varying correlation is computed
over time windows of short duration, the uncertainty on the estimate will be

relatively high. The choice of window size used will therefore have a strong effect
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on the variance of the correlation values and subsequent summary statistics. The
selection of an appropriate time window depends on the trade-off between the
ability to detect short-lived transient synchronisation events and an increased
sensitivity to noise. We use the Monte Carlo simulations described above to test
the effect of the window size parameter A, by assessing the significance for

different window sizes.
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Figure 6.2 — Schematic of dynamic functional connectivity analysis. The time courses from
a pair of brain regions are extracted and their power envelopes in a given frequency band
are estimated using the wavelet transform. Within a sliding window, the correlation
between the two power envelopes is estimated. Repeating this over the length of the time
courses results in a power correlation time course. For the low frequency bands, the
correlation time course is bistate, with periods of active (high FC) and inactive (low FC)
states. This can be captured by the bimodal distribution of correlation values. At high
frequencies, the correlation time course follows a Gaussian distribution. The non-
Gaussianity of the correlation values can be captured by summary measures such as
standard deviation or skewness.

It is important to mention that the results presented in this chapter were
obtained before the ones presented in the previous (Spatial FC) chapter. It is for

this reason that we continue to use the motor network as an exemplar in this
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chapter despite previously showing that the model is unable to reproduce its
spatial profile. This reordering has been performed since both the previous
chapters focus on static aspects/measures of FC whereas this chapter centers on its
dynamics aspects. Additionally, as shown in the following sections, despite the
limitations of the model, it is still able to reproduce the key dynamic

characteristics of functional networks to a high degree.
6.3 Results

6.3.1 Transient synchronizations and bimodality

Application of sliding window correlation reveals temporally and spectrally
resolved changes in power correlation (shown for the left-right motor cortex for a
single subject in Figure 6.3A). We find that correlation exhibits greater variability

at low frequencies (10-30Hz), compared to the high frequencies (30-50Hz).

It is of interest to determine the nature of the underlying distribution of
correlation values that gives rise to this variability. One hypothesis is that there are
two underlying states where one state corresponds to periods of low FC and the
other state corresponds to periods of high FC. Under this hypothesis we would
expect a bimodal distribution, where the mean of one distribution (~0)
corresponds to periods of inactivity, and the mean of other distribution (>0)

indicates average FC strength.

Examination of the correlation distribution (Figure 6.3B) via Gaussian
mixture modelling (GMM) reveals a bimodal distribution at a frequency of 18Hz.
The individual states of this distribution are revealed by the components of GMM
fit and are shown with dashed lines. We find that the heightened FC state occurs
less frequently than the low FC state. At higher frequencies (35-50Hz), correlation
time course have a distribution that is predominantly unimodal, suggesting a

single stable underlying state. The standard deviation of the correlation time
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course captures the heightened variability in correlation in the 8- 30Hz frequency

band, showing distinct peaks at both alpha and beta frequencies (Figure 6.3C).
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Figure 6.3 — Wavelet power correlation for real MEG data. (A) Sliding window correlation
between the left-right motor cortex for a single subject showing transient period of high
FC (red patches) in the time-frequency plane. (B) Histogram of correlation values for the
whole time period at a frequency of 18Hz and 40Hz. The coloured lines show the
histograms while the black lines show the Gaussian mixture model fit. A two-component
fit is revealed at 18Hz with the individual components shown in dashed lines. A bimodal
distribution is displayed by frequencies exhibiting time varying correlations. (C) Z scores
for the standard deviation of the wavelet power correlation at different frequencies, under
the null hypothesis that the correlation is temporally stationary.

Data simulated from the network model for a representative node pair (left-

right motor cortex) shows similar characteristics as the empirical data (Figure
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6.4A), with an underlying bimodality for the same frequency bands (Figure 6.4B).
However, we find that the model spends almost equal time in the active and
inactive states. The increased variability in the low frequency bands is similarly

captured by the standard deviation of the correlation time course (Figure 6.4C).
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Figure 6.4 — Wavelet power correlation for the simulated data. (A) Correlation between a
pair of brain regions (left-right motor cortex) showing transient periods of high
correlation in the time-frequency plane. (B) Histogram of correlation values for the whole
time period at a frequency of 18Hz and 40Hz. The coloured show the actual histograms
while the black lines show the Gaussian mixture model fit. A bimodal distribution is
revealed at 18 Hz with the individual components shown in dashed lines. A bimodal
distribution is displayed by frequencies exhibiting time varying correlations. (C) Z-scores
for the standard deviation of the wavelet power correlation at different frequencies, under
the null hypothesis that the correlation is temporally stationary.
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6.3.2 Summary measures of bimodality

Increases in standard deviation could be due to a continuum of dynamic states of
varying amounts of functional connectivity, which would cause increased
spreading (and therefore increase standard deviation) of a unimodal distribution
of functional connectivity. We therefore also computed the skewness of the

correlation time course as a robust summary measure of bimodality (Figure 6.5).
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Figure 6.5 — Summary measures of bimodality for the top functionally connected brain
regions. The significance of the summary statistics was assessed by comparing the results
with the null distribution derived from Monte Carlo simulations. Left: Standard deviation
of the wavelet power correlation at different frequencies for real (A) and simulated (C)
data. Right: Skewness of the wavelet power correlation at different frequencies for real (B)
and simulated (D) data. The standard error across node pairs is shown with shaded
colour. The values are averaged across all top node pairs and also subjects in the case of
real experimental data.

We find that the bistable nature of FC in the alpha and beta frequency range
generalizes across multiple brain regions and subjects, by computing a mixed
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effects group average (over 10 subjects) of the standard deviation and the positive
skewness of the FC distributions for the top 100 node pairs (Figure 6.5A,B). The
summary statistics from the simulated data display similar characteristics,
indicating bimodality in the low frequency bands (17154 = 0.45; 175k = 0.63).
There is also a strong correspondence between the standard deviation and
skewness in the all frequency bands, suggesting that increased temporal
variability in FC arises out of a bimodal distribution of correlation values rather

than due to a broadening of the distribution.
6.3.3 Dynamical interactions in functional networks

Recent research has found that different RSNs show distinct spectral profile of
functional connectivity within the alpha and beta frequency bands. In particular, it
has been shown that the motor network involves a mix of both alpha and beta
frequencies, whereas the visual network relies more on the alpha band (Hipp et
al., 2012). To investigate whether nonstationary FC in these networks exhibit
similar frequency dependency, we computed the summary measures of
bimodality between the nodes these networks (Figure 6.6). We find that these
networks display significant bimodality (nonstationarity) in the same frequency
bands as those found in previous MEG studies using stationary measures of FC.
The simulated data reproduces the frequency dependency of nonstationary FC in

both the motor (r7p,ot0r = 0.52:0.75) and visual networks (77541 = 0.31:0.53).
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Figure 6.6 — Dynamical interactions in functional networks. The summary measures of
bimodality are shown for the motor (top) and visual (bottom) networks. The Z score of
standard deviation is shown on the left (A,C) and Z score of skewness is shown on the
right (B,D). The blue plots show the results for the empirical data whereas the grey plots
show the results for the simulated data. The standard error across node pairs is shown
with shaded colour. The values are averaged across all the nodes of the network and also
subjects in the case of empirical data.

6.3.4 Effect of time window

Figure 6.7 shows the effect of the window size parameter A on the Z score of
standard deviation for the motor and visual networks r7y,ot0r = 0.54; yisuar =
0.42). The window size that best captures an increase in standard deviation is in
the range 50 — 250 cycles. For the alpha and beta frequency bands (8-30 Hz), this

corresponds to a time window of 6-12s. This is in agreement with previous work
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by de Pasquale et al. (2010) showing that amplitude envelope correlations in the
default mode and dorsal attention networks are nonstationary on a time scale of
about 10 seconds. Below this range, it becomes increasingly difficult to
differentiate the variability resulting from the transient increases in FC from that

caused by random fluctuations in the power of both signals.
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Figure 6.7 — Effect of wavelet time window parameter A on detection of transient
functional connectivity. The effect of parameter A on the Z score of the standard deviation
is shown for the motor (top) and visual (bottom) networks. The results for the empirical
data (averaged over subjects) are shown on the left (A, C) and that for the simulated data
are shown on the right (B,D). The parameter A corresponds to the number of oscillatory
cycles at any frequency. For each network the window size that best captures an increase
in standard deviation is in the range 50 — 250 cycles. Below 50 cycles, it is not possible to
identify an increase in variability above that which is expected from random fluctuations
in the power of both signals.
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6.3.5 Static vs. dynamic measures of functional connectivity

In the previous chapters, we established that the amplitude (Hilbert) envelope
correlation could be used to estimate stationary functional connectivity across
frequency bands. Figure 6.8 compares estimates of functional connectivity based
on Hilbert envelope correlation (from chapter 4,5) with the time varying measures

of connectivity (described in this chapter), as a function of frequency.
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Figure 6.8 — Static vs. dynamic measures of functional connectivity. FC between the nodes
of the motor network shown for a single subject (A) and simulated (B) data. The green
lines show estimates of stationary functional connectivity using the Hilbert envelope
correlation. The blue lines show the Z scores of the standard deviation of the sliding
window power correlation. There is a strong correspondence between the scores
estimated using the different approaches. The sliding window also examines the transient
nature of FC not assessed by the static measure. The static method can be thought of a
special case of sliding window correlation where the window is over the whole length of
the data.
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For the temporally stationary envelope correlation, maximum functional
connectivity is observed in the alpha and beta bands, consistent with previous
findings. The standard deviation of the time varying envelope correlation shows
strong agreement with the Hilbert envelope correlations, with prominent peaks in
the alpha and beta frequency bands. However, this measure also shows that
functional connectivity in these frequencies is significantly nonstationary, due to
transient synchronizations. In addition to the standard deviation of the wavelet
correlation, the mean of the correlation distribution can be used to detect
stationary functional connectivity at shorter time scales than the one-second

envelope down sampling used in the Hilbert envelope correlations.
6.4 Discussion

We explored the dynamic behaviour of resting state functional connectivity in real
and simulated MEG data. We assessed the time varying nature of resting state FC
using sliding window envelope correlation across different frequency bands. We
characterised temporal variability in these FC time courses using the standard
deviation and skewness as summary measures of this variability. Crucially, by
comparing these measures to those computed from realistic null data with
imposed stationarity, we found significant variability in resting state FC in alpha
and beta frequency bands. We demonstrated that the observed temporal
variability arises out of a skewed distribution of correlation scores, suggesting that
resting state FC is driven by short-lived periods of high within-network

connectivity.

Our results support the hypothesis that brain regions engage with each
other in a transient way, with significant temporal variability in the same
frequency bands as have been previously shown to exhibit increased FC using
stationary measures. Interestingly these non-stationary properties were also

evident in data simulated by the biophysical model, suggesting that this behaviour
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is an inherent property of weakly coupled dynamical oscillators. These results
confirm the findings reported qualitatively elsewhere that MEG RSNs based on

signal envelope correlations are markedly non-stationary (de Pasquale et al., 2010).

Recent studies have shown qualitatively that resting state MEG functional
connectivity is temporally non-stationary (de Pasquale et al., 2010; de Pasquale et
al., 2012; Baker, et al., 2014). Here we have attempted to quantify this temporal
variability by using the standard deviation of the FC time course as a summary
measure of variability. One concern is that changes in FC may be driven by
differences in the power and/or temporal autocorrelation structure of the signals
of interest. Moreover one would expect a certain degree of variability in pairwise
FC to exist as a result of random fluctuations in the two analyzed time series.
When using sliding window correlation, this variability will scale inversely with
the length of the window used, due to the reduction in available time points with
which to compute the correlation. In order to appropriately interpret the observed
variability we performed significance testing against data with the same spectral
characteristics as the real data. In addition these surrogate data were generated as
pairs of data with the same stationary envelope correlation as that of the real data.
This enables us to assess whether the observed FC was significantly greater than
that which would be expected if the coupling was stationary about a given mean
i.e. that the variation cannot be solely explained by the uncertainty in the
estimated correlation value. This analysis revealed transient increases in
functional connectivity between brain regions in the low frequency range as

observed in previous studies.

The threshold for significant variability in functional connectivity is such
that it cannot be explained simply by an increase in the average connectivity.
However, the possibility remains that the observed variance in the correlation
time course results from a broadening of the distribution rather than from

transient synchronization events. To discriminate these scenarios we assessed the
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nature of the distribution of correlation values across different frequency bands.
As demonstrated, transient synchronisations at alpha and beta frequencies
manifest as two distinct states in the distribution, where one state corresponds to
an active state in which transient events take place, while the other state
represents an inactive state driven by noise. We found that this bimodal
distribution is lost outside of these frequency bands, both in the real and
simulated data. To provide a quantitative description of this bimodal behavior, we
computed the skewness of the correlation distribution. This revealed that this
bimodal behaviour generalizes across functionally connected brain regions,
supporting the hypotheses that resting state functional connectivity between brain

regions is driven by periods of transient synchronizations.

As with the temporally stationary measures of FC, the results from the
network model closely matched those of the real data. In a regime of high
metastability, transient events between brain regions result in the formation of
dynamical networks, which oscillate at reduced collective frequencies (alpha,
beta). Noise and competitive processes in the network cause jumps in the
synchronized states resulting in the formation of new networks, and giving rise to
observed nonstationary functional connectivity. Recent studies similarly suggest
that traditional resting state networks are time-averaged manifestations of more
meaningful transiently synchronizing networks where the components of the

network can overlap spatially (Smith et al., 2012).

Temporal nonstationarity may play a role in mediating network
interactions by allowing particular nodes to participate in multiple networks in
different frequency bands or switch between different networks based on their
degree of synchrony (de Pasquale et al., 2012). These results lead to the hypothesis
that multiple networks consisting of the same regions are active during rest.
Stimuli or other internal events may drive the brain into a single stable network

for task processing by increasing the synchrony level between certain brain
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regions. This may allow for the brain to quickly and optimally process information
by recruiting a large number of specialized processors distributed across the brain,
and to quickly adapt to new situations by re-arranging the spatio-temporal

synchronizations among the regions.

154



155



7 Network Analysis Methods

7.1 Introduction

An area gaining increasing interest is the mapping of functional brain networks
using functional neuroimaging data. This is typically referred to as effective
connectivity, and aims to estimate the causal structure between brain regions
(Friston et al., 1993a). This investigation requires three levels of information:
identifying the brain regions (nodes) of the network, the connections (edges)
between these regions, and the direction of information flow between them

(directionality) (Friston et al., 1993a).

Nodes are typically defined as spatial regions observed during some task-
based activity, or derived from brain parcellation schemes (Hagmann et al., 2008).
Other methods include analysis of activation maps (Huettel et al., 2004) or
correlation maps (Biswal et al., 1995), as well as methods based on principal or

independent component analysis (Friston et al., 1993b; Arfanakis et al., 2000).

Once the nodes of the network have been defined, the aim is to estimate the
connections between these nodes. Simple methods such as correlation can show
statistical relationships between the time courses of brain regions but fail to make
any distinction between direct or indirect connections. However, regressing the
time course of one region from another before computing the correlation (i.e.
partial correlation) can indicate the presence of indirect connections (Marallec et
al.,, 2006). This distinction between simple correlation and causal structure is

crucial if one aims to estimate the underlying structure of the network.

Another property of interest in network estimation is the direction of the
information flow. Methods that attempt to estimate this fall into three broad

categories. The first are lag-based methods, such as Granger causality (Granger,
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1969), that predict if the patterns in the time course of one region are
approximately repeated in the time course of another region after a time lag. The
second class of methods is based on conditional independence, and includes
Bayesian network methods (Ramsey et al.,, 2010). The final class of methods is
based on statistics of higher order than just the covariance, and include Patel’s

methods (Patel et al., 2006).

In a recent study (which we refer to as netsims) a number of network
estimation methods were applied to simulated FMRI resting state datasets (Smith
et al., 2011). It was found that certain methods provide better estimates of the
network structure under certain network configurations, longer datasets, or in
different confounding conditions. However, these simulations were based on an

abstract model of neural dynamics having no direct biological relevance.

In this work, we investigate the performance of many different network
estimation methods on multiple simulated resting state FMRI and MEG datasets.
Here we use a biophysical network model to simulate realistic resting state neural
activity for a range of network scenarios. For each network setup, we derive FMRI
responses from this activity using the haemodynamic model (Friston et al., 2003).
As in Smith et al. (2011) we apply different methods to the simulated FMRI data to
estimate the underlying networks. By comparing the estimated networks with the
true networks we calculate various performance scores such as the sensitivity and
robustness of the method for each network scenario. We find that some of the
simplest methods (such as correlation) provide the best results, and more
complicated methods can easily give erroneous results. We also compare our
results with those reported in Smith et al. (2011), and find that the rich neural
dynamics offered by the more biophysically based model had no significant effect
on the performance of the different methods. Applying the methods directly on
simulated MEG data we find that the biggest gain in performance is achieved by

all the lag-based methods.
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7.2 Methods: network dynamics

The network simulations were based on a combination of the DCM model and the
haemodynamic model described in chapter 3. As in chapter 3, for each network
setup, the DCM model is first used in conjunction with an underlying anatomical
network to simulate the neural activity of the individual regions. This neural
activity is then transformed into FMRI space (BOLD signal) using the Balloon—
Windkessel haemodynamic model. We used a default set of parameters in general,

except when the effect of a certain parameter was being tested.
7.2.1 Network connectivity

As in netsims, we tested several different network topologies in our simulations.
We used a 5-node network (skeleton) as default for most simulations (subnet 1 in
Figure 7.1), and formed bigger networks by connecting more of them together
(such that the network size was always a multiple of 5). The default 5-node
network is an acyclic ring (i.e. all the arrows follow a cyclic path expect one which
is reversed). The 10-node network was formed by connecting two 5-node
networks together using only one external connection going from sub-network 1
to sub-network 2. Similarly, connecting three 5-node networks together, as shown
in Figure 7.1, formed the 15-node network. This connectivity reflects the small-
world topology of real brain networks, and larger networks had similar small-

world topology.
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Figure 7.1 — Connectivity for the directed 15-node network. The network consists of 3 sub-
networks connected to each other. Each sub-network is composed on 5 nodes connected
in an acyclic ring. The corresponding connection matrix for the 15-node network is also
shown where the 3 sub-networks are also highlighted.

7.2.2 DCM connection structure

The neural signals propagate around the network as defined by the three types of
extrinsic connections in the DCM model (see Figure 3.3). The FMRI model tested
in netsims had a single connection matrix containing all the different types of
connections (Figure 7.2A). In our simulations, we used these different types of
connections in the following way (Figure 7.2B-D). The forward connections were
used with the default anatomical connectivity profile (skeleton) for all the
simulations. For the case where we test the effect of symmetric networks we
utilized the backward connections. These connections project to both the
pyramidal population and the inter-neurons of another population, reflecting the

hierarchal connectivity structure observed in human cortex. We used the lateral
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connection type when we test the effect of dense networks, which contained any
connection other than the default or symmetric network. These connections cause
additional inhibition of network activity, and we utilized these connections to test

how this would affect the estimation of network structure.
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Figure 7.2 — DCM connection structure used in the simulations. (A) The FMRI model
tested in netsims had a single connection matrix containing all the different types of
connections. (B-D) The model used in this work has three different types of extrinsic
connections. The forward connection matrix shown (for the 5 node network) is the default
profile (B). Backward and lateral connection matrices are only used in certain cases. The
backward connection matrix is used if we are testing the presence of backward
connections (C). In this case the backward connection is always the transpose of the
forward connection matrix. Anything other than forward (default) or backward is added
to the lateral connection matrix (D), such as when testing the effect of more connections.
In this case only the extra connections are added to the lateral connection matrix.

7.2.3 Neural dynamics

An external input was fed into each node. We tested two different types of input
in our simulations. As in netsims, we used a binary (active/inactive) input based a
Poisson process, which controls the likelihood of switching between the two states

(Figure 7.3A). Neural noise was added to this input (std. = 1/20 of the difference in
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height between the two states). The average durations of the states were 2.5 s
(active) and 10 s (inactive), reflecting the longer average rest periods than active
ones. We found that the bistate inputs do not produce any prominent oscillatory
activity, whereas, as shown in previous chapters, nodes driven by noise can lead
to emergent resting state oscillations in the network with characteristics similar to
the empirical MEG data. We, therefore, also tested the effect of using Gaussian
white noise as inputs. These inputs can be viewed as uncorrelated neural noise at
each node, an external stimulus feeding directly into each node, or inputs from

other brain regions.

The neural activity was simulated for a range of coupling strengths and we
identified the coupling strengths that give rise to transient RSNs. This was done
by calculating the synchronization dynamics for the particular network, which are
related to the global time varying coherence between nodes, as described in

Section 3.2.5.

Figure 7.3B shows example simulated neural activity using the DCM model
for the case of the 5-node network (time courses for only 3 nodes are shown). The
neural output of each node was taken as the membrane potential across the
pyramidal cells, since these cells project to other bran regions (nodes) whereas the
inhibitory interneurons and spiny stellate cells connect locally. For comparison,
the neural output from the bilinear model used in netsims is also shown. We
explicitly specified a neural lag of 50 ms between directly connected nodes.
Although this is more towards the upper end of the neural lags between distant
brain sources, this value was used to give the lag-based methods a better chance of

estimation while still remaining realistic about the network.
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Figure 7.3 — Networks dynamics for 3 brain regions. (A) Binary input to each node
showing periods of activity and rest. (B) Output neural activity for the three nodes
simulated using the DCM model. The simulated output from the biophysical model used
here is shown in green whereas yellow shows the output from the bilinear model used in
netsims (C) BOLD activity for the three nodes estimated using the nonlinear balloon
model. The BOLD responses for the biophysical model and bilinear model are shown for
comparison.

7.2.4 Haemodynamic responses

We used the nonlinear balloon model (Friston et al., 2003) to simulate the vascular
dynamics from the neural activity. The membrane potential of the pyramidal
population, taken as the neural output of the node, was used to produce the final
haemodynamic responses (Figure 7.3C, see Section 4.2.6). As in netsims, we set the
amplitudes of the neural time courses such that the amount of nonlinearity

matched signals observed in a 3T FMRI data, with BOLD % signal of about 4%
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relative to the mean. We find subtle differences in the haemodynamic time courses
from the two models within this limited signal that result from the greater

complexity of the more biophysical model.

The haemodynamic responses are known to vary between brain regions
and subjects, resulting in different lags between neural activity and the BOLD
responses (Handwerker et al., 2004; Chang et al.,, 2008). We therefore used a

distribution of values for the haemodynamic model parameters for each node

(Figure 7.4).
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Figure 7.4 — Haemodynamic response variation. (A) Impulse showing the timing of the
input signal to indicate the lag in the haemodynamic responses. (B) Prior distribution on
the different parameters of the balloon model. The parameters are signal decay (kappa),
auto-regulation (gamma), transit time (tau), alpha, resting oxygen extraction (E0), epsilon,
resting venous volume (efficacy). (C) Variation in haemodynamic responses for different
values of parameters sampled from the prior distribution. The average response is
overlaid in thick black line.
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We found that some of the parameters of the haemodynamic model have a
stronger effect on the shape of the haemodynamic response than others. For
example, we found that the transit time affects both the time-to-peak and
undershoot. Variations in the transit-time can change the level of blurring which
alters the performance of the different methods. We varied this parameter for each
brain node resulting in variations in the haemodynamic response function delay
(std. = 0.5s). The distribution over all parameters is shown in Figure 7.4B and the

variation in responses to an impulse input are shown in Figure 7.4C.
7.2.5 Network simulations

We performed various simulations to test the estimation methods for a range of
different network scenarios. In total, we had 30 different scenarios with the
network specifications for these shown in Table 7.1. The first 28 of these scenarios
are the same as those tested in netsims. More details of the motivation for testing a
specific parameter and its relevance in FMRI settings can be found in Smith et al.
(2011). In addition to these, we also tested the effect of white noise inputs (5im29),
and the direct application of the network analysis methods on simulated neural

time courses (MEG) (Sim30).

For each network scenario, we had 50 simulations (representing
trials/subjects) and all had the same parameter values except those that had
variation added by default, such as the external input and the haemodynamic
parameters for each node. This aspect of our simulation framework is somewhat
similar to greedy equivalence search (GES) method in Ramsey et al. (2010).
However, in that work the different realizations were used for cross-subject
network modelling, whereas we are interested in average (single subject) results
and utilize the multiple subjects to characterize the variability of the methods
performance. As shown in Table 7.1, we simulated 10-min resting state FMRI data

for each subject in most simulations, and the data were sampled with a TR of 3s
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except in simulations 19 and 20. We also added white noise to the time course of

each node (std. = 0.1-1% of mean signal level).

Table 7.1 — Specifications for all network scenarios tested.

Sim No. Session Noise  Other factors
nodes length (min)
1 5 10 1.0
2 10 10 1.0
3 15 10 1.0
4 50 10 1.0
5 5 60 1.0
6 10 60 1.0
7 5 250 1.0
8 5 10 1.0 Shared inputs
9 5 250 1.0 Shared inputs
10 5 10 1.0 Global mean confound
11 10 10 1.0 Bad ROIs (mixed signals)
12 10 10 1.0 Bad ROIs (added random signals)
13 5 10 1.0 Backward connections
14 5 10 1.0 Cyclic connections
15 5 10 0.1 Stronger connections
16 5 10 1.0 More connections
17 10 10 0.1
18 5 10 1.0 No HREF variability
19 5 10 0.1 TR reduced to 0.25
20 5 10 0.1 TR reduced to 0.25, No HRF variability
21 5 10 1.0 2-group test
22 5 10 0.1 Nonstationary connection strengths
23 5 10 0.1 Stationary connection strengths
24 5 10 0.1 Only one strong external input
25 5 5 1.0
26 5 25 1.0
27 5 25 0.1
28 5 5 0.1
29 5 10 1.0 White noise only inputs
30 5 10 0 Neural time series

As in netsims, for each method we estimated the false-positive and false-
negative rates from the distribution of networks estimated for the 50 subjects. We
averaged the results over all subjects to derive the final estimation scores. To make

the results qualitatively comparable across the range of methods, we converted the
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estimated connection strengths into Z scores by using an empirically derived null
distribution of connection strengths. We estimated the null distribution of
connection strengths by feeding null time courses into each method. These time
courses were created by testing for connections between time series from different
subjects, which have no relations between them. The raw connection strengths
were converted into Z scores by using the cumulative density function of an
analytical approximation to the estimated null distribution. Figure 7.5 shows the
schematic summarizing the characterization of methods performance from

network simulations.
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Figure 7.5 — Schematic of the network estimation pipeline. For each network setup, an
underlying anatomical structural network is used in combination with DCM model for
node dynamics. The simulated neural activity of the individual regions is converted to
BOLD signals using the haemodynamic balloon model. Different methods are applied to
the haemodynamic responses to estimate the properties of the underlying network. The
performance is characterized by comparing the true and estimated networks.
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7.3 Methods: network analysis

In this section we provide a brief description of each of methods we tested. While
we tested several variants of the main methods, including alternative choice of
parameters, we only report those variants and parameters that provided the best
results. These are the same suite of network analysis methods that were tested

with the much simpler network model in netsims.
7.3.1 Correlation

The Pearson correlation measures the linear dependence in the time domain.

Full correlation. We computed the full correlations to assess the pairwise

similarity between time courses.

Bandpass correlation. We evaluated the full correlation after band pass
filtering the FMRI data. In the first case we filtered the data into two equal
frequency bands and in the second case we divided the data into eight equal
frequency bands. We report the results for the lower half of the two frequency
bands (bandpassl/2) and the second lowest of the eight frequency bands
(bandpass2/8).

Partial correlation. We computed the correlation between two time courses

after regressing out all other time courses (from other nodes) in the data.
7.3.2 Coherence

The coherence measures the linear correlation (at fixed, but potentially non-zero,

lag) between two signals as a function of frequency.

Sliding window wavelet coherence (Coherence A). We computed the
coherence between two signals as a function of both time and frequency using the
wavelet coherence toolbox (Grinsted et al, 2004) (www.polacuk)

home/research/waveletcoherence). This is similar to the sliding window wavelet
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correlation method we used to investigate nonstationary effects in MEG data
expect that we measured the correlation within a time window. We averaged the

results over all estimated time windows.

Fixed window wavelet coherence (Coherence B). We also computed the
coherence using estimates of the cross spectral density using the functional
connectivity toolbox (Zhou et al., 2009) (groups.google.com/group/fc-toolbox). In
this case we set the time window for spectral estimation to be equal to the length

of the time course.

We estimated the average coherence (over time) for a range of different
frequencies but only report the results for average over all frequencies as they
provided the best estimates. These are referred to as Coherence A3 (sliding) and

Coherence B3 (fixed) in our results.
7.3.3 Covariance

The covariance is the simplest measure of pairwise similarity between two signals.

Regularised inverse covariance (ICOV). The elements of inverse of the
covariance matrix (also called precision matrix) can be interpreted in terms of
partial correlations and partial variances (Marrelec et al., 2006), and therefore
show the relation of nodes with their neighbours. Regularization can be further
applied to this matrix (under the assumption of sparsity) (Banerjee et al., 2006;
Friedman et al., 2007) to eliminate elements that are close to zero providing better
results. We computed the inverse covariance using Llprecision toolbox
(www.cs.ubc.ca/~schmidtm/Software/L1precision.html) for different
regularisation values and report the results where this is set to 5 (ICOV 4 = 5) and

100 (ICOV A = 100).
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7.3.4 Mutual information

Mutual information (MI) is an information-theoretic measure that quantifies the

amount of shared information between two signals (Shannon, 1948).

Mutual information (MI). We computed the mutual information to
measure linear and nonlinear dependencies using the functional connectivity

toolbox mentioned above.

Partial mutual information (Partial MI). We also computed the partial
mutual information between two time courses after regressing out all other time

courses (from other nodes) in the data.
7.3.5 Granger causality

Granger causality (Granger, 1969) is a lag-based method that predicts whether
patterns in one signal are approximately repeated in another signal after a certain
time lag, and is based on the multivariate vector autoregressive modelling
(MVAR) (Asteriou and Hall, 2011). We tested the following different variants of
the Granger causality based methods. In all methods, we tested five different
model orders (1, 2, 3, 10 and 20) but only report results for the ones that performed
the best. Except the first two, all methods were implemented using the BioSig
toolbox (biosig.sourceforge.net). Additionally, all methods were performed

pairwise except the first.

Conditional Granger causality (Granger An). In this method, one variable
is assumed to cause another, if the residual error of the first is reduced by
incorporating the second variable (Geweke, 1984; Guo et al., 2008). For this we

used the causal connectivity analysis toolbox (www.anilseth.com).

Bayesian Granger causality (Granger Bn). In this implementation, a

Bayesian information criterion is used to estimate the model order up to a
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specified maximum (www.mathworks.co.kr/matlabcentral/fileexchange/25467-

granger-causality -test).
Directed Granger causality (DC). This method computes the directed GC.

Geweke's Granger causality (GGC). This method can be restricted to
specific frequencies. We found that the highest frequencies give the best results

and only report these results for different model orders.

Partial directed coherence (PDC). This method estimates causality in the
frequency domain (Baccala and Sameshima, 2001). For this we found that all
frequencies give very similar results and only report one set for different model

orders.

Directed transfer function (DTF). This is another frequency domain
method, which also enables to identify the different propagation of different
frequencies (Kaminski et al., 1997). For this we also found that all frequencies give

very similar results and only report one set for each model order.
7.3.6 Generalized synchronization

Generalized synchronization is based on the concept of a state-space (Dauwels et
al., 2010). If two signals are related, then if temporal patterns in a one signal are
similar at certain times then this would also be true for the other signal, and this
can be quantified using different state-space indexes. Here, we computed the S-
index and the H-index (Arnhold, 1999) using the implementation available at:
www.vis.caltech.edu/~rodri/programs/synchro.m. We refer to the S-index as Gen
Synch S, and H-index as Gen Synch H in our results. We tested several different
parameter values but only report the results for the cases where the delay

parameters are set to 1 and 2.
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7.3.7 Graphical models

In a graphical causal model a graph encodes the structure and relationships
between the different signals. The relationships between the nodes are quantified
by specifying a conditional probability distribution for each node, and the joint
probability distribution. The graph structure is estimated by computing the

unconditional and conditional independencies for all nodes.

Directed graphical models (DAG) are called Bayesian networks that take
into account the direction associated with a connection and are typically based on
assumption of Gaussian distributions. The first five methods reported below fall
into this category. We used the Tetrad I\Y% toolbox
(www.phil.cmu.edu/projects/tetrad/tetrad4. html)  for the Bayesian network

methods with default parameter values.

Peter and Clark method (PC). This method searches for causal graphs
under the assumptions that there are no cycles in the graph or no hidden variables

(Meek, 1995).

Conservative PC (CPC). This method uses an adjacency search similar to

PC but in a more conservative way limiting false positives (Ramsey et al., 2006).

Greedy equivalence search (GES). This method used the Bayesian
information criterion score to add or eliminate network edges until the score
cannot be improved any further (Chickering and Boutilier, 2002; Ramsey et al.,

2010).

Fast causal inference (FCI). This method allows existence of latent

(unmeasured) variables (Zhang, 2008).

Cyclic causal discovery (CCD). This method allows the existence of cycles

in the graph (Richardson and Spirtes, 2001).
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Lingam. LINGAM (Linear, Non-Gaussian, Acyclic causal Models) is a non-
Gaussian variant of Bayesian networks. This method used higher-order statistics,
via ICA, to estimate the network connections (Shimizu et al.,, 2006). Under the
assumption that each node has an independent input of non-Gaussian
distribution, temporal ICA can be used to estimate the inputs and the ICA mixing
matrix can be utilized to estimate network connections. We used the LINGAM
package (www.cs.helsinki.fi/group/neuroinf/lingam) for testing the Lingam
method with default parameter values.

Patel’s conditional dependence. This method looks at the difference
between P(x|y) and P(y|x) to estimate connectivity and causality (Patel et al,,
2006). From the conditional dependencies, a measure of connection strength, tau
(1), and a measure of connection directionality, kappa (k), is derived. We applied
this method to continuous and binary time courses. For the binary case, data
under 10" percentile was limited to 0, data over the 90th percentile to 1, data in
between was mapped onto a range of 0-1, and different thresholds. We report the

results for the continuous data and binary data with a threshold at 0.75.

7.4 Results

7.4.1 FMRI network simulations

We first look at the results from one of the most typical network scenarios where
the network has 15 nodes and 10 minutes of FMRI data is simulated for each
subject. Figure 7.6 row1 shows the distribution of estimated network Z scores for
the network matrix elements that are true connections (True Positives - TP). For
methods that produce asymmetric network matrices (directionality) the higher
value is used. Figure 7.6 row2 shows the distribution of Z scores for the network

matrix elements that should be empty (False Positives - FP).
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Figure 7.6 row3 shows the fraction of TP estimated with higher connection
strengths than the 95th percentile of the FP distribution. As in netsims, this is a
measure of the method’s sensitivity to estimating the presence of true connections
(called c-sensitivity). We find that some of the simplest linear methods (Full
correlation, Partial correlation, and ICOV) have a high c-sensitivity of more than
85%. Information-theoretic measures (MI, PMI) and generalized synchronization
indexes (Gen Synch) have an average c-sensitivity. All of the lag-based based
(Granger, DC, GGC, PDC, DTF) perform very poorly with a c-sensitivity of less
than 20%. For coherence and Patel’s methods, the results vary depending on the
variant or control parameter. However, for these methods even the best results do
not show a high c-sensitivity (Patel’s «k, Patel’s k bin, Coherence B3). The Bayesian
network based methods show the highest c-sensitivity (about 90%) whereas its
non-Gaussian variant, Lingam, performs poorly with a c-sensitivity of less than

20%.

Figure 7.6 row4 shows the accuracy of estimating the correct directionality
of a connection (called d-accuracy). For the methods that output asymmetric
matrices, containing directionality information, the direction accuracy is estimated
by subtracting the Z score of the false connection from the Z score of true
connection. We again find that that all the lag-based methods (Granger, DC, GGC,
PDC, DTF) have only chance level (50%) d-accuracy. Gen sync S gives better
results than the H-index, with an accuracy of nearly 60%. Patel’s t provides the
best results with a d-accuracy of about 65%. However, we note that this method is
not very sensitive to the detection of connections (i.e. low c-accuracy). Bayes net
methods perform around average, whereas Lingam provides slightly better

results.

173



Z-true—positives
(Zfp in orange)
-
—
—
—<
—
—
o
—0
—
—
—-
<>—

-5+

—qol N 5 =N BN S BN OB OB OB OB BB BB BB

10

Z-false-positives
(Ztp in orange)
—
—
—
—
Qro——=
ro——
-
o—
(F_.

-5+

-10—

-
1

e
©

il Y
é‘l; AA;‘AA‘oé'V'YY I\l

100
5| -175
o o) (® 50
=5 -125
- N ™
0es
(5}
238
6]

o
IS

o
)
T

§$!Y?¢

fraction of TP > 95th%(FP)
blue line: mean across subjects
o
o
T

o
[

-
o

% directions correct

causality (Zright - Zwrong)

DClag10 | —————e ———
+
——Q—

C N C W === MO o MO MO MM~~~ 0NN ¢ » ODWLAO by
§7580852<28 PoRETRTIBRIBTSsRROFDRBZ
82883 S55 - LS LS, S8865652888¢8°F©° SR}
T 8 © © < £ o0 & Q (O] cEEec2erm® z
£88503 &85 ¢ CoReREEseasa80 20 5
BEEB8=8 %558 ©gr*8%0 222222  o&

Soocowm® = (0] S o9 0o T8

I.Et::t‘ 88(5(5(5(5 T ©

o o0 ® a o

[GRSTN

Figure 7.6 — Performance of network estimation methods in FMRI for a 15-node network.
(rowl) The distribution of Z scores for correctly identified connections. (row2) The
distribution of Z scores for falsely identified connections. The true connections increase FP
estimation resulting in non-zero mean of some distributions. In row1 the TP distribution
is shown in black, with the FP distribution shown in orange and reversed in row2. The
distributions are over all 50 subjects, and true (TP) or empty (FP) network edges. (row3)
This row is estimated from the top two rows, showing the fractional rate (sensitivity) of
true connection detection after correcting for false positives. The distributions are over all
subjects and the blue line plots the mean. (row4) This distribution of subtracted Z is over
all subjects and true connections, and the blue dots show percentage of correct directions.
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When comparing our results to those reported in Smith et al. (2011)
employing a simpler neural model (which we refer to as netsim results), we find
that the overall pattern still holds and the performance of most methods is only
slightly increased with the more biophysically based model. The c-sensitivity of all
methods is increased except for Patel’s k and Bayes nets. We find that this increase
is highest for Coherence, Gen Synch and Lingam. We also observe a similar d-
accuracy pattern as in netsim results. The d-accuracy of Granger, and DTF has
slightly decreased. PDC scores have fallen by more than 10% whereas those of
Lingham and Patels t have increased by more than 10%. The scores for Gen Synch

and Bayes Nets (CCD, CPC, FCI, PC, GES) are mostly similar to netsim results.
7.4.2 Variants of the biophysical network model

We now look at variants of the biophysical network model to see what impact
particular assumptions have on the assessment of the different network analysis
methods. We refer to the previous simulation as baseline against which we
compare these new results. The plots for all the simulations are provided in the
Appendix C - Network Analysis Methods, together with the set of simulations we
used to compare each network aspect (Table C.1). For most network scenarios we
found that the performance of the methods was very similar to netsim results, and
we only report the cases where we found particular differences to the netsim

results.

Network size and noise. We found that increasing the network size (Sim1,
Sim2, Sim3, Sim4), reducing the noise level (§im17), or adding a global additive
confound (same random signal added to all nodes with 50% amplitude) (S5im10)
did not produce any significant deviations from the baseline results. In all cases the
overall pattern is very similar to the baseline results. The c-sensitivity remains
highest for linear methods, Patel’s k, and Bayes nets (85-95%), intermediate for MI

and Gen Synch (50-70%), and poor for lag-based methods (<20%). Patel's t
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displays the best d-accuracy (60-70%) while most other methods have average or
poor performance. For the case of global mean confound, we observe that the TP
and FP distributions have shifted upwards, as expected from adding a global
confound. When compared to the netsim results, in all cases, both the c-sensitivity
and d-accuracy of the lag based methods (DC, GGC, PDC, DTF) has decreased by

3-5%, whereas those of Bayes, Lingam, Patel’s « have increased by about 3-5%.

Session length. As the session length is changed, we find that the overall
pattern is retained and generally just shifted up or down (i.e. improved or poorer).
At 60 min session length (Sim5, Simé6), the c-sensitivity of most methods is above
80% except for Lingam and lag-based methods, whereas the d-accuracy is slightly
increased. Lingam performs the best (77%) while most other methods are under
70%. At 250 min (Sim?7), the c-sensitivity of the best methods approaches 97%. The
d-accuracy of Lingam (90%), Patel's T (80%), and CCD (75%) is the highest, with
most other methods performing no better than chance. Compared to the netsim
results, we find that at long session lengths Bayes net methods and Lingam are
performing much better; approaching more than 95% c-sensitivity compared to
80% in the netsim results. The d-accuracy of Lingam and Patel’s t is also increased

by 5% compared to netsim results.

One Strong external input. We consider the case where we have only one
strong external input feeding into the network (Sim24). In this case, only one input
is propagated around the network resulting in high correlations between nodes;
making it harder to estimate causality. We find that the c-sensitivity of most linear
and Bayes nets methods falls to around 60%. The d-accuracy of Gen Synch S has
improved to more than 65% but remains similar for most other methods.
Compared to the netsim results, the c-sensitivity of lag-based methods and Gen
Synch have increased by 5%; Full correlation, ICOV, MI, and Lingam by 20%; and
that of Bayes nets by 40%. The d-accuracy of most methods has also increased by

10% compared to netsim results.
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Inaccurate ROIs. We consider the effect of mixing the FMRI time courses of
different nodes. In this case, we mix a small amount of one nodes time course to
another randomly chosen one (Sim11). We find extremely poor results, with the c-
sensitivity of all methods below 50%. Compared to the netsim results, the c-
sensitivity of all methods is increased by 20%, except for Full Correlation, ICOV,

and Bayes nets for which the gain is more than 30%.

Connection strength changes. We tested the sensitivity of different
methods at detecting changes in connection strengths, by halving the network
connection strengths for half of the subjects (Sim23). Here we again find a very
similar pattern to the baseline results. Compared to the netsim results, the c-
sensitivity of lag-based methods and Coherence has increased by 5%, whereas for
the remaining methods it has increased by 10%. The d-accuracy of Patel’s t has

increased by 5%.

Backward connections. In the case of backward connections (Sim13), the
overall pattern of results is similar to baseline but there is a 5% drop in the c-
sensitivity of all methods, and a 3-5% drop in the d-accuracy of Gen Synch and
Patel’s . Compared to netsim results, the c-sensitivity of the MI, linear and Bayes
nets methods has increased by around 15-20%, whereas for lag-based methods
and Gen Synch the increase is slightly lower at around 10%. The d-accuracy of

Patel’s 1, Bayes nets, and Lingam has increased by 5%.

Lateral Connections. We investigated the effect of having dense (lateral)
connections in the network (Sim16). We find that the c-sensitivity of all methods
has dropped by 10% compared to the baseline, whereas the d-accuracy is mostly
similar. Compared to the netsim results, there is a decrease of more than 5% in the
c-sensitivity of all methods. The d-accuracy of all methods has also slightly

decreased.
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7.4.3 MEG network simulations

We also applied the network analysis methods directly to the simulated neural
time courses without the haemodynamic estimation (i.e. simulating MEG not
FMRI). With many time points, the Gen Sync methods are computationally
intensive and were therefore excluded. When compared to the FMRI results, we
find that (Figure 7.7) the performance of all methods is significantly increased
except for linear and Bayes nets methods. For Bayes nets, the c-sensitivity has
dropped significantly to 10% (80% change) without any change in d-accuracy
(chance level). The c-sensitivity of linear methods (correlation, covariance) is only
slightly increased to 90% (up 5%). The c-sensitivity of information theoretic
measures (MI, Partial MI) is now approaching that of the best linear measures
(90%). The biggest gain is observed in all lag-based methods and Lingam, where
the d-accuracy has increased to around 95% for most methods, together with a
very high c-sensitivity of more than 75% for most methods. The d-accuracy of
Patel’s t has increased by 15% to 80%. However, this method still remains
somewhat insensitive to detecting a connection in the first place (c-sensitivity ~
30%). Patel’s k, on the other hand, is now providing high sensitivity to detecting a
connection (c-sensitivity ~ 75%), but this measure does not provide information
about directionality. We tested another Patel’s method, Patel’s t x k, in which the
values from the two measures are multiplied together. We find that this method
also offers a high d-accuracy (~80%) but its c-sensitivity remains low (~45%). The
c-sensitivity of Coherence based methods has increased to more than 75%. For
Coherence measures, we also estimated the 95th percentile (across the entire time
and frequency range) instead of the mean to see if this increases sensitivity to
nonstationarities in the data; however, we find that this does not increase the c-
sensitivity of these methods. We tested the performance of all methods both in the

case of bistate inputs and white noise inputs, and observed a very similar pattern.
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Figure 7.7 — Performance of network estimation methods in MEG for a 15-node network.
(rowl) The distribution of Z scores for correctly identified connections. (row2) The
distribution of Z scores for falsely identified connections. The true connections increase FP
estimation resulting in non-zero mean of some distributions. In row1 the TP distribution
is shown in black, with the FP distribution shown in orange and reversed in row2. The
distributions are over all 50 subjects, and true (TP) or empty (FP) network edges. (row3)
This row is estimated from the top two rows, showing the fractional rate (sensitivity) of
true connection detection after correcting for false positives. The distributions are over all
subjects and the blue line plots the mean. (row4) This distribution of subtracted Z is over
all subjects and true connections, and the blue dots show percentage of correct directions.
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7.44 Summary across all simulations

The specifications for all the simulations and network scenarios are provided in
Table 7.1 and Table C.1. Figures 7.8 and 7.9 summarize the results for all
simulations and methods, except simulation 4, 29, and 30 that was not performed

for all methods.

—— Sim1
Sim2
—— Sim3
Sim5
———Simé H
Sim7
Sim8
——— Sim9
——— Sim10
Sim11
Sim12
Sim13 H
Sim14
——— Sim15
Sim16
—— Sim17
——— Sim18
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Figure 7.8 — Summary of connection sensitivity across all simulations. The sensitivity to
correctly detecting a network connection is shown for all simulations and methods with
the mean overlaid in a thick black line.

To generate this summary figure, we took the best results from each class of
methods (for each simulation). Figure 7.8 shows the sensitivity of all methods in
correctly estimating network connections, and Figure 7.9 shows the accuracy of

estimating directionality.
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Figure 7.9 — Accuracy of estimating the directionality of network connection. The results
are shown for all simulations and methods with the mean overlaid in a thick black line.
The grey line shows chance level.

7.5 Discussion

In this work we evaluated the performance of many network estimation methods
for a range of different network scenarios. We simulated realistic FMRI data using

a biophysical model for neural activity in combination with a haemodynamic
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model for vascular dynamics. The methods that we tested range from simple
linear methods, such as correlation and covariance, to lag-based methods, such as
Granger causality, to graphical models, such as Bayesian networks. We evaluated
the methods sensitivity to detecting the presence of connections, ability to estimate
correct directionally, and robustness against various issues that commonly arise in
FMRI data analysis. Although the methods have different performance scores on
some of the different network scenarios, an overall pattern still emerges that

should be applicable to most setups typically encountered.

We find that some of the simplest linear methods (correlation, covariance)
are the most sensitive to detecting the presence of a connection (90%), but do not
provide information regarding the directionality of information flow. Bayesian
network methods (CCD, CPC, FECI, PC, GES) are also equally sensitive to
connection detection (90%), while also providing information about directionality
but with only chance-level results. Additionally, we find that these methods are
not as robust as the linear methods against different network setups. Information-
theoretic measures (MI, Partial MI) and coherence-based methods have an average
sensitivity to connection detection (50%) and do not provide any information
regarding directionality. Gen Synch methods also have an average sensitivity
(50%) as well as chance-level accuracy in estimating the correct directionality. Gen
sync S gives better results than the Gen sync H. Patel’s t performs the best for
estimating directionality (65%) but is very insensitive to detecting a connection in
the first place, and also suffers in complicated network situations. All of the lag-
based based (Granger, DC, GGC, PDC, DTF) perform very poorly with c-
sensitivity of less than 20% and often less than chance-level d-accuracy. The non-
Gaussian variant of Bayesian networks, Lingam, also performs poorly both in

detecting a connection and estimating directionality.

We compared our results to those reported in netsims testing similar

network configurations using a simple bilinear model. We found that in most
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network scenarios the performance of linear, information-theoretic, and
coherence-based methods improved slightly. Performance scores for Patel’s T and
Lingam increased by more than 5-10%. The performance of Gen Synch and Bayes
nets was found to be mostly similar with only modest changes. All of the lag-
based methods perform very poorly, with a drop of 5-10% in their performance

compared to netsim results.

When the methods are applied directly to simulated neural time courses,
the sensitivity of Bayes nets falls considerably to ~10%. Information-theoretic and
coherence methods experience more than 20% increases in their sensitivities. The
biggest gain is observed in the performance of all the lag-based methods and
Lingam, with a d-accuracy approaching 99%. The d-accuracy of Patel’s T has also
increased to 80% but this method remains somewhat insensitive to connection

detection.

In almost all of the network scenarios the performance of the lag-based
methods was just about average and slightly below that reported in the netsims.
This difference in the performance of these methods compared to netsim results is
due to the different prior mean/distribution of the haemodynamic parameters
used in this work. These parameters affect the haemodynamic responses in
different ways such as altering the maximum change, peak sharpness, smoothing
level, and delay. Particularly, the distribution on the transit time we used resulted
in a larger mean time-to-peak and undershoot amplitude in the haemodynamic
responses compared to netsims. This increases the level of blurring and delay in

the haemodynamic responses making it difficult to estimate causality.

After removing the haemodynamic variability (Sim18), the performance of
the all the lag-based methods becomes similar to that reported in netsims. A
similar effect is seen after increasing the neural lag with no haemodynamic

variability (Sim20): the c-sensitivity and d-accuracy of some of the lag based

183



methods increases slightly compared to netsim results. However, the increase is d-
accuracy is not significant. Even in longer sessions the d-accuracy of most lag-
based methods remained at chance level. We therefore conclude that these
methods give spurious directionality estimates that are not driven by lag-based
causality, but a few other issues highlighted in the Granger literature (Tiao and
Wei, 1976; Wei, 1978; Weiss, 1984; Nalatore et al., 2007; Nolte et al., 2008). These
include the temporal smoothing (causing correlated signals to be causally linked),
and the measurement noise (that can reverse the estimated directionality). On the
other hand, these methods perform very well when estimating directionality of the
information flow in MEG data. Here these methods utilize the structured
information available in the high temporal resolution MEG data, which is lost in

BOLD due to haemodynamic induced temporal blurring.

Since the linear methods perform significantly better than non-linear
methods, it is indicative that the BOLD signal has a relatively Gaussian
distribution. This is expected because the haemodynamic response removes much
of the structured information from the signal. This could be one reason why Gen
Synch and Bayes nets give mostly similar estimates of directionality compared to
netsim results. On the other hand, Lingam and Patel’s t utilize higher-order
statistics rather than structured information that aids the directionality estimation,
and hence observed difference in their scores. This is evident from long session
lengths, since there is no significant increase in the d-accuracy of Gen Synch and
Bayes nets methods, whereas Lingam and Patel's T perform much better compared
to netsim results. This could also explain why the performance of Lingam and

Patel’s T increased in MEG data, whereas that of Bayes nets dropped.

Inaccurate ROI specification and connection strength changes result in a
drop in performance of most methods compared to baseline. This emphasizes the
importance of the defining correct functional ROIs to maximize estimates of

causality. However, the performance of most methods remains significantly better
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than reported in netsim results. The sophisticated dynamics emerging from the
more biophysical model may give some of these methods a better chance in

finding complex interactions.

In the case of backward connections, all methods perform significantly
better compared to netsim results. The c-sensitivity of most methods is increased
by 10%, while the d-accuracy is increased by 5%. The reason for this increase is the
organization of connections within a single region. The forward connections in the
model influence the output population indirectly via the spiny stellate cells. On
the other hand, the backward connections project directly to the pyramidal cells
(output) of another region. Furthermore, the backward connections also project to
the inhibitory interneurons that have strong inhibitory connections with the
population (spiny stellate) receiving the external input. Due to this hierarchical
organization, the backward connections directly amplify the output from another
node while inhibiting the input received locally. Due to this the activity of other
regions get propagated across the network whereas the random input is

suppressed.

In the case of dense networks, the extra connections in the bilinear model
used in netsims were mediated by the same excitatory connection type. However,
in our model these connections were mediated by lateral connections that cause
inhibitory effects. It is, therefore, not surprising that the performance of all
methods compared to netsim results has dropped. A more proper comparison
would require that the connections are setup such that they cause similar effects in
both models. However, there is no explicit connection or population for mediating
inhibitory effects in the bilinear model. Although negative connections can result

in inhibitory effects in this model, this scenario was not tested in netsims.

In the case where the network is driven by one strong external input, the c-

sensitivity is on average 20% higher whereas the d-accuracy of the top methods is
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10% better compared to netsim results. This might again result from the connection
structure of the biophysical model. The pyramidal cells (output) of one region
project to spiny stellate cells of another region, which then connect internally to
the pyramidal cells via strong intrinsic excitatory connections. Due to this, there is
a larger amplification of the output received from another node that results in

better performance of all methods.

After having compared the results for a range of different network
configurations with the netsim results, the primary result is that even with much
more sophisticated underlying generative model, the main results reported in
netsims using a simple neural model still hold. Most network configurations that
produce major differences are likely due to the connectivity structure of the
biophysical model rather than the FMRI setup parameters. This is an interesting
result not just for network estimation methods but also for the biophysical

network modelling.

One reason for the similar scores is that the haemodynamic responses cause
significant blurring reducing a lot of structured information, and most complex
dynamics may actually be lost before the methods are even performed. This is
evident as the performance of all methods increases significantly when they are
applied directly to simulated neural activity without the haemodynamic
estimation. This would also explain why driving the network with white Gaussian

noise did not produce significant differences compared to netsim results.

Another reason is that the model parameters are set up such that they
resemble empirical responses to make them biologically plausible. As these
models are in same dynamical regime, as opposed to simulating these models
with some default parameters, they may result in similar dynamics and hence
similar results. Importantly, however, most of the network analysis methods

tested here are based on assumptions of stationary FC in the network. Other
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approaches that look at network interactions in a dynamic way, such as hidden
Markov models (HMMs) (Baum and Petrie, 1966), might perform better at finding

complex interactions resulting from the more sophisticated model.

The connectivity structure of the model has a significant effect on the
methods performance even for the same FMRI settings. We want to set up the
connections such that the results remain comparable, for e.g. by relating some
aspects of the bilinear model (in netsims) to that of the biophysical model used
here. We can try to map the network connection parameters of the biophysical
model to the bilinear model to understand which key parameters contribute to the
observed dynamics. One approach to this is to fit the biophysical model to the
output of the simple bilinear model, and see which parameters in the biophysical
model control the gross network parameters of the bilinear model. However, there
is no unique set of parameters that can be mapped (i.e. many combinations of
parameters will still produce the same BOLD response). Due of this it is generally

difficult to set-up the networks such that they remain comparable.

A related problem is the way in which the nodes are defined in both
models. Each node in the biophysical model consist of three populations but the
generic form of the differential equation that goes into each of them is the same,
and can be thought of as an extended version of the bilinear model. This means
that the biophysical model effectively has three nodes for each region, whereas in
bilinear model each region is actually a single node. The network topology,

therefore, is quite different in the two models.
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8 General Discussion

In this study we combined experimental and theoretical work to investigate the
dynamics and underlying mechanisms of spatiotemporally organized activity in
the resting state brain. We analyzed resting state MEG data from 10 healthy
participants and found that specific brain regions exhibit significant transient
power correlations (functional connectivity) in alpha and beta frequencies on slow
time scales, in agreement with previous studies of resting-state functional
connectivity in FMRI (Beckmann et al., 2005; Smith et al., 2009) and MEG (Brookes
et al,, 2011a; Brookes et al.,, 2011b; de Pasquale et al.,, 2010; Hipp et al., 2012;
Nikouline et al., 2001).

We developed a biophysical network model to explore the mechanisms
underlying resting state responses. The model included biophysical node
dynamics, empirical brain connectivity, biologically plausible transmission delays,
and realistic background noise. We found that the model gives rise to metastable
oscillatory states where the best fit with empirical data is also observed.
Frequency-specific functional connectivity analysis revealed power correlations in
alpha and beta frequency bands prominent on slow time scales (<1 Hz), as
observed in empirical data. Using sliding-window correlation we found that the
same regions exhibit significant temporal non-stationaries in functional
connectivity in the same frequency bands. We also observed the existence of
several RSN that had significant similarity with those reported in previous FMRI

and MEG studies.

We used model-based simulations to evaluate the performance of many
different network estimation methods. Our evaluation of methods on FMRI data
suggests that simple liner measures, such as correlation, can provide robust

estimates of connectivity while inferring directionality remains hard for all
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methods. When applied directly to MEG data, the performance of most methods
increased significantly. The lag-based methods perform particularly well when
estimating directionality of the information flow, as they utilize the high temporal

resolution of MEG.

The simple analysis of the empirical MEG data has provided much insight
into the functional organization of the brain. However, with these methods, it has
remained difficult to uncover the physiological mechanisms leading to the
observed responses. The employments of brain-inspired computational models
can potentially reveal the origin of these functional networks. By using a
biophysical network model, we were able to make falsifiable predictions such as
whether time delays cause frequency suppression in the network, does noise
result in transient synchronizations between regions, and whether spatial patterns
in the structural connectivity are also reflected in the simulated dynamics. By
investigating such questions we have been able to extract the dynamical scenario
where the model best explains the MEG responses. To date, no theoretical
mechanisms underlying the generation of these complex dynamics has been

suggested.

Our model offers a coherent mechanism for the generation of time-varying
frequency specific correlation patterns observed in resting state FMRI and MEG
data. The brain anatomical network together with the time delays and noise
enables a broad metastable regime (Figure 3.6), between incoherence and full
network synchrony, where subsets of brain regions (Figure 3.7, 3.8) transiently
synchronize to form dynamic networks. Due to the presence of delays, a novel
form of frequency depression occurs resulting in the emergence of low collective
frequencies in the alpha and beta bands (Figure 3.9, 4.3). The increase in
synchrony between regions, therefore, increases the power in these low collective
frequency bands (Figure 3.11), and the regions show structured power correlations

in these reduced collective frequencies (Figure 4.4, 5.6). Due to the heterogeneity
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of the structural connectivity and delays, multiple dynamic clusters oscillate at
slightly different frequencies explaining the observed range of frequencies (within
alpha and beta bands) (Figure 4.4). These results are in agreement with previous
studies suggesting such reduced collective frequencies in weakly coupled
oscillators (Niebur et al., 1991). This theoretical scenario explains how interactions
between the cortical regions can lead to the emergence of low frequency

oscillations seen in MEG.

Since the regions are only weakly coupled, they are highly metastable and
prone to natural disruption (Figure 3.10). Noise and other competitive processes in
the network disrupt these delicate synchronized states resulting in the loss of
signal power at low frequencies. As these regions form new networks, the power
at these low frequencies increases again giving rising to the observed power
fluctuations in  synchrony/correlations (Figure 3.11, 6.3, 6.4). These
synchrony/correlation fluctuations are captured by the bimodal distribution of the
correlation values, which is lost at higher frequencies (Figure 3.12, 6.3, 6.4).
Therefore, the model explains the band-limited MEG power fluctuations as

resulting from transient synchronizations in the underlying networks.

The structure of the anatomical network plays a major role in shaping the
spatial profile of functional connectivity. The brain anatomical network is
organized in a modular way with the existence of small-world networks (Figure
3.5). The brain regions in these modular networks are strongly connected to each
other, than to other regions. These regions, therefore, have a higher tendency to
synchronize with each other (Figure 3.8) resulting in functional networks
composed of specific brain regions (Figure 5.5, 5.7). The modularity of the
anatomical network enables the formation of multiple simultaneous networks that
are independent of each other (Figure 5.5, 5.7). Due to heterogeneity of couplings

and delays, these networks interact at different collective frequencies (Figure 5.3,
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5.6). This scenario would explain how multiple (alpha/beta) networks observed in

MEQG data can emerge from the intrinsic dynamics of the brain.

An important implication of our findings is the direct relation between
degree of synchrony between brain regions and the power in alpha and beta
frequency bands. Indeed, it has been observed that beta band synchronization
between the left and right hemispheres increases if the oscillations have larger
amplitudes (Nikouline et al., 2001). However, the amplitude-based measures can
be confounded by several factors, including source reconstruction and volume
conduction effects, resulting in lower estimates of in-phase synchronization. As a
more robust measure, Hillebrand et al. (2012) estimated the functional
connectivity in MEG using the phase lag index (PLI), and observed similar higher
synchronization in the alpha and beta frequency bands when there was more

power in these frequencies.

By reproducing the synchrony fluctuations (Figure 3.11, 3.12, 4.7) and
correlations (Figure 4.5) on slow timescales, the model links the same underlying
phenomena with FMRI BOLD fluctuations. A previous study using the Kuramoto
model had found that fluctuations in the synchrony degree could explain the
resting-state BOLD signal fluctuations (Cabral et al., 2011). Here, we extended this
work to show that these transient synchronizations link the MEG power

fluctuations with BOLD fluctuations.

Recent intra-cortical recordings suggest that spontaneous modulations in
firing rate and gamma power are likely correlated with spontaneous BOLD signal
fluctuations (Nir et al., 2008, Shmuel and Leopold, 2008). A previous
computational modelling study by Deco et al. (2009) found that Wilson-Cowan
units that exhibit self-sustained gamma frequency oscillations give rise to low
frequency fluctuations (< 1Hz) observed in the FMRI data. More recently, the

study by Carbal et al. (2014), employing Kuramoto oscillators set to oscillate in the
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gamma range, reproduced the alpha and beta frequency fluctuations observed in
resting state MEG data. However, in these studies, the isolated brain regions were
assumed a priori to oscillate in the gamma frequency range, which in turn affects
the collective frequencies of the emergent responses. In our model, the isolated
regions display gamma oscillations at weak couplings, and this frequency drops
when brain regions start to interact with each other. The gamma oscillations in our
model emerge naturally from the intrinsic excitatory and inhibitory population
dynamics of the individual regions. Therefore, our model further supports the

electrophysiological findings reported in previous studies.

In our work, we have found a negative correlation between power at low
and high frequencies. In the metastable regime, the power at the reduced
collective frequency increases resulting in a state with less energy demands (less
spikes per second) and a low BOLD signal. However as this synchrony is
disrupted, the power in the higher frequencies increases leading to more energy
consumption and an increase in the BOLD signal. Therefore, the BOLD signal has
a positive correlation with higher frequencies and negative correlation with alpha
and beta power, as found in previous studies (Scheeringa et al.,, 2011). These
results suggest the metastable transient synchronizations between regions not
only modulate the BOLD signal but also determine the collective frequencies of

the regions.

There are other theoretical models that can produce alpha oscillations in
brain regions. Most of these studies also emphasize the role of macroscopic
connectivity in the generation of these oscillations (Freyer et al.,, 2011; Lopes da
Silva et al., 1974; Nunez, 2000). In particular, Freyer et al. (2011) used to a two state
model with cortico-thalamic connectivity to reproduce the bistable alpha band
oscillations observed in resting state cortical recordings. In our work, we have

included these cortico-thalamic projections and gone further to show that the
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whole brain connectivity at the large scale can reproduce many other aspects of

resting state activity.

There are other studies that have developed computational models to
investigate the mechanisms of resting state brain activity (Honey et al., 2007, 2009;
Ghosh et al., 2008; Deco et al., 2009; Deco and Jirsa, 2012; Cabral et al., 2011, 2014).
With the exception of the study by Cabral et al. (2014), all these studies have
focused their investigations on FMRI. The computational models used in these
studies differ quantitatively in their complexity, dynamical regimes, and the

interpretation of the emerging activity.

Abstract neural mass models, such as the FitzHugh-Nagumo model (Ghosh
et al., 2008), Wilson-Cowan model (Deco et al., 2009), or the Kuramoto model
(Cabral et al., 2011, 2014) have been shown to reproduce some characteristics of
resting state FMRI (and MEG) data. However, the low degree of biological
relevance of these models makes it difficult to interpret and link the underlying
mechanisms with neurophysiology. The dynamics emerging from the model may
also be generated by complex hidden mechanisms that have no biological
plausibility (Ghosh et al., 2008). Moreover, due to the high degree of abstraction at
the node level only the network level interactions between regions govern
dynamics. Therefore, the contribution of the underlying cortical dynamics to the

network dynamics cannot be assessed using these models.

On the other hand, the spiking neuron model (Deco and Jirsa, 2012)
explicitly models the spiking behaviour of individual neurons. Having such
amount detail can make the simulations more realistic but this comes at a cost of
increased complexity (interpretability) and computability. Another concern is the
large parameter space, which can be tweaked sufficiently to match almost any
empirical observation. While the biophysical basis of the model can restrict this to

what remains biologically plausible, this can still remain an issue. More
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importantly, FMRI and MEG measure the combined effect of large numbers of
spikes and neurons. There is an additional temporal blurring in FMRI due to
measuring a vascular response. Since the activity of individual neurons cannot be
resolved from non-invasive functional neuroimaging data, it seems implausible

that the contribution of individual neurons can be examined using such models.

In contrast, the biophysical model we have developed in this work is based
on DCM that offers an intermediate level of detail and complexity. The
hierarchical organization and dynamics of the model are based on empirical
observations of the brain. The model consists of the main types of neural
populations in cortical regions with realistic connectivity. The dynamics of the
model capture the activity of main types of ion channels and synaptic currents.
Furthermore, the description of activity is based on the population voltage, which
makes it particularly attractive to investigate macroscopic network dynamics
using MEG. The DCM model can produce oscillatory activity in the whole MEG
spectrum by simply changing the physiologically relevant model parameters or
population kinetics, and has been used to reproduce a wide variety of empirical
neuroimaging data. Therefore, the DCM also offers a more biologically

interpretable way of investigating functional brain networks.

The main aim of this work was to investigate whether a biophysical model
can reproduce characteristics of empirical MEG resting state data. We investigated
interactions between brain regions in the presence of realistic connectivity,
couplings, delays, and noise, and find that the model is able to reproduce the
empirical characteristics in spectral, temporal, and spatial domains. Our findings
suggest that realistic biophysical models can be used to successfully uncover the

mechanisms underlying brain activity during rest and otherwise.

Different neuroimaging modalities provide information at a variety of

spatial and temporal scales, and it is often useful to combine data from multiple
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techniques in identical experimental conditions. However, a systematic approach
for combining data across multiple modalities and automatically finding patterns
of related changes remains a major challenge. Conventional techniques for data
integration often suffer due to missing brain activity, different spatiotemporal
scales as well as physiological factors. Combining bottom-up neural generative
models with top-down summary metrics offers a unique way to utilize
information from different modalities. In this work, we found that the model
reproduced MEG BLP fluctuations and FMRI BOLD fluctuations and explained
them as due to the same underlying phenomena. This highlights the importance of
generative modelling in multimodal data integration, and motivates further
analysis of the simulated BOLD data to see if the model can predict other key
characteristics. Due to the high spatial resolution of FMRI, it would be particularly
attractive to preform spatial FC analysis (e.g. using BLP correlation or ICA) to see
if the model can reproduce the same networks that it did in MEG (and which have
also been previously reported in FMRI studies (Beckmann et al., 2005; Smith et al.,
2009)). On the other hand, our model also reproduced local gamma oscillations
that have been reported in previous LFP studies (Nir et al., 2008, Shmuel and
Leopold, 2008). However, the role of distributed gamma oscillators in long-range
communications and the emergence of low frequencies still remains unclear, and
can be explored further by supplementing the model with data from LFP and

single neuron studies.

Choosing an appropriate level of model detail is a very important
consideration in computational modelling. Having too much detail can make the
model computationally intractable whereas having too little will miss result in
missing dynamics. A multimodal data analysis approach that combines data from
different spatiotemporal scales of activity (e.g. cellular to whole brain) can be used
to investigate/select the neuronal elements that produce observable behaviour in a

particular neuroimaging modality. For example, synaptic plasticity plays a key
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role in neuronal computation. Short-term plasticity (e.g. adaptation) allows
synapses to decode spike trains whereas long-term plasticity (e.g. potentiation)
underlies learning and memory, but which of these produce an observable effect
in FMRI or MEG is mostly unknown. By developing multiple realistic models that
incorporate different neuronal elements, verifying them with single cell
recordings, and comparing them with non-invasive neuroimaging data the right
set of elements can be selected. Further improvements in the model can be made
by studying the populations within individual regions and the local circuitry

between them to derive more realistic models of population/regional dynamics.

The structural connectivity plays a key role in shaping the spatiotemporal
dynamics of brain networks. The connectivity matrix we used in this work suffers
from multiple limitations, such as missing brain regions, missing fiber tracts, and
non-realistic time delays. It is highly desirable to estimate more realistic whole
brain structural connectivities by combing high-resolution structural
neuroimaging data from multiple modalities with better parcellation schemes.
Estimates of actual fiber lengths would lead to more realistic time delay estimates.
Other fiber properties that can affect signal transmission, such as fiber diameter
and myelin, could also be taken into account. The structural connectivities can
then be used in the model to see if it can better predict the spatiotemporal activity
of empirical brain networks. It would also be valuable to characterize how the
structural connectivity effects brain dynamics. For e.g. different brain parcellation
schemes would result in different cluster sizes, which would affect the dynamic

characteristics such as the level of metastability in the network.

In this work, we investigated the interactions between brain regions within
single frequency bands. However, recent studies have found that brain regions
can interact in different frequency bands (Jensen and Colgin, 2007). One particular
example of this is that the phase of a low frequency oscillation can modulate the

power of a faster oscillation. These studies highlight the need to examine
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interactions between regions in different frequency bands. Previous work has
shown that the DCM model can reproduce such phase-amplitude coupling under
realistic brain connectivity (Marreiros et al., 2008). Therefore, the model also offers

a means to investigate how such type of dynamics can emerge in brain networks.

In our dynamic FC analysis, we used a frequency dependent window size,
giving a wide time window for low frequency signals and a narrow time window
for high frequency signals. The rationale for using this was to control the
uncertainty in the value of the correlation coefficient such that it is the same across
all frequency bands (see Section 6.2.4 - Sliding window correlation for the
discussion). However, this approach is not very well suited for the analysis of
brain activity because signals from a brain area may appear in multiple frequency
ranges but in a similar time window. Further improvements in our proposed
algorithm could solve this problem by adjusting the time window by dynamically

changing the number of waves so as to match the neurophysiological patterns.

We investigated the nonstationary behaviour using summary measures
without characterizing other temporal properties of the underlying networks, such
as the lifetime of network states and transition probabilities between states. A
recent study has shown that the activity of resting state networks is shorter lived,
and that certain network transitions are more likely than others (Baker et al., 2014).
Another study suggests that networks observed in MEG are underpinned by even
faster transiently synchronizing networks (Smith et al, 2012). Further
investigations of the simulated temporal dynamics would have to be carried out to
investigate the extent to which the model is able to reproduce such temporal

dynamics.

We found that the model failed to reproduce the spatial profiles of some
networks. One reason for this could be the limitations of beamforming. We found

that there was high coherence in the simulated data, which might have resulted in
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the failure of beamformer localization (Wipf et al., 2010). This would need to be
investigated further to see if this problem can be overcome by performing source
reconstruction using other methods or altering some properties of the model.
Although FC analysis can also be performed in sensor space, it is more desirable to
do it in source space as this increases the interpretation. Importantly, our
simulation based framework, that combines realistic simulated MEG data and
MEG forward modelling, can also be used to systematically assess the conditions
under which different source estimation methods might fail, and how they affect

FC estimates in source space.

We found that certain network estimation methods perform better than
others on MEG data. Our evaluation of network estimation methods on FMRI data
also suggests that these methods perform differently in different network setups.
However, we did not extensively test the performance of the methods in different
MEG network setups, such as the effect of network size (due to a chosen
parcellation scheme), effect of session time, or the number of trials. We believe that
such evaluation would be very valuable as this would enable someone to pick the
right set of methods for given experimental setups, and associate a confidence
level with the methods estimates. This can also be used to aid Bayesian model
selection (hypothesis testing), where the most likely connectivity model generating
some observed data is selected based on error minimization (David et al., 2006).
The current approach has key limitations including a lack of a priori connectivity
information, need to evaluate a large number of models, and that multiple models
can reproduce the observed activity. However, some of these problems can be
overcome supplementing this approach with the different connectivity measures
to first estimate the most likely connectivity profiles, and associate confidence

with them, before further model selection is performed.

There is a rapidly increasing amount of clinical data of the nervous system,

with many neurological disorders (e.g. schizophrenia) characterized by changes in
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brain connectivity (Bullmore and Sporns, 2009) and neural actvity (Lynall et al.,
2010). The computational modelling approach presented here can be used to
explore how changes in biophysical parameters (e.g. connectivity changes) alter
brain activity. This can lead to new biomarkers or insights into the mechanisms
underlying disease dynamics, or the generation of new hypothesis about brain
function that may be experimentally tested and ultimately translated into the
clinic. Moreover, the computational models can also be used to predict the extent
to which the brain can adapt in these conditions, and any possible intervention

that can aid in brain reorganization.

We believe that the work performed here will serve as groundwork for
further investigations into biophysical computational models of the brain and the

analysis of brain activity.
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Appendix A

AAL Brain Parcellation Template

Table A.1 - List of brain regions in the AAL brain parcellation template.

Brain Region Left Right
Precentral gyrus 1 90
Superior frontal gyrus, Dorsolateral part 2 89
Superior frontal gyrus, Orbital part 3 88
Middle frontal gyrus 4 87
Frontal Middle Orbital 5 86
Inferior frontal gyrus, Opercular part 6 85
Inferior frontal gyrus, Triangular part 7 84
Inferior frontal gyrus, Orbital part 8 83
Rolandic Operculum 9 82
Supplementary Motor Area 10 81
Olfactory cortex 11 80
Superior frontal gyrus, Medial part 12 79
Middle frontal gyrus, Orbital part 13 78
Gyrus rectus 14 77
Insula 15 76
Anterior cingulate gyrus 16 75
Median cingulate gyrus 17 74
Posterior cingulate gyrus 18 73
Hippocampus 19 72
ParaHippocampal gyrus 20 71
Amygadala 21 70
Calcarine fissure 22 69
Ceneus 23 68
Lingual gyrus 24 67
Superior occipital gyrus 25 66
Middle occipital gyrus 26 65
Inferior occipital gyrus 27 64
Fusiform gyrus 28 63
Postcentral gyrus 29 62
Superior parietal gyrus 30 61
Inferior parietal but supramarginal and angular gyri 31 60
Supramarginal gyrus 32 59
Angular gyrus 33 58
Precuneus 34 57
Paracentral Lobule 35 56
Caudate nucleus 36 55
Putamen 37 54
Pallidum 38 53
Thalamus 39 52
Heschl gyrus 40 51
Superior temporal gyrus 41 50
Temporal pole: superior temporal gyrus 42 49
Middle temporal gyrus 43 48
Temporal pole: middle temporal gyrus 44 47
Inferior temporal gyrus 45 46
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Appendix B
DTI Anatomical Connectivity

Data acquisition. The DTI data®? were acquired from 21 healthy, normal
participants (11 males and 10 females, age: 22 — 45 years). All scans were
performed on a Philips Achieva 1.5 Tesla Magnet. Diffusion MRI data were
acquired using a single-shot echo planar imaging-based sequence covering the
whole brain (repetition time, TR = 9390 ms; echo time, TE = 65 ms). DTI images
utilized 32 optimal nonlinear diffusion weighting directions (b = 1200 s/mm?)
and 2 non-diffusion weighted volumes, giving a reconstructed voxel size of 2mm x
2mm x 2mm. We also acquired T1 weighted structural images with a three-
dimensional FLASH sequence (TR = 12 ms,TE = 5.6 ms, flip angle = 19°), with

elliptical sampling of k-space, giving a voxel size of 1x1xImm in 5.05 minutes.

Brain parcellation. We used the automated anatomical labelling (AAL)
template (Tzourio-Mazoyer et al., 2002) to parcellate the diffusion MRI data into 90
cortical and subcortical regions, where each region represents a node of the brain
network. For each participant, we conducted the parcellation in the diffusion MRI

native space.

We used the FLIRT tool (FMRIB, Oxford) (Jenkinson et al., 2002) to linearly
co-register the b0 image in diffusion MRI space to the T1 weighted structural
image. The transformed T1 -weighted image was then mapped to the T'1 template
of ICBM152 in MNI space (Collins et al., 1994). The resulting transformation was

inversed and further applied to warp the AAL mask from MNI space to the

2 The data acquisition and analysis of regional connectivity was performed by Prof. Morten
Kringelbach of the Department of Psychiatry, University of Oxford, UK.
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diffusion MRI native space, where interpolation using nearest-neighbour method

ensured that the discrete labelling values were preserved.

Regional connectivity. The diffusion-weighted images from all subjects
were co-registered on the same reference volume using affine transforms. The data
were pre-processed to correct for head motions and eddy current induced image
distortions. We used the FDT toolbox in FSL (http://www.fmrib.ox.ac.ulk/fsl/,
FMRIB, Oxford) to carry out the various stages of processing. Following this, we
estimated the local probability distribution of fibre direction at each voxel
(Behrens et al.,, 2003). We then used the probtrackx algorithm allowing for
automatic estimation of two fibre directions within each voxel, which can
significantly improve the tracking sensitivity of non-dominant fiber populations in

the human brain (Behrens et al., 2007).

The links between nodes were weighted in proportion to the number of
white matter tracts detected between brain areas. The anatomical connectome at
the voxel level was estimated by applying a probabilistic tractography algorithm
using a sampling of 5000 fibers per voxel. The connectivity probability from voxel
i to j was calculated by the total number of fibres passing through voxel j divided
by the total number of fibers sampled from voxel i. At the region level, the
connectivity was calculated based on the total number of voxels in AAL defined
seed regions (i.e. for a region consisting of n voxels, 5000 * n fibers were sampled).
Using this scheme the connectivity probability between all the 90 AAL defined
brain regions was estimated in an all-all way. However, these estimates of regional
connectivity depend on the chosen seed locations and are therefore bi-directional.
We performed the procedure in both directions (from region j to i, and vice-versa),
and the unidirectional connectivity probability between regions i and j was
calculated by averaging these two probabilities. Regional connectivity analysis

was performed using FSL.
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Network Parameters. A weighted network was derived by associating
connection strength with each edge, which was based on the average number of
white matter tracts connecting the pair of brain regions. This resulted in a
symmetric 90-by-90 matrix of coupling strengths, C, for each subject. Coupling
matrices were averaged across all subjects resulting in a single group matrix,
representing the anatomical organization of the brain. The distance between the 90
brain regions were taken as the Euclidean distance separating the different pairs of
brain regions. The distances between brain regions were used to calculate the
corresponding time delays between brain regions, arising due to finite action
potential propagation velocities. The pair-wise delays between regions i and j was
calculated as the physical distance separating these regions (L;;) divided by a
signal propagation velocity V homogenous for all connections (7;; = L;;/V),

giving a 90-by-90 delay matrix, D.
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Appendix C
Network Analysis Methods

Table C.1 - List of the network aspects tested together with the simulation number used
for comparisons with the baseline and the values of parameters used.

Aspect Simulation No. Parameter Values tested
No of nodes 1,2,3,4 5,10, 15, 50

Noise level 2,17 1.0,0.1

Session length 1,5,7,25,26,27,28 10, 60, 250, 5, 2.5 (min)
Global confound 1,10 0, 50 (%)

Input 1,8,9 Shared inputs

Input 15,24 One Strong input

Input 2,29 White noise only inputs
Inaccurate ROIs 1,11, 12 Mixed signals

Low TR 1,19, 20 3,0.25 (s)

HREF variability 1,18, 20 05,0

Connections 1,21 Connection strength changes
Connections 1,22,23 Nonstationary strengths
Network topology 1,13 Backwards connections
Network topology 1,14 Cyclic connections
Network topology 1,15 Stronger connections
Network topology 1,16 More connections
Neural activity 1,30 Neural time series
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3.00s, noise=1.0%, HRFstd=0.5s, testrun 2: 2 subnets)

Simulation 2 (10 nodes, 10 minute sessions, TR
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3.00s, noise=1.0%, HRFstd=0.5s, testrun 3: 3 subnets)

Simulation 3 (15 nodes, 10 minute sessions, TR
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3.00s, noise=1.0%, HRFstd=0.5s, testrun 4: 10 subnets)

Simulation 4 (50 nodes, 10 minute sessions, TR
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Simulation 5 (5 nodes, 60 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, testrun 5: more timepoints)
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Simulation 6 (10 nodes, 60 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, testrun 6: more timepoints with 2 subnets)
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Simulation 7 (5 nodes, 250 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, testrun 7: best directionality info)
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3.00s, noise=1.0%, HRFstd=0.5s, shared inputs)

(5 nodes, 10 minute sessions, TR

Simulation 8
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Simulation 9 (5 nodes, 250 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, shared inputs and more timepoints)
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Simulation 10 (5 nodes, 10 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, global mean confound)
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(10 nodes, 10 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, bad ROls (timeseries mixed with each other))

Simulation 11
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Simulation 12 (10 nodes, 10 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, bad ROls (new random timeseries mixed in))
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Simulation 13 (5 nodes, 10 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, backwards connections)
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Simulation 14 (5 nodes, 10 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, cyclic connections)
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Simulation 15 (5 nodes, 10 minute sessions, TR=3.00s, noise=0.1%, HRFstd=0.5s, stronger connections)
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3.00s, noise=1.0%, HRFstd=0.5s, more connections via lateral connections)

(5 nodes, 10 minute sessions, TR

Simulation 16
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Simulation 17 (10 nodes, 10 minute sessions, TR=3.00s, noise=0.1%, HRFstd=0.5s, low BOLD noise)
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Simulation 18 (5 nodes, 10 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.0s, zero HRF Covariance)
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0.1%, HRFstd=0.5s, neural lag=100ms)

Simulation 19 (5 nodes, 10 minute sessions, TR=0.25s, noise
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0.1%, HRFstd=0.0s, neural lag=100ms)

Simulation 20 (5 nodes, 10 minute sessions, TR=0.25s, noise
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(5 nodes, 10 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, 2-group test)

Simulation 21
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0.5s, nonstationary connection strengths)

3.00s, noise=0.1%, HRFstd

Simulation 22 (5 nodes, 10 minute sessions, TR:
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Simulation 23 (5 nodes, 10 minute sessions, TR=3.00s, noise=0.1%, HRFstd=0.5s, stationary connection strengths)
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Simulation 24 (5 nodes, 10 minute sessions, TR=3.00s, noise=0.1%, HRFstd=0.5s, only one strong external input)
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Simulation 25 (5 nodes, 5 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, Nsecs:150 with low BOLD noise)
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Simulation 26 (5 nodes, 2.5 minute sessions, TR=3.00s, noise=1.0%, HRFstd=0.5s, Nsecs:150)
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Simulation 27 (5 nodes, 2.5 minute sessions, TR=3.00s, noise=0.1%, HRFstd=0.5s, Nsecs:300 with low BOLD noise)
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Simulation 28 (5 nodes, 5 minute sessions, TR=3.00s, noise=0.1%, HRFstd=0.5s, Nsecs:150 with low BOLD noise)
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Simulation 29
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Abbreviations

AAL
AMPA
ANN
BLP
BOLD
CCD
CoCoMac
CPC
CPSD
DAN
DC
DCM
DMN
DSI
DTF
DTI
ECoG
EEG
FC
FCI
FDR
FMRI
FP
GABA
GES
GGC
GMM
Hb
HMM
HRF

Automated Anatomical Labelling
a-amino-3-hydroxy-5-methyl-4-isoazoleproprionic acid
Artificial Neural Network

Band-Limited Power
Blood-Oxygen-Level Dependent

Cyclic Causal Discovery

Collation of Connectivity on the Macaque brain
Conservative PC

Cross Power Spectral Density

Dorsal Attention Network

Directed Granger

Dynamic Causal Model

Default Mode Network

Diffusion Spectrum imaging

Directed Transfer Function

Diffusion Tensor Imaging
Electrocorticography
Electroencephalography

Functional Connectivity

Fast Causal Inference

False Discovery Rate

Functional Magnetic Resonance Imaging
False Positives

gamma-Aminobutyric acid

Greedy Equivalence Search

Geweke's Granger Causality

Gaussian Mixture Model

Haemoglobin

Hidden Markov Model

Haemodynamic Response Function
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IC
ICA
ICOV

IF
LCMV
LFP
LiNGAM
MEG
MFM
MI
MNI
MRI
MVAR
NMDA
NMM
PC

PC
PCA
PDC
PET
PMI
ROI
RSN
SC
SPM
std

TP
WCU

Independent Component
Independent Component Analysis

Regularised inverse covariance

Integrate-and-Fire

Linearly Constrained Minimum Variance
Local Filed Potential

Linear, Non-Gaussian, Acyclic causal Model
Magnetoencephalography

Mean Field Model

Mutual Information

Montreal Neurological Institute
Magnetic Resonance Imaging
Multivariate Vector Autoregressive Model
N-methyl-D-aspartate acid

Neural Mass Model

Principal Component

Peter and Clark method

Principal Component Analysis

Partial Directed Coherence

Positron Emission Tomography

Partial Mutual Information

Regions of Interest

Resting State Network

Structural Connectivity

Statistical Parametric Mapping

Standard Deviation

True Positives

Wilson-Cowan Unit
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