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Abstract

Alzheimer’s disease (AD) is developing into the single greatest healthcare
challenge in the coming decades. The development of early and effec-
tive treatments that can prevent the pathological damage responsible for
AD-related dementia is of utmost priority for healthcare authorities. The
role of the APOE-e4 genotype, which has been shown to increase an in-
dividual’s risk of developing AD, is of central interest to this goal. Un-
derstanding the mechanism by which possession of this gene modulates
brain function, leading to a predisposition towards AD is an active area of
research. Functional connectivity (FC) is an excellent candidate for link-
ing APOE-related differences in brain function to sites of AD pathology.
Magnetoencephalography (MEG) is a neuroimaging tool that can provide
a unique insight into the electrophysiology underpinning resting-state net-
works (RSNs) - whose dysfunction is postulated to lead to a predisposition
to AD.

This thesis presents a range of methods for measuring functional con-
nectivity in MEG data. We first develop a set of novel adaptations for
preprocessing MEG data and performing source reconstruction using a
beamformer (chapter . We then develop a range of analyses for mea-
suring FC through correlations in the slow envelope oscillations of band-
limited source-space MEG data (chapter . We investigate the optimum
time scales for detecting FC. We then develop methods for extracting sin-
gle networks (using seed-based correlation) and multiple networks (using
ICA). We proceed to develop a group-statistical framework for detecting
spatial differences in RSNs and present a preliminary finding for APOE-
genotype-dependent differences in RSNs (chapter . We also develop a
statistical framework for quantifying task-locked temporal differences in
functional networks during task-positive experiments (chapter @ Finally,
we demonstrate a data-driven parcellation and network analysis pipeline
that includes a novel correction for signal leakage between parcels. We use
this framework to show evidence of stationary cross-frequency FC (chapter

9.
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Extended Abstract

Chapter Connecting Alzheimer’s disease, APOE-¢4 and
resting-state networks: the role that MEG can play

We present the case for prioritising research into Alzheimer’s disease (AD),
highlighting that within the next few decades, AD threatens to overwhelm
healthcare systems globally. We introduce the gene, APOE-€4, which is
a proven risk factor for AD. We compare the neuroimaging modalities
capable of investigating the effect that APOE-e4 has on brain function.
Functional connectivity (FC) is introduced as a particularly promising
research avenue for linking APOE-e4, abnormal brain function in the
resting-state networks of healthy individuals, and AD-related patholog-
ical damage in AD patients. Finally, we outline the novel insights that

magnetoencephalography (MEG) can provide to this research area.
Chapter 2t An introduction to MEG

Here, we expand on what the signals MEG systems measure are, how MEG
does this, and how we can analyse the data. We start by considering the
neuronal mechanisms by which a measurable MEG signal is generated.
We then provide a brief introduction into the instrumentation needed
to measure these signals. We present the main approaches to analysing
MEG, including the MEG forward and inverse problems. We compare the
most popular MEG forward models currently available and then proceed
to introduce methods for performing MEG source reconstruction. Here,
we focus on the source reconstruction technique of beamforming as all
of our functional connectivity analyses utilise beamformer-reconstructed
MEG data. Finally, we contrast two major types of MEG system: the
Elekta Neuromag and the CTF 275-channel system. Data from both of

these systems are used throughout this thesis.
Chapter (3t Preprocessing for MEG analyses

In this chapter, we outline the MEG preprocessing framework that en-
ables us to perform the functional connectivity analyses used throughout
this thesis. We adopt a MEG preprocessing pipeline with three major
novel contributions. The first is a procedure for applying MazFilter™
to Elekta Neuromag data that is robust to corruption from specific chan-

nel artefacts. The second is an implementation of independent component



analysis (ICA) for de-noising multi-sensor-type MEG data in sensor-space.
The third is a set of modifications to the LCMV beamformer that enables

source reconstruction of multi-sensor-type and MaxFiltered MEG data.
Chapter [4; Imaging functionally-connected networks in MEG

We present three sets of functional connectivity analyses for resting-state
MEG. FC is defined as correlations in the slow co-variation oscillations
of band-limited carrier time series of source-space neural activity. We
initially investigate the optimum carrier and co-variation frequency win-
dow for measuring FC in the presence of signal leakage. We proceed to
develop a seed-based correlation analysis for imaging single RSNs. We
contrast several approaches for accounting for spurious FC introduced by
signal leakage. We demonstrate our seed-based analysis by imaging the
sensorimotor network. Finally, we present a framework for using ICA to
decompose group-concatenated MEG envelope time courses into multiple
RSNs. We demonstrate that this analysis works on MEG data acquired
using a CTF system and using an FElekta Neuromag system (which rep-

resents the first successful extraction of RSNs from Flekta data).

Chapter 5} Investigating group differences in resting-state
networks with MEG

In this chapter, we show, both theoretically and empirically, that beam-
former weights normalisation is a major confound for multi-session statis-
tics in MEG and must be accounted for accordingly. We go on to present
a novel framework, based on dual regression, for evaluating differences
in functional networks across different sub-groups. We demonstrate that
MEG-adapted dual regression (MADR) can utilise any group average spa-
tial basis set and determine sub-group differences relative to that average.
We use MADR to show that carriers of the APOE-e4 gene have signifi-
cantly lower variance of oscillatory power associated with left and right
frontoparietal networks, when compared with normal APOE-e3 homozy-

gotes.



Chapter [6; Analysis of functional networks in task-positive

paradigms

In this chapter, we demonstrate that our functional connectivity analy-
sis, based on performing temporal ICA on the slow-moving envelopes of
band-limited neural activity, can be used to extract functionally-connected
networks in task-positive MEG data. We present a post hoc analysis of
the independent components using a mixed-effects General Linear Model
(GLM). We show that our combined ICA/GLM analysis can provide ad-
vantages in task-positive MEG analysis which are unavailable to either
technique when used in isolation. We apply our analysis to a 2-back work-
ing memory experiment and show that it matches previous features asso-
ciated with working memory function, outperforms a standard, voxel-wise

GLM analysis and provides novel insights into working memory function
in MEG.

Chapter [7; Parcellation and network analyses for MEG

In this chapter, we present a framework for estimating a data-driven par-
cellation for MEG using spatial ICA, and for performing a subsequent
partial correlation network analysis to characterise the network structure
between parcels. In particular, we focus on developing a novel method for
removing the signal leakage contribution between a set of parcels that is
compatible with multi-parcel network modelling methods such as partial
correlation. We validate our analysis by estimating the standard and par-
tial cross-frequency correlation matrices for the slow envelope oscillations
of the band-limited neural activity of each parcel. We present preliminary
evidence for the existence of stationary direct FC between the slow en-
velope oscillations of different frequency bands, both within and between

parcels.
Chapter [8: Conclusions and future work

We conclude this thesis by considering the future directions in which the
research presented here can be taken. We identify methods that can cap-
ture the dynamic nature of functional connectivity and methods that can
combine information from multiple neuroimaging modalities as the most
important areas of future research. We end by summarising this thesis as
a set of methods that have been essential in linking the well-established
field of fMRI functional connectivity to the much newer field of MEG

functional connectivity.
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'T'he eigenspectrum of a single session of 5 minutes of resting-state data

acquired with an Elekta Neuromag and preprocessed with MazFilter'™

'I'he red cross-hair corresponds to the rank of the data estimated by

the Matlab pseudo-inverse. The black cross-hair corresponds to the

rank imposed by us in our modified pseudo-inverse. To demonstrate

the effect of using an overestimated rank versus a correct estimate

we performed a seed-based correlation analysis between the orthogo-

nalised, low-pass filtered envelopes at each voxel. The seed was placed

in the left motor cortex (MNI coordinates [42, —24, 60jmm). B. The re-

sulting correlation map using the overestimated rank of 68. No strong

correlations have been found between the lett motor cortex and the

contralateral motor areas. C. The resulting correlation map using the

user-specified rank of 60. We have found the strongest correlations

with the left motor cortex to be in the medial and right motor cortices.| 57

[3.6

Demonstration ot the importance of normalising sensor types when

beamforming MaxFiltered data. A. The eigenspectrum and corre-

sponding eigenvectors for the un-normalised Mazfiltered data. The

64 largest principle components (PCs) contain minimal information

from the magnetometers. B. The eigenspectrum and corresponding

eigenvectors for the noise-normalised data (using minimum-eigenvalue

sensor normalisation). Now the 64 largest PCs that will be used in

the beamformer contain information from both magnetometers and

gradiometers.) . . . . . . . ... ..

B7

A schematic of our preprocessing pipeline which includes far-field inter-

terence rejection, physiological artefact removal using [CA, and source

AT

A schematic that shows the relationship between the raw signal at

a voxel obtained from beamformed MEG data (blue), its oscillatory

amplitude envelope (red) and the window-averaged envelope (green)

using a window length A.| . . . . ... ... ... ... ... ...




12

Results of the analysis to identity the optimum down-sampling window

length, A. The analysis has been performed on the resting-state data

(A,D), the 2-back task and rest blocks (B,E) and the 2-back task blocks

only (C,F). (A,B,C). Shown in red are the normalised histograms of

the Fisher transformed pair-wise correlation values for 10 voxel pairs

(known to be functionally-connected, listed in Table 4.1)) across 12

subjects. For each set of beamformer weights, 50 unconnected time

courses were simulated, giving an equivalent unconnected population

whose histogram is shown in cyan. (D,E.I'). The probability of true

positive detection of functional connectivity (estimated at the false

positive probability of 5%) for a range of frequency bands and down-

sampling windows. Figure and caption taken from |88, Fig. 3| . . . .

65

A3

A single session demonstration of the anisotropic spatial profile of cor-

relations due to signal leakage. 10 minutes of eyes-closed resting-state

data was beamformed in the -band (13-30Hz). A. The correlation

between the beamformer weights at a seed in the posterior cingulate

cortex (PCC) (MNI: [0, —54, 28/mm) and every other voxel. B. The

correlations between the low-pass filtered (<0.5Hz) envelopes using

the same seed without accounting for correlations due to signal leak-

age. Note that the weights correlation and envelope correlation maps

are extremely similar. C. The same correlation map except accounting

for signal leakage by orthogonalising each seed/target voxel pair before

estimating the envelope. Note that the FC between the PCC and the

anterior cingulate cortex (ACC) has been removed, indicating that it

was predominantly due to signal leakage.| . . . . . .. .. .. ...

!

A schematic of the seed-based correlation analysis used in this thesis.

Note that for each seed-target voxel pair, we have to perform two or-

thogonalisations and estimate two subsequent correlations in order to

account for the asymmetry of pairwise FC measured between orthog-

onalised BLP time courses. WRT: with respect to.| . . . . . . . . . ..

5

Group average correlation maps from a seed-based correlation anal-

ysis performed on 9 subjects. For each subject the correlation be-

tween the low-pass filtered (<0.5Hz) envelopes of the 5-band neural

activity at each voxel and a seed voxel in the left motor cortex (MNI:

[—42, —24,60] mm) was estimated. A. The resulting correlation map

without any correction for signal leakage. B. The resulting correlation

map using orthogonalisation to remove any correlations due to zero-lag

signal leakage.| . . . . . . ..o o o oo
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6

Correlation maps from a seed-based correlation analysis of a single sub-

ject of eyes-open resting-state data (6 minutes acquired on an Elekta

Neuromag). Two seeds were placed in the left motor cortex and the

correlations between the low-pass filtered (<0.5Hz) envelopes of the or-

thogonalised S-band oscillations were estimated between each seed and

the rest of the brain. A. The correlation map when using the optimum

seed for that location (MNI: [—42 —24 60jmm). B. The correlation

map when a sub-optimal seed is used (MNI: [—42, —25 49|mm taken

from [25]).] . . . . ..

74

7

A schematic of the decomposition of temporally concatenated envelope

time courses using temporal group ICA.| . . . .. .. .. .. .. ...

84

3

A schematic of the stages involved in performing a group [CA analysis

87

9

Replication of the MEG-derived RSNs from [30]. We performed two

ICAs: on the a-band and [-band envelopes (down-sampled with 1s

non-overlapping windows. For each ICA, we estimated 25 temporally

independent components and plotted their normalised covariance maps

(right). Alongside we have displayed the equivalent fMRI maps (left)

taken from [122. We found 7 RSNs: A. the default mode network;

B. the frontoparietal networks; C. the sensorimotor network; D. the

superior parietal lobule; E. the visual network; F'. the anterior cingulate

network; (5. the cerebellum. A and F were taken from the a-band ICA.

‘T'he remaining networks came from the g-band ICA.| . . .. . . . ..

94

.10

'I'he results of the three [CAs on the data with and without 555 pre-

processing. 11 RSNs have been identified in both the S55’d and non-

oo5'd data. In the left column we show the tMRI Z-statistical maps

(thresholded at Z = 3) of RSNs taken from [122|. In the middle col-

umn, we show the equivalent RSN correlation maps found in the I[CAs

performed on the non-555’d data. In the right column, we show the

equivalent RSN correlation maps extracted from the 555°d data. In

the a-band we found a component corresponding to the default mode

network (DMN). In the -band, we found components corresponding

to the right frontoparietal network (FPN), left frontoparietal network,

sensorimotor network (SMN), somatosensory network (SSN), superior

parietal lobule (SPL), anterior cingulate cortex (ACC), cerebellum; vi-

sual network. In the y-band, we found components corresponding to

values are between at 0.3 and 0.5 except: *correlation values are be-

tween 0.5 and 0.7; **correlation values are between 0.25 and 0.5, . . .

xii
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[4.11 A demonstration of the importance of beamformer weights normali-

satton and de-meaning of the weights-normalised envelopes prior to

temporal concatenation for group ICA. Three ICAs were performed

on the concatenation of 2s windowed-averaged envelopes of (5-band

data from 8 sessions of eyes-closed rest and 8 sessions of visual active-

state. For each ICA, we selected the covariance maps of the com-

ponents corresponding to the sensorimotor network and the left and

right frontoparietal networks. A. Temporal concatenation performed

with weights normalisation and de-meaning. B. Without weights nor-

malhsation. C. Without de-meaning|. . . . . . . . .. .. .. ... ..
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5.1

A simulation showing one example of how weights normalisation can

reverse the apparent direction of an effect. In this simulation, the ef-

fect we measure 1s the standard dewviation of dipole A, o4, between

two sessions (I & 2) where 041 > 042. A. The schematic of our

2-dimensional simulation, consisting of 3 dipoles and 2 MKG sensors.

The dipole time courses are uncorrelated and normally distributed. B.

The lead-field vectors for our three dipoles (solid black, red and green

arrows) and the beamformer weights vectors for dipole A from session

1 and session 2 (dashed cyan and magenta arrows). C. The standard

deviations of the three dipoles in sessions I and 2. D. T'he ground truth

and beamformer estimated differences (without and with weights nor-

malisation) between the standard deviation of dipole A in sessions 1

and 21 . . .

125

B2

Axial slices through the visual cortex showing results of a voxel-wise

paired t-test performed on the mean and variance of the envelope

of the alpha (8-13Hz) oscillations of the eyes-closed and active-state

sessions before and atter applying weights-normalisation. For each

map, t-statistics were thresholded at 4, with positive values shown in

red/yellow and negative values shown in blue. Without weights nor-

malisation, we correctly measured a significant increase in the mean

and variance of alpha power in the eyes-closed condition compared

with the aclive-state condition. With weights normalisation, we de-

tected a decrease in the mean and variance of alpha power in the eyes-

closed condition compared with the active-state condition, demonstrat-

ing that the weights normalisation confound can actually reverse the

underlying eftect direction. FSL’'s RANDOMISE was used to per-

form threshold-free cluster enhanced (TFCE) permutation testing to

account for multiple comparisons. All t-statistics shown are members

of significant (pPeorrected < 0.05) clusters.| . . . . . . .. .. .. ... ..

xiii
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5.3

A schematic of the MEG-adapted dual regression (MADR) analysis.

We provide the MADR analysis with a spatial basis set as an input.

Stage 1 of MADR consists of a spatial multiple regression of the basis

set from the group concatenated, weights-normalsed envelopes to give

group-level component time courses which are then broken up into

session-specific blocks. Stage 2 consists of a temporal multiple re-

gression of each session-specific block from the non-weights-normalised

envelopes to give session-specific spatial maps.| . . . . . . . .. .. ..
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5%

simulations to demonstrate the pertormance of the MEG-adapted dual

regression analysis. A. Schematics of the 8 simulations used. Simula-

tion 1 tests performance under no group difference. 3 simulations (2,

3 and 4) impose group differences in the mean and/or variance of the

component time course. 3 simulations (5, 6 and 7) impose group dif-

terences 1n the spatial map ot the component. Simulation 8 shows the

effect of differences in global signal-to-noise ratio. B. Results ot the

component-level statistics. The paired t-test was applied to the esti-

mated component means (blue bars) and variances (red bars). C. The

spatial maps were subjected to an equivalent paired t-test at each voxel:

positive t-statistics are shown in red/yellow; negative t-statistics are

shown in blue; significant clusters (found with threshold-free cluster en-

hanced (TFCE) permutation methods using FSL’s RANDOMISE)

are shown in green.| . . . . . . . . . . . ... oo
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55

Results of the MADR analysis on eyes-closed/active-state data using

fMRI spatial ICA maps as a basis set [122]. Three fMRI-derived RSN

components are shown: A. lateral visual network; B. visual network; C.

bilateral hippocampi. In Red/Yellow (left): spatial ICA Z-statistical

maps, thresholded at Z = 5. In Blue (right): maps of unity mi-

nus the p-values for the voxel-wise paired t-test between eyes-closed

and active-state conditions, thresholded at 1-peorrectea = 0.95. P-values

were corrected tor voxel-wise multiple comparisons using FSL’s R AN-

DOMISE threshold-free cluster enhanced (TFCE) permutation meth-

ods. For each component, the corrected p-value for the paired t-test

applied to the component time course means and variances are also

shown. Component p-values were corrected using a multi-step up test

with significance threshold of p < 0.01 |101].] . . . . . .. .. ... ..
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5.6

Results of the MADR analysis on eyes-closed/active-state data using

fMRI spatial [CA maps as a basis set, but when incorrectly using

the weights-normalised data throughout the analysis. No com-

ponents showed significant clusters for the eyes-closed - active-state

contrast. Two components (A. medial visual network and B. caudate)

showed significant clusters for the active-state - eyes-closed contrast

(for which unity minus p-values are shown in green/purple), demon-

strating that weights normalisation can actually reverse the underlying

effect direction in an MADR analysis.|. . . . . .. ... ... ... ..
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5.7

Results of the MADR analysis on the APOF data using an MEG-

derived spatial basis set. Two components are shown: A. right fron-

toparietal network and B. left frontoparietal network. In Red/Yellow:

maps of covariance between the independent time course of the compo-

nent and the concatenated envelopes at each voxel. Covariance maps

have been normalised to have unit variance. In Blue: maps of unity mi-

nus the p-values for the group-level GLM testing for increases in the €3

homozygotes relative to €4 carriers. P-values were corrected for voxel-

wise multiple comparisons using FSL’s RANDOMISE threshold-tree

cluster enhanced (TFCE) permutation methods. For each component,

the corrected p-value for the GLMs applied to the component time

course means and variances are also shown (again for the €3 homozy-

gotes - €4 carriers contrast). P-values were corrected using a multi-step

up test with significance threshold of p<0.05.] . . .. .. .. .. ...

131

6.1

Schematic of the 2-back paradigm. A. The stimulus train: a Is blank

screen preceded a 1s letter presentation to make a single trial. When-

ever the current letter matched that of the one two trials earlier, the

subject pressed a button. 15 trials made up a 30s task block. B. Fach

task block was followed by a 30s rest block. 12 task blocks, each fol-

lowed by a rest block, made up a single experiment, lasting 12 minutes.

Figure and caption taken from |88, Fig. 1[.| . . . ... .. .. ... ..

138

6.2

Testing of independent components estimated from the 2-back data us-

ing a mixed-effects GLM. A. The combined task and rest mixed-eftects

GLM, testing for differences between the task blocks and rest blocks.

B. The task blocks only mixed-eftects GLM, testing for differences be-

tween the target (T) and non-target (N) trials. Both GLMs include

the average eye-blink activity for each subject as a contfound regressor

in the Ist level, ensuring that any statistical inferences are orthogonal

to eye-blink activity. Figure and caption taken from |88, Fig. 2|, . . .

XV
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6.3

Results of mixed-effects GLM analyses on the down-sampled oscillatory

envelopes at each voxel. Maps of corrected Z-statistics are shown in

radiological view (axial, coronal and sagittal views from left to right).

Z-statistics were corrected using false discovery rate (FDR) methods

in F'SL and subsequent Z-statistical maps thresholded between 3 and

5 for visualisation, except the task blocks only 4-8Hz (2<Z<4) and 8-

20Hz (4<Z<5.5) maps. An FDR of 0.05 was used for all the GLMs

except the 4-8Hz task blocks only analysis (in the white dashed box)

where a FDR of 0.2 was used as no activity survived corrections at a

FDR ot 0.05. A. Result of the combined task and rest GLMs testing for

differences between the 30s task and rest blocks tor the 4-8Hz, 8-20Hz

and 20-40Hz bands. B. Result of the task blocks only GLM testing

for changes between the trials where a target was presented against

all other non-target trials. In all GLMs, the average eye-blink time

course was included as a confound regressor and hence all statistical

inferences are orthogonal to eye-blink activity. Figure and caption

taken from |88, Fig. 4| . . . . .. ... o oo
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6.

This figure shows the correlation maps generated from [ICAs applied

to the combined task and rest blocks for the down-sampled envelopes

of three frequency bands (4-8Hz, 8-20Hz, 20-40Hz), concatenated over

subjects. Correlation maps, presented in radiological view (axial, coro-

nal and sagittal slices from left to right), show the correlation be-

tween each temporally independent component and the concatenated

down-sampled envelopes of each voxel. Variable correlation thresholds

were used to aid visualisation and are shown on each map’s colour

bar. For each frequency band, five correlation maps are presented

for components whose corrected p-values were tound to be significant

(Peorrectea < 0.05). From top to bottom, maps correspond to: 4-8Hz:

frontal area; separate frontal area, visual cortex, right hippocampus

superior parietal lobule; 8-20Hz: left superior temporal gyrus, bilateral

superior parietal lobule, right superior temporal gyrus, default mode

network, bilateral insula; 20-40Hz: default mode network, somatosen-

sory network, cingulate, medial superior parietal lobule, bilateral hip-

pocampi. Figure and caption taken from [88 Fig. 5[] . . .. ... ..

Xvi



[6.5 T'his figure shows the correlation maps generated from [ICAs applied to

the task blocks only for the down-sampled envelopes of three frequency

bands (4-8Hz, 8-20Hz, 20-40Hz), concatenated over subjects. Correla-

tion maps, presented in radiological view (axial, coronal and sagittal

slices from left to right), show the correlation between each temporally

independent component and the concatenated down-sampled envelopes

of each voxel. Variable correlation thresholds were used to aid visual-

1sation and are shown on each map’s colour bar. For each frequency

band, five correlation maps are presented for components whose cor-

rected p-values are significant (p < 0.05) or whose spatial localisation

1s functionally interesting. From top to bottom, maps correspond to:

4-8Hz: right motor cortex, frontal areas, separate frontal areas, pari-

etal cortex, lateral visual areas; 8-20Hz: bilateral insula, medial cere-

bellum, lett lateral frontoparietal network, default mode network, left

motor cortex; 20-40Hz: visual cortex, bilateral hippocampi, premotor

areas, medial superior parietal lobule, left motor cortex. Figure and

caption taken from |88, Fig. 6| . .. .. .. .. ...
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71

The 22 non-overlapping parcels masks used in the network analysis, es-

timated using a whole-brain, 40-component spatial ICA. Parcels were

selected based on their correspondence to nodes of the following resting-

state networks: left and right frontoparietal networks; sensorimotor

network; default mode network; bilateral temporal lobes; temporopari-

etal junction: inferior temporal gyri; visual network. We have high-

lighted parcels corresponding to: the PCC (green) and ACC (purple)

nodes of the DMN: the anterior (red) and posterior (blue) nodes of

the left frontoparietal network (FPN); the anterior (green) and poste-

rior (blue) nodes of the right frontoparietal network (FPN). All parcels

have been projected onto an inflated cortical surtace for visualisation.|

xXvil

172



72

Results of cross-frequency, multi-parcel network analyses without any

multi-parcel orthogonalisation to account tor signal leakage. A. The

matrix of Pearson correlation coeflicients between the low-pass filtered

envelopes of the band-limited parcel time courses (concatenated over

subjects). B. The equivalent partial correlation matrix, estimated via

the inverse-covariance matrix method. C. Parcel-wise seed-based corre-

lation map using the posterior node of the right frontoparietal network

as a seed (shown in blue). D. Parcel-wise seed-based partial correla-

tion map using the posterior node of the right irontoparietal network

as a seed (shown in blue). The correlation values are taken from the

cases note that neighbouring parcels show the strongest correlation

and partial correlation.| . . . . .. ... o000

[7.3

Results of cross-frequency, multi-parcel network analyses after apply-

ing multi-parcel orthogonalisation to account for signal leakage. A.

'T'he matrix of Pearson correlation coefficients between the low-pass fil-

tered envelopes of the band-limited parcel time courses (concatenated

over subjects). B. The equivalent partial correlation matrix, estimated

via the inverse-covariance matrix method. C. Parcel-wise seed-based

correlation map using the posterior node of the right frontoparietal

network as a seed (shown in blue). D. Parcel-wise seed-based partial

correlation map using the posterior node of the right frontoparietal

network as a seed (shown in blue). In both cases note that the anterior

node of the right frontoparietal network is now showing the strongest

direct and indirect FC . . . . . .o .
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Chapter 1

Connecting Alzheimer’s disease,
APOE-€4 and resting-state networks:

the role that MEG can play

Alzheimer’s disease (AD) is the most prevalent form of dementia, accounting for
50-70% of all cases globally. It is characterised by a progressive loss of cognitive
function [135]. Patients suffering from AD undergo a slow degeneration in their
ability to care for themselves, eventually requiring full-time care in the later stages
of the disease. This degeneration lays a tremendous emotional and financial burden

on the patient and their family, as well as on the healthcare system.

1.1 The clinical significance of Alzheimer’s disease

In 2006 there were an estimated 26.6 million people suffering from Alzheimer’s disease
globally [31]. The estimated global cost of all forms of dementia in 2003 was $156
billion for an estimated 27.7 million cases [137]. Over the next decades the prevalence
of AD will increase dramatically as the world’s population ages. Age is a major
predictor of AD risk: AD has a prevalence of 1% in populations aged 65 and over,
but 25% in populations aged over 80 years [54]. By 2050 it is predicted that there will

be 106 million cases of AD globally (1 in 85 people) [31]. As of 2011, the National
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Institute for Health and Clinical Excellence (NICE) recommends the combined use
of three acetylcholinesterase inhibitors (donepezil, galantamine and rivastigmine) as
pharmaceutical treatments for mild to moderate AD and the use of a NMDA receptor
antagonist (memantine) for treating moderate to severe AD [100]. However, the
benefits of all of these pharmaceutical interventions are limited at best |[114]. If the
average initial onset of Alzheimer’s disease could be delayed by just one year, then

this would lead to an estimated 9.2 million fewer cases in 2050 [31].

1.2 Current understanding of Alzheimer’s disease

Numerous advances have been made in identifying key pathologies in AD. Three ma-
jor factors have been found which are known to cause the neurological degeneration
associated with AD: the amyloid precursor protein (APP), the microtubule-associated
protein tau (MAPT), and the 4th isoform of apolipoprotein E (APOE4) |2|. Abnor-
mal function of APP leads to its conversion to amyloid 8 peptide (AS) which in turn
is known to form plaques. The hyperphosphorylation of MAPT causes neurofibrillary
tangles (NFTs). APOE4 is a cholesterol transporting protein that has been proven to
increase the risk of developing both late-onset and sporadic AD [41]. Better under-
standing of the APP, MAPT and APOE4 pathways to AD pathology would facilitate
the development of biomarkers for early detection, which in turn would aid the design

of new interventions to treat AD.

1.3 The importance of APOE-¢4

The APOE gene has three variants €2, €3 and e4. Each individual has two versions
of the APOE gene (which can be different variants or two copies of the same one).
The overall frequencies of the APOE genes in western/Japanese populations (shown
in Figure [[.1JA) are €2 - 5-10%, €3 - 80% and €4 - 10-15% [63]. The genetic predis-
position towards development of Alzheimer’s disease caused by APOE-e4 was first

characterised by Corder et al. in 1993 [41]. 95 patients affected by AD and 139 unaf-
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fected subjects were studied to see the effect of APOE-€e4 on the risk of development
of AD, age of onset and length of survival. It was found that a single copy of APOE-€¢4
increased the risk of developing AD by 2.84 times, and two copies increased the risk
by 8.07 times (p < 0.00001) compared with subjects without APOE-¢4 (see Figure
1.1B). In addition, the mean age of onset for subjects without the e4 variant was
84.3 (1.3 standard error of the mean [SEM]); for subjects with one APOE-e4 gene
the mean age of onset was 75.5 (1.0 SEM) and finally for subjects with two copies of
APOE-¢4 it was 68.4 (1.2 SEM). Similarly mean age of survival was 84.9, 78.8 and
78.1 for patients with 0, 1 and 2 copies of APOE-e4. Corder et al. do not explain why
the APOE-e4 gene increases predisposition towards AD. However, they do note that
19 out of 95 AD patients did not have any copies of APOE-¢4, showing that it was
not the sole factor in developing AD. In addition, patients with no APOE-e4 came
from families with AD predisposition suggesting that other genetic links other than

APOE-¢e4 affect the development of AD.

A Gene frequencies B Effect on risk of AD
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Figure 1.1: Graphs showing A. The frequencies of occurrence of the different alleles of
APOE and B. The effect that the genetic dose of APOFE-e/ has on one’s risk of developing
Alzheimer’s disease. Values for A. and B. taken from ,@V and respectively.

1.4 A comparison of neuroimaging modalities

In the previous sections, we outlined the clinical setting of AD. The pathology of AD

is extremely complicated: consequently AD research involves efforts across a range

3



of disciplines including, but not limited to, biochemistry [69], genetics [41] and be-
havioural psychology [35]. Neuroimaging has a large role to play in understanding the
onset and development of AD in vivo. In this section, we briefly compare some of the
most commonly used neuroimaging modalities, contrasting their insights, strengths
and limitations: every modality offers a trade-off between spatial resolution, tem-
poral resolution, clinical applicability, invasiveness and cost. Figure [1.2| provides a
concise summary of the trade-off between spatial resolution, temporal resolution and
invasiveness offered by the main, currently available, human, in vivo neuroimaging

techniques [70].

Functional Magnetic Resonance Imaging (fMRI): fMRI measures the changes
in local magnetic permeability introduced by the deoxygenation of haemoglobin.
Most fMRI studies measure the blood-oxygen-level-dependent (BOLD) signal, which
reflects spatially localised changes in metabolic demand from neural populations.
Among the non-invasive modalities, it has the best spatial resolution (of the order
of Imm), making it an excellent tool for spatially mapping activity across the brain.
However, the BOLD signal is an indirect measure of neuronal activity that is a func-
tion of cerebral blood flow, cerebral blood volume and the metabolic rate of oxygen
consumption [46]. These variables are collectively modelled by the haemodynamic
response function (HRF). Spatial variability in all of the parameters making up the
HREF cause it to vary greatly across the brain. A consequence of the HRF is that

BOLD has a fundamentally poor temporal resolution of the order of seconds.

Positron Emission Tomography (PET): PET is an alternative modality for
measuring the metabolic impact of neural activity by introducing a radioisotope which
decays to produce positrons. Each collision of a positron with a surrounding electron
(and subsequent annihilation) releases two high energy photons which can be detected
outside the head. By detecting these annihilation events, a functional map of the
uptake of the radioisotope can be estimated. PET was the modality used in the

initial discovery of the default mode network [112]. It has poorer spatial resolution
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than fMRI but can be used to estimate absolute quantitative measures of metabolism
more readily. PET does require the administration of a radioisotope, which places
constraints on how widely and regularly it can be used. However, by changing the
radioisotope used, one can image a range of different biochemical processes such as

glucose metabolism (using FDG-PET) or AS deposition (using PIB-PET) [32,:84].

Invasive Intracranial Recordings: There is a range of invasive techniques for
recording neural activity (such as single unit recordings and electrocorticography
(ECoG)). These techniques typically have excellent spatial precision and temporal
resolution, but have limited coverage of the brain. Furthermore, because they are
highly invasive they can only be applied to heterogeneous clinical populations (e.g.
for localising sources of seizures in epilepsy patients) and usually in small sample

sizes [70].

Electroencephalography (EEG): EEG measures the surface potentials due to
volume currents generated by neural activity. It is a low cost, portable and highly
robust neuroimaging tool with excellent temporal resolution. However, because the
brain, skull and scalp have highly inhomogeneous conductivity profiles, it is extremely
difficult to infer the spatial pattern of neural activity that drives an externally mea-
sured EEG recording. Consequently, most EEG studies are limited to sensor-level
analyses, which limits their interpretability. That said, EEG has been successfully
combined with fMRI via concurrent recordings of both modalities. By correlating
the sensor-space band limited power of the EEG with the voxel-level BOLD time se-
ries, one can spatially localise the neural activity measured across multiple frequency

bands [22,091,99].

Magnetoencephalography (MEG): MEG measures the magnetic fields outside
the head that are generated by neural activity, with millisecond temporal resolution.
It offers a complementary insight to EEG. However, in MEG we can localise the
neuronal sources that drive our external recording with much more accuracy than in

EEG. This gives MEG a superior spatial resolution (of the order of 5mm in cortical
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Figure 1.2: Comparing neuroimaging modalities by temporal and spatial resolution. In-
vasive techniques have red borders. FElectrophysiological imaging techniques are shown in
oblongs. Non-neuronal imaging techniques are shown in ovals. SUA: single unit activ-
ity; MUA/LFP: multi-unit activity/local field potentials; ESI: electrophysiological source
imaging corresponds to source-reconstructed analyses of EEG/MEG: electroencephalogra-
phy/magnetoencephalography; NIRS: near-infrared spectroscopy; fMRI: functional magnetic
resonance imaging, PET: positron emission tomography; SPECT: single-photon emission
computed tomography. Figure taken from (70, Fig. 1].

areas). MEG’s spatial resolution is poorer than that of fMRI, but the signals it
records are not confounded by the haemodynamic response function.

In summary, MEG offers a unique insight into resting-state spontaneous brain
activity. Its high temporal resolution, reasonable spatial resolution and direct mea-
surement of neural activity enable us to observe the mechanisms that drive cognitive

function in a way that captures the rich spatio-temporal dynamics of brain function.

1.5 Functional connectivity and Alzheimer’s disease

Within neuroimaging, there are a range of techniques for investigating Alzheimer’s
disease. Approaches include: structural studies (looking at grey matter atrophy [47]),
changes in white matter connectivity (using diffusion-based imaging techniques [23])
or metabolic investigations (using various types of PET imaging [32]). In this the-

sis, we investigate the effect of the APOE-e4 gene using concepts from the field of



functional connectivity.

1.5.1 What is functional connectivity?

Friston (2011) defined functional connectivity (FC) as “statistical dependencies among
remote neurophysiological events” |59]. Healthy brain function requires the successful
communication and integration of multiple spatially separated regions [132]. FC
analysis is a statistical tool-kit for mapping these interactions in space and time.
Within this framework, we can investigate how external stimuli (such as task-positive
activity or disease) mediate these functional relationships. FC can be used to measure
direct and indirect interactions between regions: direct F'C is a statistical dependency
resulting from direct interaction between two regions; indirect FC corresponds to the
statistical relationship between two regions which do not communicate directly but
which have a statistical co-dependency due to interactions mediated through a third
(or more) region(s) [124].

Functional connectivity should not be confused with effective connectivity which
attempts to elucidate the causal nature of the statistical relationship observed in FC.
Typically effective connectivity is estimated using more mechanistic, biophysically
motivated approaches, such as dynamic causal modelling and structural equation
modelling [58,94]. True measures of effective connectivity would provide a much
more informative picture of human brain function and dysfunction. Unfortunately,
measuring resting-state effective connectivity is an extremely challenging task, par-
ticularly when considering large numbers of nodes (>>10) as we do in this thesis, and,

as such, is beyond the scope of the work presented here.

1.5.2 Functional connectivity and the resting-state

We can measure functional connectivity under a range of conditions but will focus pri-
marily on functional connectivity during the resting-state (although chapter @ devel-
ops a framework for analysing task-positive MEG data). The resting-state paradigm

involves scanning a subject in the absence of any goal-directed task or external stim-

7



ulation [112|. Typically, the subject is either scanned with their eyes closed or with
their eyes open but fixating on a cross. This simple paradigm has been extremely
useful for the following reasons: it translates extremely well across imaging modal-
ities, healthy control and patient populations, and has very few design parameters.
Despite its simplicity, the resting-state can be highly useful for measuring functional
connectivity. Biswal et al. measured resting-state functional connectivity in fMRI by
measuring the correlation between the BOLD signal of a seed region (identified with
a motor localiser task) and the rest of the brain [21]. This analysis identified a group
of several regions, all associated with motor processing. This was the first example

of imaging a resting-state network (RSN) in fMRI.

RSNs are spatially separated regions of the brain which have temporally covarying
neural activity indicative of some functional integration. The identification of the
sensorimotor network (SMN) by Biswal et al. represented the first step in a process to
describe resting-state BOLD activity as the aggregated activity of multiple networks.
In 2001, Raichle et al. used PET to measure the oxygen ejection fraction of resting-
state brain activity [112]. They found a set of regions that shared the property of
being consistently anti-correlated with task activity. This network was termed the
default mode network (DMN). In 2005, Fox et al. demonstrated that the default mode
network could be extracted by estimating the correlation in the BOLD signal between
a seed region in the posterior cingulate cortex (PCC) and all other voxels [56]. They
also found the dorsal attention network (DAN) which was found to be consistently

anti-correlated with the DMN.

Up until this point, seed-based correlation was the standard technique for imag-
ing these networks (seed-based correlation methods in MEG are discussed in section
. However, seed-based correlation is limited to imaging single networks at a time
and is extremely sensitive to the choice of seed voxel. In 2005, Beckmann et al. applied
independent component analysis (ICA) to extract multiple RSNs from resting-state
fMRI time series [13]. ICA is a blind source separation technique that decomposes a
matrix (that is a mixture of signals) into a set of underlying, statistically independent

sources and a mixing matrix [16,40,97]. A more thorough introduction to ICA is given
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Figure 1.3: Figure of 10 RSNs imaged using a spatial ICA applied to temporally concate-
nated BOLD time series from 36 subjects. For each panel: Z-statistical images (thresholded
at Z = 3) of the RSN maps are on the left. Corresponding task-activation maps from the
BrainMap database are on the right. RSNs correspond to A. Medial Visual Network; B.
Visual Network; C. Lateral Visual Network; D. Default Mode Network; E. Cerebellum; F.
Sensorimotor Network; G. Auditory Network; H. Executive Control Network; I. Right Fron-
toparietal Network; J. Left Frontoparietal Network. Figure taken from [122, Fig. 1].

in section Beckmann et al. used ICA to decompose the temporally concatenated
BOLD time courses from a cohort of 10 subjects into a set of spatially independent
maps corresponding to multiple known RSNs. In 2009, Smith et al. performed a
similar analysis on 36 subjects to obtain 20 spatially independent networks [122].
They selected 10 RSNs from the ICA output and demonstrated, via a meta-analytic
comparison with the BrainMap database of task activations, that these RSNs were
spatially associated with regions that are known to be involved in behavioural func-
tion. Figure [1.3] shows the 10 RSNs and their corresponding task activation maps.
Although RSNs have been studied in multiple modalities, their characterisation in
fMRI represents the best available consensus definition. Consequently, Figure is

used as the benchmark definition for RSNs throughout this thesis]]

!The author would like to thank Professor Steve Smith (FMRIB, Oxford) for providing
the original 20 spatial maps which are used throughout this thesis.



1.5.3 Electrophysiological characterisations of RSNs

In recent years, several studies have investigated resting-state functional connectivity
using electrophysiological neuroimaging techniques, including concurrent EEG /fMRI
and MEG. It is critical to note at this point that all sensor and source-space EEG and
MEG FC analyses are contaminated with spurious contributions to FC. In sensor-
space, this is referred to as volume conduction (for EEG) or field spread (for MEG).
In source-space, this is known as cross-talk or signal leakage between voxels. We will
discuss these issues in more detail in sections 2.6|land [£.4.1] However, when considering
any FC analysis in EEG or MEG, accounting for these spurious contributions is

essential.

Mantini et al. (2007) [91] used concurrent EEG/fMRI to show that the electro-
physiological recordings found in EEG correlate with the component time courses
found in fMRI spatial ICA. In addition, they showed that this correlation is found in
low frequency fluctuations in the power of the EEG signals across all bands. They
showed that the default mode network (positively) correlates most strongly with the
alpha and beta band EEG signals. However, they postulated that all frequency bands
should be considered together in order to properly capture the relationship between

the resting-state BOLD and EEG signals.

In 2010, de Pasquale et al. used MEG to find the dorsal attention network (DAN)
and the default mode network (DMN) [43]. Initially using standard seed-based cor-
relation, a comparison was made between the DMN and DAN using fMRI and MEG.
Networks, found with a single seed and using wideband (1-150Hz) MEG, were poorly
defined and unrealistically confined to the ipsilateral hemisphere and predominantly
around the seed region. This result assumed temporal stationarity in the MEG data.
To improve the detection of RSNs in MEG, they used the maximally-correlated win-
dow approach (MCW) that compensates for non-stationarity in FC. The resting data
were epoched into regions of high correlation at three principle nodes of each network
(referenced against a fourth unconnected node). This method enabled the seed-based

correlation to detect the DAN/DMN in both hemispheres. De Pasquale et al. found
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that the best spatial localisation was achieved in the alpha, beta and theta frequency
bands compared with the gamma band. In this approach, there was no method for
accounting for signal leakage between voxels, which is expected to produce artificial

correlation especially near the seed region.

Liu et al. (2010) analysed a range of different resting states at the sensor level
(including eyes-open, eyes-closed and light sleep) using MEG [86]. They found that
very low frequency modulations in the power of all the frequency bands could be
detected (by estimating the amplitude envelope via the Hilbert transform). They
also found that inter-hemispheric correlations peaked in the low beta band. They did
not explicitly account for effects of field spread and so their finding may have been

partially confounded by spurious correlations.

Brookes et al. (2011) measured inter-hemispheric functional connectivity within
the sensorimotor network (SMN) using MEG [25]. Six subjects were scanned us-
ing fMRI during a finger tapping exercise to determine the seed position in the left
motor cortex. The same six subjects were scanned with MEG and a beamformer
used to reconstruct their source-space time courses across the whole brain over 8 fre-
quency bands. The envelope time course at every voxel was estimated via the Hilbert
transform and then temporally down-sampled using a non-overlapping windowed av-
erage. Optimal correlation between left and right motor areas was achieved in the
low beta band (13-20Hz). Longer down-sampling windows were shown to boost the
inter-hemispheric connectivity between the left and right motor cortices. Spurious
contributions to FC due to signal leakage were accounted for through Monte Carlo
simulations of uncorrelated data, which allowed a probabilistic threshold to be deter-
mined that excluded likely artefactual correlations.

Brookes et al. followed up on this work by performing a temporal ICA decom-
position of the group concatenated envelopes of source-reconstructed MEG data to
estimate MEG-derived RSNs |30]. They were able to find 8 MEG analogues of the
standard fMRI RSNs (shown in Figure [1.4): 7 from the beta band and 1 from the
alpha band (specifically the DMN). This study represented the first fully independent

electrophysiological imaging of multiple RSNs.
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Figure 1.4: Figure of 8 RSNs imaged by applying temporal ICA to the temporally concate-
nated source-space envelopes from 10 subjects. For each panel: fMRI spatial ICA derived
Z-statistical images (thresholded at Z = 3) of the RSN maps are shown above [122]. Corre-
sponding MEG RSN correlation maps are shown below. A. Default Mode Network (a-band);
B. Left Frontoparietal Network; C. Right Frontoparietal Network; D. Sensorimotor Network;
E. Superior Parietal Lobule; F. Visual Network; G. Frontal Network; H. Cerebellum. Maps
B-H were estimated from the envelopes of the B-band. Figure taken from [30, Fig. 1].

More recently, MEG studies have started to move beyond validating fMRI RSNs
using a direct electrophysiological measure. De Pasquale et al. (2012) used their
maximally-correlated window technique to find evidence that, when the DMN (in
particular the posterior cingulate cortex) is highly engaged with itself, it also demon-
strates strong cross-network interactions [44]. Hipp et al. (2012) demonstrated that
graph theoretical measures such as betweenness and degree, which capture the network

structure of whole-brain FC, exhibit strong spatial and frequency specificity [74].
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1.5.4 Functional connectivity, APOE-c4 and the default mode

network

The pathology of Alzheimer’s disease is extremely diverse and includes grey matter
atrophy [47], abnormal metabolism [96]|, and AS plaque deposition [69]. Further-
more, AD-related pathology is not localised to a single region but instead is found in
multiple brain areas. As such, developing a causal hypothesis that links APOE-€4 to
an increased risk of AD is not trivial. This is especially true when considering AD
patients whose brains have undergone such extensive AD-related damage. To investi-
gate the causal role that APOE-€4 may have on healthy brain function resulting in a
predisposition to developing AD, several studies have focused on its effect on healthy

populations who are well beneath the age of typical AD onset [55|129].

An increasingly important concept in understanding the development of AD is the
relationship been the default mode network and AD pathology. Greicius et al. (2004)
showed that the DMN in AD patients was different to healthy ageing adults [64].
Using ICA to extract the DMN from resting-state fMRI scans of the two groups, they
compared the goodness-of-fit between each group’s DMN and a reference DMN map
from an independent data set. They found significantly poorer goodness-of-fit for the
AD population than for the healthy ageing group, suggesting that abnormal DMN
functional connectivity is associated with AD. Although interesting, this study did
not provide evidence of abnormal FC having a causal influence on AD. Buckner et
al. (2005) showed an overlap between A deposition (measured with PIB-PET), ab-
normal metabolism (measured with FDG-PET), and grey matter atrophy (measured
with MRI) in AD patients and the DMN measured in a young healthy control group.
This further implicated the DMN in AD pathology but again could not establish
whether the DMN dysfunction causes AD pathology or if the correlations are simply

epiphenomenal [32].

Both Greicius et al.’s fMRI study and Buckner et al.’s multi-modal study build
toward a hypothesis that implicates abnormal DMN activity with AD. Abnormal

metabolism in the posterior cingulate cortex is one of the most consistent obser-
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vations in PET imaging of early-stage AD [96]. However, the major behavioural
and pathological changes in AD are associated with medial temporal lobe damage.
Therefore, abnormal DMN function is an excellent candidate for linking the observed

differences in the two regions.

To investigate a causal link between abnormal DMN function and AD, several
studies have looked at whether the APOE-e4 gene affects functionally-connected
networks, such as the DMN [55,/129]. Using ICA and dual regression to look at
RSN-associated group differences, Filippini et al. (2009) showed abnormal functional
connectivity in the hippocampal nodes of the DMN in a healthy group of APOE-€4
carriers who were beneath the typical age of AD onset. Trachtenberg et al. (2012)
found additional differences in APOE-€4 carriers, associated with the auditory net-
work and left frontoparietal network. These studies show that abnormal DMN activity
is present in groups with a greater risk for AD. However, to fully demonstrate a causal
link between abnormal RSN functional connectivity would require a very long term

longitudinal study.

All of the analyses investigating the relationship between abnormal functional
connectivity and AD pathology have been based on fMRI and PET [32,55,64,129).
Both these modalities provide very indirect measures of brain activity. The fMRI
blood-oxygen-level-dependent (BOLD) signal and the PET signal are both intrin-
sically confounded by vascular processes. Therefore it is impossible to determine
whether any relationships observed between AD, APOE-e4 and the default mode
network are due to neuronal or vascular processes. In addition, fMRI and PET have
a relatively poor temporal resolution of the order of seconds, limiting any studies to
looking at low frequency activity. MEG has the advantage of directly probing neu-
ral activity at the millisecond time scale, allowing a much wider range of temporal

dynamics to be explored.
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1.6 Summary

The role of APOE-¢4 on brain function and its contribution to AD is an ongoing ques-
tion. Functionally-connected networks are a strong candidate for linking APOE-¢4 to
ultimate AD pathology. MEG allows us to investigate the electrophysiological basis
of the effect that APOE-€4 exerts on healthy brain FC. That said, MEG FC analy-
sis has some unique and complex challenges that have to be addressed. This thesis
presents a set of techniques for measuring functional connectivity in MEG including
the following key novel contributions to the field of MEG FC analysis. Chapter [2| dis-
cusses in more detail what MEG actually measures and how we can use it to measure
underlying neural activity. In chapters [3| and [4] we present a framework for prepro-
cessing resting-state MEG data and imaging RSNs. We have made critical progress in
developing tools for MEG analysis that are compatible with data acquired on Elekta
Neuromag systems. This includes techniques for combining multiple sensor types and
accounting for signal space separation during both ICA de-noising and beamforming.
We present the first successful imaging of RSNs from FElekta Neuromag data. In
chapter |5, we present a framework for detecting differences in resting-state networks
between populations and apply it to a data set of healthy people who have been
grouped by their APOE genotype. We show that APOE-€4 carriers have significant
differences in oscillatory power in both the left and right frontoparietal networks.
In this chapter we present a critical analysis that shows how beamformer weights
normalisation introduces a major confound into variance-based statistics across mul-
tiple sessions of separately beamformed data. Chapter [6] describes our approach for
investigating functionally-connected networks in task-positive data. We show that
our method, which couples ICA with the General Linear Model, can provide useful
insights into task-related functional networks. Chapter [7| introduces our preliminary
investigation into parcellation and partial correlation network analysis techniques for
MEG. As part of this, we develop a novel method for accounting for signal leakage
between multiple parcels. In chapter [§] we conclude this thesis by considering future

avenues of research that could build on the work presented here.
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Chapter 2

An introduction to MEG

In the previous chapter, we have outlined the unique insight that magnetoencephalog-
raphy (MEG) can bring when investigating interactions between the APOE-e4 gene
and functional brain connectivity in the resting-state. In this chapter, we consider
the physiology of the underlying neural activity that creates the MEG signal, provide
an overview of the instrumentation used to detect it, and introduce the techniques

that are used to reconstruct the neural activity.

2.1 Origins of the magnetoencephalogram

MEG measures direct neuronal activity. However, to understand what this means in
more detail it is necessary to understand how the electrophysiological behaviour of an
individual neuron interacts with other neurons to form large and coherent neuronal
assemblies, which are capable of generating neural oscillations of sufficient amplitude
to produce a detectable magnetoencephalogram.

We must first define what we mean by detectable. Himaéldinen et al. stated that
a current dipole in excess of 10nAm is necessary to generate a detectable magnetic
field |66]. In the following sections we will show that this requires the synchronous
activity of tens of thousands of strongly aligned neurons. By building up a model
from the single neuron level to larger neural assemblies, we can show that human

brain function falls within these constraints.
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2.1.1 Electrophysiological function at the single neuron scale

Neurons propagate information via a combination of electrical and chemical processes.
The cell membrane of a neuron contains multiple ion channels that, when open, allow
charged ions to cross the cell membrane. These channels can either be voltage-gated,
which means that they open when the local membrane potential exceeds a thresh-
old, or ligand-gated, which means that they open when a specific neurotransmitter
binds to them. If an ion channel opens, it depolarises the surrounding patch of cell
membrane which in turn causes any neighbouring voltage-gated ion channels to open,
depolarising the next patch of membrane. It is by this mechanism, known as an action
potential, that neurons send information along their basal dendrites to other neurons.
Where one neuron terminates and another begins is known as a synapse. When an
action potential arrives at a synapse, it triggers the release of neurotransmitters that
bind with ligand-gated channels in the next neuron. It is by this mechanism that
signals are passed between neurons.

To conceptualise how these mechanisms translate into a measurable magnetoen-
cephalogram, we start by considering a single neuron in isolation, specifically focusing
on pyramidal neurons. Pyramidal neurons have a generic structure outlined in Figure

[2.1IB, with four main parts:
e Soma: The cell body containing the nucleus.

e Apical Dendrite: This cell structure contains all the synapses with incoming

neurons.

e Axonal Hillock: This structure initiates an action potential when its local

potential exceeds its firing threshold.

e Basal Dendrite: This long and branching structure transmits resulting action

potentials to synapses with other neurons.

For a given neuron to generate an action potential, the cell membrane potential at
the axonal hillock must rise from its resting potential to exceed a threshold potential.

This causes voltage-gated ion channels in the cell membrane to open, initiating an
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action potential that propagates down the cell’s axon to terminate at synapses with
other neurons. The probability of a neuron generating an action potential is mediated
by the synapses between other neurons and the apical dendrite. Excitatory synapses
induce excitatory post-synaptic potentials (EPSPs) which raise the overall membrane
potential, increasing the likelihood of an action potential, whilst inhibitory synapses
induce inhibitory post-synaptic potentials (IPSPs) which lower the membrane po-
tential and decrease the likelihood of an action potential occurring. In more detail,

consider the following sequence of events (shown in Figure [2.1B):

1. An action potential arrives at the axon terminal of an excitatory or inhibitory
synapse between the terminating neuron and the apical dendrite of the receiving

neuron.

2. Neurotransmitters (green circles) are released from the axon terminal and bind

with ligand-gated ion channels in the apical dendrite’s synaptic membrane.

3. Ligand-gated ion channels open to allow the flow of positive ions (red crosses)

into the cell for an excitatory synapse/out of the cell for an inhibitory synapse.

4. Excitatory: Flow of positive ions into the cell causes an increase in the cell
membrane potential in the region of the synapse. Inhibitory: Flow of positive
ions out of the cell causes an decrease in the cell membrane potential in the

region of the synapse.

The cumulative effect of all the inhibitory and excitatory synapses modulates the
neuron’s ability to initiate an action potential. However, in terms of understanding the
generation of an MEG signal, we are not concerned with the neuron’s generation of an
action potential, but with the resulting intracellular currents generated by the EPSPs
and IPSPs, which flow along to the apical dendrite (in opposing directions) [68§].
Estimating the exact current dipole generated by a single post-synaptic potential is
not trivial but a combination of in wvitro experiments and biophysical simulations

estimate it to be in the range of 0.02-0.90pAm [66],68|.
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Figure 2.1: A. Histological cross section of the cortex of a rat, showing the high degree
of alignment of pyramidal neurons. B. A schematic of the process by which post-synaptic
potentials are generated in pyramidal neurons. 1. Incoming action potential causes 2. the
release of neurotransmitters that bind to ligand-gated membrane channels which open and
allow 3. the flow of positive ions across the cell membrane leading to 4. intracellular currents
along the apical dendrite. Figure A is taken from [66, Fig. 14].

2.1.2 Generation of rhythmic brain activity

In the previous section, we demonstrated a regime in which a single neuron behaved
like (and therefore can be modelled as) a current dipole. However, evidence (in vivo
and in silico) indicates that current dipoles resulting from PSPs are much too small
to be detected individually [68]. An ensemble of the order of 50,000 current dipoles
due to PSPs would be needed to cumulatively produce a current dipole moment that
could be detected with an MEG system. Furthermore, the signals recorded from a
resting-state MEG scan are strongly oscillatory, reflecting the same neural oscillations
seen in EEG, such as the dominant alpha band oscillations (8-13Hz). Cortico-thalamic
networks have been suggested as a mechanism by which large scale, synchronised
oscillatory behaviour can emerge from high frequency, independent neuronal activity
[33,/116]. This resonant behaviour recruits sufficient numbers of synchronised neurons

to generate a measurable oscillatory MEG signal.

A critical question is whether these oscillations are simply some epiphenomenal
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process that arises as consequence of some non-oscillatory neuronal behaviour that is
responsible for cognitive function. Several different theories have emerged suggesting
that neural oscillations do actually play a key role in cognition.

Considering the alpha oscillation (the dominant oscillatory frequency band ob-
served in the resting-state), there are several hypotheses. Pfurtscheller et al. (1996)
suggested that alpha oscillations represents some process of cortical idling [110]. An
alternative theory characterises the alpha rhythm as the brain’s pacemaker [33]. More
recently, the alpha rhythm has been suggested to play a role in gating by inhibition:
the process by which the brain shuts off task-irrelevant pathways in response to ex-
ternal stimuli [82].

Of course, the alpha band is not the only frequency band to demonstrate os-
cillatory synchronisation. Other oscillatory bands, such as the theta band (4-8Hz)
and gamma band (>30Hz) have been implicated in facilitating neural communica-
tion at different spatial and temporal scales in the resting-state and in task-directed

activity [33].

2.1.3 Structure and arrangement of the human cortex

The dipoles induced by a single cell’s activity are insufficient to produce magnetic
fields that can be detected externally. In order to produce a detectable field, a group
of neighbouring neurons must generate synchronised current dipoles which sum to a
single current dipole in excess of 10nAm [66]. However, synchronicity is insufficient as
two aligned but opposed dipoles of equal magnitude will cancel each other out. More
formally, the current dipoles of individual neurons must collectively form an open
field [68|. Fortunately, the natural cyto-architecture of the human brain produces the
required open fields. The cortex of the human brain is effectively a sheet of pyramidal
neurons with strongly aligned apical dendrites that has been folded to fit inside the
skull. This folding is remarkably consistent between individuals and provides sufficient
structural alignment between the apical dendrites of pyramidal neurons to allow for
normal brain function to generate a detectable magnetoencephalogram. Figure [2.1]A

shows a slice through the rat cortex showing the strong degree of structural alignment
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in the mammalian cortex |66, Fig. 14].

However, although the human cortex shows extremely uniform neuronal align-
ment, MEG has a strong sensitivity to specific regions of the cortex. Sarvas showed
that a current dipole inside an homogeneous spherical conductor only produces an
external magnetic field if it has a tangential component [117]. This is because the
return currents of the radial component cancel out the field generated by the current
dipole. Though the brain is not an homogeneous sphere, it is sufficiently similar that
the MEG sensors will be predominantly sensitive to the tangential component of a
current dipole and insensitive to its radial component. When considering the folded
sheet that is the human cortex, sources in the gyri and sulci, which are mostly radial,
will produce weak external magnetic fields whilst sources located between the gyri
and sulci will produce stronger fields because they have a large tangential compo-

nent [66468].

2.1.4 Deep brain sources

Until this point, it has been assumed that all the neuronal activity recorded in MEG
originates from the cortex. Some source reconstruction techniques utilise this feature
and constrain all reconstructed neural activity to the cortical surface. However, many
deep brain structures (such as the hippocampus) are of great interest and it is critical
to understand if and how deep brain sources can be detected. Deep brain regions
like the hippocampus do not exhibit optimal neuronal alignment of apical dendrites
of pyramidal neurons, which leads to less open fields. Furthermore, because of their
depth, they are further from the MEG sensors and so have a substantially weaker
measured signal (the drop off of magnetic flux as a function of distance from the
dipole source follows the inverse square law).

Considering the case of the hippocampus, a region that is of great interest in
AD, Quraan et al. (2001) developed simulations suggesting that under suitable con-
ditions, including the use of a suitable experimental paradigm, the correct source
reconstruction techniques and sufficient trials, hippocampal activity can be localised

with MEG [111]. This finding has been empirically supported by other findings and
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suggests that whilst cortical sources will be the dominant contributor to the magne-

toencephalogram, non-cortical neural activity is potentially detectable [88].

2.2 Detecting the MEG signal

In order to detect the magnetic fields generated by human brain function, a sensor
capable of resolving signals of the order of 10 femtoteslas is required. The first at-
tempt to record the human magnetoencephalogram was by Cohen et al. in 1968. They
successfully detected the human alpha rhythm with a single 1 million turn coil with a
ferrite core [37]. However, the application of super conducting quantum interference
devices (SQUIDs), by Cohen in 1972, represented the major technological leap in
MEG [38]. SQUIDs have the following generic structure: a loop of superconducting
material broken by a very thin, non-conducting layer (known as a Josephson junc-
tion). The superconducting loop by itself behaves in a perfectly diamagnetic fashion.
Any magnetic field passing through the loop induces a current inside the loop. The
induced current generates a magnetic field in the material that opposes and cancels
out the external field. However, measuring this current is not possible. The Joseph-
son junction does not prevent the flow of induced currents but when a constant bias
current is placed across the loop, the Josephson junction creates a flux dependent
resistance which can be measured via the voltage across the loop [68§].

Since Cohen’s initial work, whole-head MEG systems have been developed that
use arrays of the order of 300 SQUIDs to sample the magnetic brain activity. The
SQUIDs do not detect the brain activity directly. Instead, for each SQUID, a
flux transformer is used to capture magnetic flux and pass it to the SQUID. A flux
transformer consists of a single superconducting wire formed of a pick-up coil, a com-
pensation coil and a signal coil. The pick-up coil and compensation coil capture the
external flux, which induces an internal current. This current generates an associated
magnetic field at the signal coil which is in turn measured by the SQUID.

By using different flux transformer geometries, different types of MEG sensors can

be designed with associated spatial sensitivity and interference rejection properties.
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Figure 2.2: Diagrams of the pick-up coils for the three main sensor types A. Magnetometer;
B. Planar Gradiometer; C. Azial Gradiometer. Diagrams of the pick-up coils taken from [68,
Fig. 2-5].

Specifically three sensor types are considered here: 1.) Magnetometers, 2.) Planar
Gradiometers, 3.) Axial Gradiometers. Fundamentally, these three configura-
tions use the same physics of SQUIDs. However, the variations in their design lead
to notably different spatially sensitivity profiles and interference rejection character-
istics. Magnetometers measure the normal component of the magnetic field passing
through the pick-up coils. They have poorer spatial specificity but superior sensi-
tivity when measuring deep brain sources. Planar gradiometers measure tangential
components of the gradient of the normal magnetic field. They allow for improved
localisation but are limited to imaging regions near the surface of the head (i.e. the
cortex). Axial gradiometers measure the radial gradient of the normal magnetic field
and have a slightly increased sensitivity to deeper sources. Figures 2.2]A,B,C show
how these three sensor types are configured. Gradiometers measure the difference
between the flux passing through the pick-up and compensation coils, whereas mag-
netometers have no compensation coil and so directly measure the flux though the
pick-up coil. Gradiometer design renders the sensors insensitive to far-field sources,
which is ideal as far-field sources are caused by non-neuronal interference. However,
their spatial selectivity also makes the gradiometer class of sensors less sensitive to

deep brain sources.
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2.3 Environmental and physiological sources of in-
terference

The human magnetoencephalogram, whilst detectable, has substantially weaker power
when compared with most common sources of interference. For example the MEG
signal is one billionth that of the Earth’s static field. Figure demonstrates how
poor the signal-to-noise ratio of the MEG signal is compared with a range of common
sources of interference. Magnetic shielding provides the primary line of interference
rejection and helps suppress all environmental sources of noise and interference (such
as electrical noise from laboratory equipment). However, the magnetically shielded
room (MSR) cannot attenuate interference from sources inside the MSR. As such,
rigorous scanning protocols are essential to ensure that the participant has no mag-
netic materials (including clothing, jewellery, make-up and dental implants). Strict
adherence to suitable pre-scan screening can remove these sources of noise. Unfor-
tunately, the final group of artefacts are physiologically generated magnetic signals
which include the magnetocardiogram and magnetomyograms due to muscle activity
and eye-blinks. These artefacts cannot be avoided and will be recorded during data
acquisition. As Figure 2.3 shows, these signals are many times larger than the MEG
signal. To remove physiological interference, signal processing techniques, from aver-
aging, to filtering, to blind source separation, must be used. This will be discussed
in more detail in chapter |3, where the data preprocessing pipeline is outlined, includ-
ing the novel application of independent component analysis for de-noising multiple

sensor types simultaneously.

2.4 The forward problem, inverse problem and source
reconstruction in MEG

MEG data, in its acquired form, consists of a vector of data samples for every sensor.
Each sensor’s time series consists of a mixture of the measured magnetic flux coming

from each neuronal dipole. The flux observed at each sensor due to a given dipole
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Figure 2.3: Spectral density of the human magnetoencephalogram compared with common
sources of environmental and physiological interference. Figure taken from [66, Fig. 8/.

is described by the quasi-static approximation of Maxwell’s equations: the result of
this approximation is that the flux induced by a current dipole of fixed orientation
at a given time can be described as being proportional to the current of the dipole
[66]. At a given time, t, a dipole at location ¢ can be described with a 3 by 1
vector X, (t) = [24:(t), 24(t), T,x(t)]T, where each element describes the net current
flowing in the 4, j and k directions. The flux, y,,(t), observed at the n'" sensor
due to this dipole is then described as the product of x,(¢) and h,,,. The lead-field

W,y = [Pngi, hngi, hngr] expresses the flux observed at the n'™ sensor due to unit

n?q

dipoles in the [i, j, k| directions at location ¢. This is described mathematically by

equation [2.1

Un,a(t) = Dy g% (1) (2.1)

Furthermore, the total flux observed at the sensors is the linear superposition of
the flux induced by each current dipole. This description of the sensor-level data as a

linear superposition of the underlying current sources is known as the MEG forward
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problem and is mathematically expressed in equation

Q
ya(t) = D hagx,(t) +e(t) (2:2)

Q
Y = ) Hpx,+e
q=1

where Y and e are the N sensors by T samples matrix of measured MEG data and
uncorrelated sensor noise respectively. The N by 3 matrix H, describes the MEG
lead-fields for the ¢** location in the brain.

To solve the forward problem, one needs only know the geometry of the head
and the material properties in order to estimate the lead-fields H. However, in MEG
analysis, we are presented with the challenge of inferring the underlying brain activity
from a set of external measurements, referred to as the MEG inverse problem. Solving
the inverse problem is not trivial. MEG systems have around 300 sensors, while the
brain can be modelled as a grid of the order of 10,000 dipoles, making the inverse
problem highly ill-posed.

In the following sections, techniques for estimating the MEG lead-fields and ap-
proximating a solution to the inverse problem are described. This is collectively
termed MEG source reconstruction and is a fundamental stage in the analysis of

resting-state MEG data.'

2.4.1 Estimating MEG lead-fields

The lead-fields for a location are estimated by applying the quasi-static approximation
of Maxwell’s equations to the specific physical geometry of a given participant in
a given scanner. Unfortunately exact solutions do not exist for this set of cases.
In principle, numerical methods such as boundary element models, finite element

Tt should be noted that sensor-level MEG analysis is an alternative approach which
does not require source reconstruction techniques. Sensor-level analyses are particularly
popular in task-positive paradigms due to their relative simplicity and for their equivalence
to findings in EEG. However, this thesis is centred on the detection of functional connectivity
which is generally best estimated after source reconstruction [118].
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models and finite difference models could be applied (as have been used in EEG
source reconstruction to estimate the voltage measured at the scalp due to a current
source in the head). In EEG, numerical analyses are necessary as the currents that
flow in the head follow highly complex paths depending on the local conductivity.
These techniques are typically complex and computationally intensive. However,
when considering magnetic fields, the permeability of the subject’s head and the gap
between the head and the pick-up coil are homogeneous and can be treated as equal to
the permeability of free space. When combined with certain simplifying assumptions
about the geometry of the head, analytical estimates for the lead-fields can be found.

Three different methods are outlined here:

e Single Sphere Model: The single sphere model was developed by Sarvas [117],
who considered a single, spherically symmetric volume containing a current
dipole. Sarvas developed a solution for the magnetic field observed at a given
location outside the volume due to the flow of currents within the sphere. This
model yielded two key findings: firstly, that the radial component of the current
dipole does not contribute to the field outside the sphere; secondly, that the field
is independent of the (spherically symmetric) conductivity profile. By assuming
that the permeability of the sphere is that of free space, Sarvas’s model only re-
quires the specification of the sphere geometry. This allows sufficiently accurate
modelling of the flow of currents due to the neuronal dipole that give rise to
the external magnetic field. This is achieved by fitting a sphere to the subject’s
head shape. The single sphere model is extremely useful for understanding the
distribution of magnetic fields outside a body. However, modelling the head as
a sphere is a very crude assumption and will limit the accuracy of the estimated

lead fields.

e Local Spheres Model: Huang et al. (1999) proposed a more complex forward
model approximation that models the head as multiple overlapping spheres
|75]. For each sensor, an homogeneous sphere is fit to the head surface local to

that sensor. The lead fields are estimated from the combination of all of these
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spheres. This model has one important free parameter that defines the "local"
patch of head surface for each sensor. Huang et al. compared the single sphere
model and the local spheres model to a three shell boundary element model
(BEM). The single sphere model fits poorly over the frontal and visual regions
(intuitive as these regions are where the head shape diverges most strongly from
spherical), whereas the local spheres model has much better agreement with the

3-layer BEM but does not require the computational expense.

e Single Shell Model: Nolte et al. proposed using a spherical harmonic basis
set to approximate the actual head shape [103]. The head is assumed to be a
homogeneous single volume with an isotropic conductivity profile. The single
shell model requires the specification of the number of harmonics to use: larger
numbers of harmonics provide an improved representation of the head shape
but come at an additional computational expense. Nolte et al. recommend 20
harmonics as sufficient for most practical applications but critically note that
more eccentric sources have a higher error and so require more harmonics to

achieve a given accuracy.

2.5 Inverse solutions and source reconstruction

Given an estimate of the lead-fields, we now turn our attention to inferring the un-
derlying neural activity. From this point onwards we will assume that the error in
the estimates of the MEG lead-fields are negligibly small (regardless of the estimation
technique used).

Knowing the exact lead-fields is insufficient to solve the MEG inverse problem.
We must make some additional assumptions to make the inverse problem tractable.

There is a huge range of source reconstruction approaches.

2.5.1 Dipole fitting

The simplest constraint is to assume that the brain activity is generated by a small

number of current dipoles. Under this assumption, one can then estimate the location,
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orientation and time course of these dipoles that minimises the model error. However,
dipole fitting approaches are limited to a few active sources and so are ill-suited to

whole-brain connectivity analysis.

2.5.2 Distributed source approaches

Distributed source approaches attempt to simultaneously model the activity at every
location of a grid spanning the whole brain. Given a user-specified grid, they impose
some prior constraint for the solution of current dipoles at each vertex of the grid
that makes the inverse problem tractable. One limitation of distributed approaches
is their sensitivity to the grid coverage and density. If the grid excludes regions or
has an insufficient density of vertices, then the resulting estimate of neural activity
will be inaccurate.

Minimum Norm Estimates (MNE) are a popular class of distributed source recon-
struction techniques [67]. Given a distributed grid of dipoles, usually spanning the
cortex, MNE infers the optimum solution by L2-norm optimisation [70]. As we stated
previously, the basic inverse problem, X = H~'Y, is ill-posed because the number
of neuronal sources making up the underlying brain activity, X, greatly exceeds the
number of sensors making up the MEG data Y, such that the lead-field matrix,
H, is singular. MNE imposes an L2-norm regularisation which makes H invertible.
This corresponds to including a minimum energy constraint for the estimated source
solution. One consequence of the MNE formulation is that distributed source esti-
mates tend to be preferentially smooth and superficial, which may not reflect the true
underlying neuronal activity.

MNE does not have any interference rejection properties: artefacts in the data
will be projected into the source-space solution. MNE is robust to correlated sources,
unlike beamforming which is discussed later. MNE performs best when reconstructing
spatially distributed activity but is poorer at reconstructing localised or deep brain
activity [70]. In this study, we do not use MNE as a source reconstruction technique
but note that it is used widely by other groups [43,44,90|. Preliminary research

comparing minimum norm and beamforming suggests that they perform similarly in
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MEG FC analyses [106].

Multiple sparse priors (MSP) is another class of distributed source reconstruc-
tion techniques [57]. MSP is a Bayesian framework for automatically and efficiently
selecting a set of priors to impose on the source reconstruction that best maximise
the model evidence. These priors can be sparse or distributed. Consequently, MSP
has the advantage over MNE of being able to produce both sparse and distributed

solutions depending on the what type of solution the MEG data best supports.

2.5.3 Beamforming

Beamforming is a source-reconstruction approach that does not directly attempt to
solve the inverse problem but instead uses the forward model to design a spatial filter
that estimates the activity at a location of interest.

For simplicity, we will assume that the orientation of each dipole is known and
this information is incorporated into the lead-fields (i.e. H, is now a N by 1 vector).
However, the concepts described here are equally applicable to the full vector descrip-
tion of the neuronal dipoles. In section we present a selection of techniques
for estimating the dipole orientation.

In beamforming, we attempt to find an estimate of the neural activity, x,, at

location ¢/, as a weighted sum of the data Y .2

Xy = W, Y (2.3)

Ideally, our filter would perfectly preserve the activity at the location of interest ¢’
but would completely reject any signals originating from other locations. This is not
possible unless the number of active sources is very small. Instead, we design a spatial

2Notation: in the following section and subsequently through this thesis, the following
notation will be adopted:

e The true underlying value of a variable has no accent: e.g. x,.
e The raw beamformer estimate of a variable is denoted with a circumflex: e.g. X,.

o The weights-normalised beamformer estimate of a variable is denoted with a tilde:
e.g. Xg.
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filter that minimises the total power passed whilst perfectly preserving the activity

at the location of interest ¢’. Mathematically we can formulate this constraint as:

min(trace(W,yCW,)) (2.4)

q/

subject to

W,H, =1 (2.5)

which can be solved (using Lagrange multipliers) to give the following formulation

for the beamformer weights:

W, = [H]C'H, ] 'H/C™! (2.6)

where C~! is the inverse of the data covariance matrix C = ~ 1 ; YY7T, In some
samples

cases, it is necessary to regularise the data covariance matrix, usually by boosting the

diagonal:

Cregularised =C + Hn X )\m'mzmum x I (27)

where p is a user-specified arbitrary scaling factor and \,,inimum 1 the smallest eigen-
value of the data covariance and is an estimate of the variance of the noise [25].
Regularisation typically sacrifices spatial resolution but increases the temporal signal-
to-noise ratio. Techniques exist to infer the optimum regularisation from the data,

but have an associated computational cost [140].

2.5.3.1 Correlated sources

The beamformer has a major limitation that is a consequence of its formulation. In
the presence of two (or more) highly correlated sources, the beamformer will fail to

estimate the variance of the sources, regardless of their spatial separation. Instead,

32



it will blur the sources into a single mis-localised estimate. This is because the
beamformer cancels out the shared contribution of the correlated sources when it
estimates the set of weights that best minimise the total power projected at each
voxel. Van Veen et al. demonstrated this point clearly using simulations of highly
correlated sources [134]. Furthermore, Brookes et al. simulated this using a range of
correlations, demonstrating that the effect becomes significant when the phase lag
between two sources drops below 60 degrees [27].

Fortunately, empirical evidence suggests that stationary correlations (of sufficient
strength to degrade beamformer performance) are not observed in resting-state MEG
data. Multiple functional connectivity studies have successfully used the beamformer
to detect plausible FC, suggesting that the non-stationarity and variability in the
MEG signal (over several minutes) protects against correlated source cancellation
[25,30,88|]. Furthermore, recent work, which directly compares resting-state networks
estimated using beamformers and minimum-norm solutions, finds minimal differences

when utilising either method [106].

2.5.3.2 Advantages of beamforming

Beamforming has three major advantages as a source reconstruction technique. Firstly,
from the definition of the beamformer weights (equation at a given location, we
can see that the weights are a function of the data covariance matrix and the lead-
fields at that location. This means that the estimated solution at any location does
not depend on the number of dipoles estimated, the coverage of the dipole grid nor the
density of the grid used. This makes the beamformer extremely flexible for multi-scale
analyses (from single voxel source reconstruction through to whole-brain estimates).

Secondly, the spatial specificity of the beamformer enables a degree of interfer-
ence suppression. This is well demonstrated by Brookes et al. who show that the
beamformer suppresses the widespread ECG artefact at the source-level [28]. The
beamformer will intrinsically suppress any non-neuronal artefacts that do not origi-
nate from the location of interest.

Thirdly, the beamformer has reduced signal leakage between regions compared
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with MNE techniques [118]|. Signal leakage refers to the spurious correlations intro-
duced between source-reconstructed estimates of two voxels. We discuss this in more

detail in section

2.5.3.3 Beamformer weights normalisation

In this section, we contrast the beamformer estimate of the variance of a dipole with
the true underlying dipole variance. In doing so, we show that there is a spatially
varying contribution to the beamformer variance which is a product of the projected
sensor noise. We introduce weights normalisation as a correction that makes the noise
projection uniform across the brain.

We can evaluate the following expression for the variance, 62,, of our beamformer

estimate of the neural activity as:

1
= XX} (2.8)

o
Nsamples

2
q
As we stated previously, we estimate the neural activity at ¢’ as a weighted sum of the

sensor data (described by equation , which in turn is a function of the true neural
activity and the lead-fields (described by equation . Substituting equations

and 2.3] into equation [2.8] we get:

. 1
62 = qu,(ﬂq/xq, +Y Hox, +e)(Hyxy + > Hpx,+e)"WL  (2.9)
Sampres q#q a#q

If we substitute the unity pass band beamformer constraint (W, H, = 1) and make

the following assumptions:

1. All the dipoles are uncorrelated with each other. This is a requirement for beam-
forming. In the case of long periods of resting-state data this is a reasonable

assumption.
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2. All the dipoles are uncorrelated with the sensor-level noise, €.

we can then express expected value of the variance of the beamformer estimate as:

1
= ———(xgxp + Wy (O HxxH )WL + W,ee" W) (2.10)

Nsamples py

= o, +WeO HoH) )W, +0 W, W,

Q>
SEN

~—

. q#q’ . ..
true variance N _  nhoise projection
~-

signal leakage

where we expressed the sensor-level noise covariance matrix as the noise variance o>

multiplied by an N by N identity matrix (where N is the number of sensors).

The sensor noise term in equation has a spatially-varying bias (quwg)
which leads to an overestimation of the variance in the centre of the brain. This
depth bias can be seen in the raw beamformer and envelope variance maps shown
in Figure taken from [65]. Usually, we divide our estimate, X/, by /Wy WZ.
This down-weights deeper voxels and gives an unbiased estimate of the noise variance
across all voxels. Figure[2.4)also shows the weights-normalised (or scaled) beamformer
and envelope variances. Now the peak variance originates from the cortex. Without
weights normalisation, we observe an increase in the variance of the estimated neural
activity even if the true neural activity has homogeneous variance [134]. While weights
normalisation corrects for this, it also creates a biased estimate of the true variance.

This means that the weights-normalised beamformer estimate of a dipole’s variance,

2

g, 1s no longer equal to the true variance, 03,, plus some error contributions due to
signal leakage and sensor noise. Instead, the beamformer estimate is equal to the true

variance scaled by the weights normalisation, which we show mathematically below:

~2 q
0o = o (2.11)
“ W, WZ
2y T T
_ ot Wi o HDW, |, (212)
W, W, W, W, : '
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Figure 2.4: An ezample map (azial slice) of the beamformer estimates of variance before
(raw) and after (scaled) weights normalisation. The raw variance estimated greatly increases
with depth. After weights normalisation, the peak variance now originates from the cortes.
This effect applies both to the oscillatory time course and its amplitude envelope. Taken

from [65, Fig. 2A].

In chapter b we show that this bias in the estimate of the variance causes major

problems when performing statistics over multiple beamformer sessions.

2.5.3.4 Estimating the dipole orientation

At the beginning of section we assumed the dipole orientation at every vertex
was known. In this section, we will elaborate on several techniques to estimate the
orientation. Using our forward model, we can estimate three lead-field vectors, H,;,
H,; and H,; which equal the activity observed at the sensor array due to the ¢, j
and k£ contributions of a unit current dipole at location g. We can combine these
three vectors into a single lead-field matrix H; ;, = [Hy;, Hy;, Hyxl-

Let us assume that the orientation of the current dipole at ¢ is described by the
3 by 1 unit vector 8,. We can project our full lead-field estimate, H,; ;. onto 8, to
estimate the rank-reduced lead-field H,, which corresponds to the activity observed

at the sensors due to a unit dipole of orientation 6,:
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Hq - Hq%j,k@q (213)

Often, the dipole orientation, 8, is constrained to the plane tangential to the head
surface. This constraint reflects the lack of contribution of the radial component of a
current dipole in a spherical conductor to the externally measured magnetic field [117].

Constraining the orientation to the tangential plane creates a one-dimensional
problem where the unknown orientation now lies between 0 and 27. We can further
constrain the search space to between 0 and 7, noting that orientations in the range
7w to 2m will give identical, except sign-flipped, time courses. This is known as the
problem of dipole sign ambiguity and is a consequence of two dipoles of opposing
orientations being equally good estimates of the underlying neural activity.

We will now present three techniques for estimating the full orientation of each

source-reconstructed dipole.

Anatomically constrained dipole orientations: In section [2.1.3) we outlined
the hypothesis that the MEG signal originates from the synchronous activity of thou-
sands of neurons which are aligned perpendicularly to the cortical sheet. Based on
this reasoning, one approach to estimating the source orientations is to constrain
them to be perpendicular to the subject’s cortical surface (which can be extracted
from their structural MRI) [7./104]. This technique requires the source reconstruction
to be confined to the cortical surface and hence overlooks potential contributions from
deep brain sources. Furthermore, it requires a structural MRI for each participant
and an accurate cortical surface extraction. This may not be available (for example

with participants with non-MR compatible medical implants).

Maximising projected power: The second technique for estimating the orienta-
tion is to use the orientation that maximises the projected power of the dipole to the
sensor array. This can be estimated as the first principle component of the vector
beamformer solution [119]. We utilise this technique as it provides a balance between

adaptability (i.e. it can be applied to any voxel and it does not require a structural
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MRI) and computational simplicity and speed.

Maximising signal-to-noise ratio - Synthetic Aperture Magnetometry: Syn-
thetic Aperture Magnetometry (SAM) beamformers estimate the optimum orienta-
tion of a dipole at the ¢*" location by performing a search for the orientation that
maximises the signal-to-noise ratio [115,]136]. The signal-to-noise ratio is measured
using the pseudo-Z-statistic, #,, which is defined as:

9

2, = (2.14)

02

SAM estimates %, for tangentially constrained dipole orientations between 0 and
7 and uses the orientation that gives the maximum pseudo-Z-statistic as the optimal

estimate.

2.6 Artificial functional connectivity in MEG

In MEG (and EEG), FC measurements are plagued by artificial contributions to
connectivity metrics [118,/138]. Consider a case where we have a grid of mutually
uncorrelated dipoles. Each MEG sensor’s recording will be a linear mixture of these
dipole time courses. As such all the sensors will have some degree of correlation
with each other - we term this contribution field spread [138]. Measuring functional
connectivity between sensors is hugely confounded by the field spread artefact.
Projecting the data back into source-space has been shown to reduce the artificial
FC observed [118]. However, it does not eliminate it. As stated in section
source-reconstructed dipoles are weighted sums of the sensor data (equation
Therefore, two reconstructed dipoles will have correlated activity if their weights are
correlated [25465]. If we combine equations [2.2| and we can mathematically show

that our estimate for one voxel contains activity leaked from all others:

%y = Wy(Hyxy + Y Hpx, +€) (2.15)
q7#q’

signal leakage
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This source-space contribution to FC is referred to as signal leakage or cross-talk.
It is possible to eliminate signal leakage in certain cases (such as using multi-dipole
beamformers to estimate pairwise FC [98|). Generally, accounting for signal leakage
contributions to FC is a significant challenge in whole-brain FC analysis. We discuss

practical solutions to account for signal leakage in section [4.4.1]

2.7 MEG systems

In this thesis, data acquired on two different MEG systems are used. Although,
theoretically the scanners measure similar signals and are designed using similar as-
sumptions, technical differences in the design and initial analysis of these systems
require subtle variations in the subsequent analysis of their outputs. Below is a brief

introduction to the two systems utilised in this thesis.

2.7.1 Elekta Neuromag

The Elekta Neuromag has an array of 102 magnetometers and 204 planar gradiometers
(102 orthogonal pairs). By overlapping each magnetometer and pair of gradiometers,
this array gives three complementary measurements at 102 locations. This array can
detect fields as low as 5fT [49]. However, correctly combining the two sensor types is
not trivial and is discussed in section B.3.11

The FElekta Neuromag has an interference rejection algorithm that employs signal
space separation (SSS) [127]. Signal space separation projects the MEG data into
a basis set of spherical harmonics such that sources from within the sensor helmet
can be separated from any sources of interference that do not originate from within
the helmet. This is implemented using MaxzFilter™, a software package provided
with the Elekta Neuromag system [50]|. MazFilter™ uses an implementation of SSS
to attenuate any sources outside the helmet such as electromagnetic cardiac inter-
ference. However MazFilter™ has two technical caveats: firstly, it greatly reduces

the dimensionality of the MEG data. Secondly, MazFilter™ can propagate certain
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artefacts from an individual channel into multiple channels. We discuss these issues
and our solutions in chapter

MazFilter™ can also be used to apply movement compensation. When the MEG
data is projected into the spherical harmonic basis set, it can be re-projected into
an arbitrary location. By continuously measuring the head position throughout the
scan, MazFilter™ can re-project the data at each time point into a specific head

position.

2.7.2 275 channel CTF whole-head system

The 275 channel CTF whole-head system consists of an array of 275 axial gradiome-
ters, which are at different locations (giving a greater density of sensors but with only
one type of measurement being recorded at each location). In addition, within the
magnetically shielded room there is an array of 25 reference sensors. This reference
array is designed to measure the same far-field interference as the scanner helmet but
is placed sufficiently far from the subject that it is insensitive to any neural activ-
ity. The recordings from the reference array are projected onto each of the 275 axial
gradiometers and then removed. This is referred to as 3rd order gradiometer cor-
rection and is very effective at rendering the main sensor array insensitive to far-field

interference [136].

2.8 Summary

This chapter represents a brief and far from exhaustive introduction to MEG with
an extended focus on source reconstruction using beamformers. We have laid the
mathematical framework that will be used in subsequent chapters where we address
practical challenges to MEG analysis and present a framework for performing func-

tional connectivity analyses in resting-state and task-positive MEG.
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Chapter 3

Preprocessing for MEG analyses

3.1 Chapter abstract

In this chapter, we outline the MEG preprocessing framework that enables us to
perform the functional connectivity analyses used throughout this thesis. We adopt
a MEG preprocessing pipeline with three major novel contributions. The first is a
procedure for applying MazFilter™ to Elekta Neuromag data that is robust to corrup-
tion from specific channel artefacts. The second is an implementation of independent
component analysis for de-noising multi-sensor-type MEG data in sensor-space. The
third is a set of modifications to the LCMV beamformer that enables source recon-
struction of multi-sensor-type and MazFiltered MEG data. We have incorporated

these insights into our standard preprocessing pipeline (summarised in Figure .

3.2 Preprocessing with MaxzFilter™

Signal space separation can be used to suppress far-field sources of interference [127].
We use the commercial implementation of MazFilter™ with its standard settings as
it has been optimised for use with the Elekta Neuromag system [50][T]

However, we have identified a potential issue when applying MazFilter™ to Elekta

!The signal space separation algorithm has not been implemented for other scanners, such
as the CTF 275-channel system. Instead, data acquired on the CTF scanner, also used in
this thesis, has 3rd order gradiometer correction which is a combined hardware/software
technique for suppressing far-field interference [136)].
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Neuromag data. Specific electronic artefacts?] introduced in the MEG recording get
propagated from one channel into every channel by the MazFilter™ algorithm. These
artefacts are typically characterised by high amplitude, sharp discontinuities. We
demonstrate this in Figure 3.1l The channel artefact has been recorded in a sin-
gle magnetometer (left panel of Figure [3.1]A). If this channel is included in the
MazFilter™ analysis, then the artefact is propagated into every channel (Figure
3.1B). However, if the channel is excluded from the MazFilter™ then the result-
ing data are not corrupted (Figure ) One option is to forgo using MaxzFilter™
completely. Although this protects against the propagation of scanner electronics
artefacts, it has two shortcomings: firstly, MazFilter™ can improve the quality of
the data. We demonstrate this by identifying two noisy gradiometers in Figure [3.1]A
which are cleaned up with MazFilter™. Secondly, MazFilter™ enables the use of
continuous motion correction which may improve the sensitivity of some analyses
(particularly if the participants move a lot, such as when scanning children).

To account for channel artefacts we implement a two stage procedure. In the first
stage, the data are visually inspected and any channels containing high amplitude,
sharp discontinuities are flagged. In the second stage, MazFilter™ is applied but
ignores any flagged channels. The data are visually inspected to confirm that no
artefacts have been propagated across channels. We have found this to be a simple

but robust approach.

3.3 De-noising with ICA

Independent component analysis (ICA) is used routinely to separate physiological
artefacts from MEG and EEG data [91]. It can be used to remove artefacts due
to cardiac activity, eye-blinks and saccades, muscle activity and mains interference.

2These artefacts are a consequence of the Elekta Neuromag scanner’s automatic tuning,
which tries to minimise the noise levels across the sensors. We have found that the tuning
occasionally selects an unstable minimum-noise operating point where the relationship be-
tween the flux passing through each SQUID and the voltage measured across that SQUID
can transiently move from an approximately linear regime into a highly non-linear regime.
These transient regime shifts result in a sharp spike in the sensor time course, followed by
a decay of several seconds back to the normal operating regime.

42



Numerous ICA de-noising tools are available in open source software packages (e.g.
FieldTrip (Donders Institute for Brain, Cognition and Behaviour, Radboud Univer-
sity)). However, these tools can only de-noise single-sensor-type data. However, as
we shall see, particular care is needed when applying ICA de-noising to multi-sensor-
type data, such as that acquired using an Flekta Neuromag scanner (which has both
magnetometer and planar gradiometer sensors). Here, we develop an ICA de-noising
framework specifically designed to de-noise Elekta Neuromag multi-sensor-type data.

Our ICA de-noising framework has 4 stages:

1. Sensor normalisation
2. ICA decomposition
3. Identification of artefact components

4. Removal of artefact components

3.3.1 Sensor normalisation

Elekta Neuromag data has two sensor types: magnetometers and planar gradiome-
ters. The two sensor types have different units and different noise levels. Many ICA
implementations start with a dimensionality reduction, typically via a principle com-
ponent analysis (PCA). The PCA removes the smaller principle components and the
ICA is then performed on the reduced dimensionality subspace. In single-sensor-type
analyses, this is straightforward, based on the idea that the artefacts we seek often
have greater variances than the signals due to neural activity (refer to Figure ,
and so low dimensional PCAs focus on these components.

However, magnetometers have a much smaller signal and noise variance compared
with planar gradiometers (Figure [3.2A). The spectrum of eigenvalues has two dis-
tinct regimes corresponding to the planar gradiometers and magnetometers. The
corresponding eigenvectors show that most of the magnetometer information is con-

fined to the 102 smallest principle components. As such, dimensionality reductions to
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dimensions less than 204 will remove nearly all the magnetometer information. Con-
sequently, the ICA effectively operates only on the gradiometers and only de-noises
them.

In principle, one could avoid the issue of sensor-normalisation by performing ICAs
separately on the different sensor types. However, this will lead to each sensor type
being de-noised differently which in turn will cause downstream issues in the source

reconstruction.

Therefore, in order to perform ICA correctly on multi-sensor-type data, it is es-
sential to normalise the different sensor types. One possible approach is to normalise
each sensor type separately to have unit average variance [72|. Figure shows the
spectrum of eigenvalues and corresponding eigenvectors for variance-normalised mag-
netometers and gradiometers. It is clear that variance normalisation does not lead to
both sensor types being equally well represented in the largest principle components.
This is because the eigenvalues of the magnetometers span a much greater range (sev-
eral orders of magnitude greater) than the eigenvalues of the gradiometers (this can
be seen in the eigenspectrum in Figure ) Variance normalisation approximately
matches the largest eigenvalues of the two sensor types, but the remaining eigenval-
ues of the gradiometers are still much larger than the equivalent eigenvalues of the
magnetometers.

Our proposed solution is to “noise-normalise” each sensor type to have equal noise
variances. Noise variances could be estimated from empty room MEG data but this
requires an empty room sample to be acquired with each session of data [72|. Instead,
we use the smallest eigenvalue of each class of sensor as an estimate of its noise
variance. Figure [3.2IC shows the same data after minimum eigenvalue normalisation.
Now information from both sensor types is present in the largest principle components.
Consequently, both sensor types will be de-noised equally. This is in agreement with
Beckmann et al.’s (2004) implementation of ICA in the context of fMRI, where the
data is noise-normalised across voxels [15].

When applying the minimum eigenvalue normalisation to Flekta Neuromag data

that has had signal-space-separation applied to it, we have to modify this procedure to
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account for the reduced rank. The true rank of the MazFiltered data is approximately
64 but numerical rank estimators in Matlab (including the singular value decomposi-
tion used when estimating pseudo-inverses) often over predict this (see Figure
for a demonstration of this in the context of beamforming). As such we force the nor-
malisation to use the 60th eigenvalue (the exact dimensionality cut-off is not precisely

defined and so for stability we use the fifth smallest eigenvalue).

3.3.2 ICA decomposition

The sensor-space MEG data, Y, is noise-normalised (using the minimum eigenvalue
normalisation method described in the previous section) to give Y which is in turn
decomposed into a set number of I temporally independent components, G (an [
components by T samples matrix), and associated sensor topographies, F (an N

sensors by I components matrix), using FastICA [77]:

Y = FG (3.1)

The number of components is limited by the rank of the data but otherwise
needs to be specified by the user. For non-MazFiltered Elekta Neuromag data and
CTF data, we estimate 150 components (we use a model order of 150 based on the
preprocessing pipeline described by Mantini et al. [90]). In the case of MazFiltered

data, the rank is 64 and therefore we decompose the data into 64 components.

3.3.3 Identification of artefact components

For certain data sets, ECG, EOG and optical eye-tracker data were acquired with the
MEG. For these data sets, we estimated the Pearson correlation coefficient between
each component time course and the raw time course of each external signal. We
classified any component with a correlation coefficient greater than 0.3 as an artefact.
These data sets validated our procedure for classifying artefacts in data sets with no
ECG, EOG or eye-tracker available.

We classified artefact components from such data sets via the following method.
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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 [53,91]. 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. Figure [3.3[ shows the typical topographies, time courses and correlation

values used for a single subject being de-noised with ICA.

3.3.4 Removal of artefact components

Having identified any artefact components, there are two options for estimating the
de-noised MEG data. The first is to estimate it as the product of the non-artefact sen-
sor topographies and independent time courses (i.e. to reverse the ICA decomposition

excluding the artefact components).

Yde—noised - Fnon—artefacthon—artefact (32)

The second approach is to estimate the de-noised sensor data as the subtraction
of the artefact components from the raw data, shown below. This is equivalent to
regressing out the artefact component time courses from the original data (where the
regression parameters have been found as part of the ICA). As shown by Mantini et
al. (2011), the subtraction is the preferred approach because we preserve any neural

activity that might have been excluded from the ICA at the dimensionality stage [90].

Yde—noised =Y — FartefactGartefact (33)

We converted this subtraction into a multiplication using a residual forming matrix:

Yde—noised = (I - FartefactGartefactY+)Y (34)

46



where Y is the pseudo-inverse of the sensor data Y. This enabled us to simultane-
ously de-noise the data and correct the lead-fields via the montage function in SPM8
(FIL,UCL).

In order to demonstrate the efficacy of our ICA de-noising pipeline, Figure [3.4
shows a single session of FElekta Neuromag data before and after ICA de-noising.
Figure |3.4A shows 30s from the channel which has the strongest correlation with the
eye-tracker blink time course. Note that several eye-blinks present in the raw data
(blue) have been removed by the ICA. Furthermore, the channel’s correlation with
the eye-tracker blink time course has been reduced from 0.38 to —0.05. Figure |3.4B
shows 10s of data from the channel with the strongest correlation with the ECG
recording. The strong ECG artefact present in the raw data (blue) has been removed
in the de-noised data (red). The overall channel correlation with the ECG has been
reduced from 0.32 to —0.09. Finally, Figure shows the reduction in 50Hz power

in the mean of the magnetometer channels after ICA de-noising.

3.4 Removal of bad channels and bad epochs

In addition to MazFilter™ and ICA de-noising, we also perform a visual inspection
of the sensor-space data to identify any remaining noisy channels and noisy epochs
of data (these epochs can be of arbitrary length). Bad channels are excluded from
the remaining analysis. Bad epochs are kept but excluded from specific stages (such
as estimating correlation and covariance values) but are included for any operations
which require the preservation of data continuity (such as temporal filtering or the

Hilbert transform) [9).

3.5 Source reconstruction with a beamformer

In section we introduced beamforming as a tool for estimating the source-level

activity that drives MEG data [115,]134]. In this section, we introduce two novel
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adaptations to generic beamformer implementations. The first adaptation is the
manual specification of the rank of MazFiltered data to ensure correct inversion of
the data covariance matrix leading to robust beamforming of MaxFiltered data. The
second is the application of minimum eigenvalue normalisation to allow beamforming

of multi-sensor-type MEG data (such as Elekta Neuromag data).

3.5.1 Specifying the rank of MaxFiltered data to ensure robust

inversion of the data covariance matrix

One consequence of applying MazFilter™ is that the algorithm reduces the dimen-
sionality of the data from 306 to 64. This reduction in rank reflects the removal of
far-field contributions to the data. As such, the true dimension of the data covariance
matrix is 64, as shown by Figure which shows the eigenspectrum for a single
subject’s MaxFiltered data. As shown in equation [2.6] the beamformer weights are a

function of the inverse of the data covariance matrix.

We found that the Matlab implementation of the pseudo-inverse consistently over
predicts the rank of the data covariance matrix and as a consequence produces a poor
estimate of its inverse. Figure shows that the automatically estimated rank of
the data covariance matrix is 68 which is after the knee of the eigenspectrum (see
the red cross-hair). We demonstrated the consequence of this rank overestimation
by performing a single session functional connectivity analysis. We beamformed a
single session of MaxFiltered resting-state data, band-pass filtered into the [-band
(13-30Hz) using this erroneous inverse covariance matrix. At every voxel of a 6mm
grid, we estimated the correlation of the low-pass filtered (<0.5Hz), orthogonalised
envelopes with a seed in the left motor cortex (MNI coordinates [42, —24, 60]mm).
This functional connectivity analysis is described fully in section [{.4.2] Figure [3.5B
shows the resulting correlation map: the strongest FC with the left motor cortex
was found in the left frontal lobe rather than in any of the contralateral motor areas

(which should show the strongest FC) [25L[74].

To fix this issue, we forced the pseudo-inverse to use a rank estimate that is smaller
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than 64. Specifically, we forced the rank estimate to be 60 which is before the knee
in the eigenspectrum (see the black cross-hair in Figure 3.5A). Figure shows the
equivalent seed-based correlation analysis: we found the strongest correlations with
the left motor cortex to be in the medial and right motor areas, exactly where we

would predict them to be.

When manually forcing the rank, it is also necessary to account for any reduced
dimensionality introduced by the ICA de-noising. For all of our analyses on MaxF'l-
tered data, we forced the rank of the inverse covariance matrix to be 60 to account

for the combined reduction in rank caused by MaxzFilter™ and ICA de-noising.

3.5.2 Minimum eigenvalue value normalisation of multi-sensor-

type MEG data

In section [3.3.1) we developed minimum eigenvalue normalisation in the context of
performing ICA on sensor-space MEG data to remove physiological artefacts. How-
ever, it is also necessary to perform similar normalisation as a preprocessing step
when beamforming over multiple sensor types of MaxFiltered data for the following
reason. As we stated in the previous section, when beamforming MaxFiltered data,
we must force the rank of the data to be 64 or less prior to estimating the inverse
covariance matrix. This is equivalent to performing a PCA dimensionality reduc-
tion on the data covariance matrix. However, performing a dimensionality reduction
(down to less than 64) on MazFiltered data without any normalisation between sen-
sor types will lead to the contribution from the magnetometers being excluded (in
exactly the same way as we showed for sensor-space ICA de-noising). This can be
seen in Figure , which shows the eigenvalues/eigenvectors of a single session of
MazxFiltered resting-state data without any normalisation. The eigenvectors show
that the 64 largest principle components contain minimal information from the mag-
netometers. As such, it is essential to normalise each sensor type prior to the PCA
dimensionality reduction. Figure [3.6| shows the same data after minimum eigenvalue

noise-normalisation. Now, the 64 largest principle components contain information
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from both the magnetometers and planar gradiometers.

There is an additional benefit to applying noise-normalisation to multi-sensor-type
MEG data. In equation [3.5] we show an expression for the beamformer-estimate of
the variance of a dipole in terms of the true variance of that dipole, the signal leakage

from other dipoles, and the projection of the sensor noise.

1

6L = ﬁ(xq,xg + Wy Y HuoHIW] + Wyee' W) (3.5)
samples a#q
oy = 02+ Wy Y Heo/HIW] + 0 W, W] (3.6)

q#q

1.7
TEE

In this formulation, we assumed the sensor-level noise covariance matrix > =
could be expressed as 0.1, essentially assuming that the noise across all the sensors

has uniform variance and is uncorrelated. This led to the definition of the weights

normalisation ,/quwg in section [2.5.3.3] In single-sensor-type MEG data (such

as that acquired on a CTF system), this is a reasonable assumption as all the sen-
sors are identical. However, in multi-sensor-type data this is not the case. In Elekta
Neuromag data, the magnetometers and planar gradiometers will have different noise
variances. Minimum eigenvalue normalisation is a data driven method for matching
the noise levels of the two sensor classes. Without matching the noise levels, our
weights normalisation must account for the different noise levels of the two channels
and therefore must include the full noise covariance matrix. The weights normalisa-
tion term becomes ,/Wq/EW? Estimating the noise covariance matrix, ¥, is not
trivial - the covariance of empty room data could be used as a surrogate but this re-
flects both sensor noise and environmental interference. Also, such a method requires
the acquisition of empty room MEG data for each scan because the sensor noise is

not guaranteed to be stable over long periods of time.
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3.6 The preprocessing pipeline

Here, we summarise our preprocessing pipeline which takes raw MEG data, de-noises
it and performs a beamformer source reconstruction. Figure represents our cur-
rent best-practice procedure for preprocessing MEG data prior to any functional
connectivity analysis and is used throughout this thesis. Any deviations from this
pipeline will be explicitly stated in the relevant methods section. Our pipeline has

the following stages:

e Data acquisition (either on an Elekta Neuromag or CTF 275-channel whole head

system).

e Far-field interference suppression: FElekta Neuromag - MazFilter™ . CTF 275-

channel whole-head system - 3rd order gradiometer correction.
e [CA de-noising to remove eye-blink, cardiac and 50Hz mains interference.
e Bad channel/bad epoch removal.
e Band-pass filtering.
e Co-registration of head shape to subject’s structural using SPM8 (FIL,UCL).

e Forward model estimation either using overlapping local spheres [75] or single
shell forward models [103] implemented in FieldTrip (Donders Institute for

Brain, Cognition and Behaviour, Radboud University).

e Beamformer source reconstruction to a 6mm grid spanning the whole head -

including sensor normalisation and rank specification.

3.7 Summary

This chapter discussed the preprocessing pipeline used throughout this thesis. We fo-
cused on several critical pitfalls that one encounters when analysing Elekta Neuromag

data. These challenges are consequences of the MazFilter™ algorithm and/or the
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existence of multiple types of sensor. MazFilter™ has two critical pitfalls: the first
is that it can propagate certain artefacts from one channel into many. In the best
case, this leads to large numbers of channels or trials being discarded. In the worst
case, the propagated artefact is overlooked and can lead to spurious results such as
high functional connectivity. It is worth noting that the original manifestations of
this artefact that led to its discovery were source-space independent components with
whole-brain spatial maps.

Failing to account for the reduced rank of MaxFiltered data can be much more
apparent as the beamformer gives very poor results, assuming that the analysis being
performed has some ground truth (such as the known (S-band FC between motor
regions). Such test cases are essential for validating any analysis pipeline.

In this chapter, we also addressed the problem of combining multiple sensor types
when performing ICA de-noising and beamforming. We focused exclusively on the fu-
sion of magnetometers and planar gradiometers. We have found minimum eigenvalue
normalisation to be a principled technique which gives empirically better results than
any other technique. A future extension of minimum eigenvalue normalisation would
be in the context of source-reconstructing concurrent EEG/MEG data. As EEG
and MEG offer complementary insights and have different spatial sensitivity profiles
(EEG is preferentially sensitive to sources in the gyri and sulci, whereas MEG is
preferentially sensitive to sources between the gyri and sulci) a combined source re-
construction has the potential to offer superior results. The challenge of combining
EEG/MEG in a single source-reconstruction solution is not trivial and is one of the
hurdles preventing a wider adoption of the techniqueﬂ

The consequences of overlooking the issues outlined in this chapter can be quite
insidious and only become apparent far downstream in any given analysis, whether

it be a resting-state functional connectivity analysis or a task-based analysis.

3The complexity of EEG forward modelling and the additional time cost of setting up
participants for combined EEG/MEG are also factors.
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Figure 3.1: Ten seconds of resting-state MEG data acquired on an Elekta Neuromag for
a subset of channels. Magnetometers are shown on the left panels. Planar gradiometers
are shown on the right. A. The raw data with no preprocessing applied. Note that a single
magnetometer channel has a high amplitude channel artefact shown in the dashed red boz.
Two noisy planar gradiometers have also been identified and are highlighted with dashed
blue bozes. B. The same data after applying MazFilter™ . The MazFilter™ algorithm has
propagated the magnetometer channel artefact across all the channels. C. The same data
after MazFilter™ has been applied, except that the corrupted magnetometer channel has
been excluded. Note that the two noisy gradiometers have been successfully cleaned up by the

MazFilter™ process.
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Figure 3.2: Demonstration of minimum eigenvalue normalisation. A. The eigenspectrum
and corresponding eigenvectors for a single session of Elekta Neuromag data. Fach eigen-
vector is a column vector, where channels have been grouped by sensor type - 204 planar
gradiometers followed by 102 magnetometers. Magnetometers have much smaller eigenval-
ues and, as such, performing a dimensionality reduction will exclude the signal from the
magnetometers. B. The eigenspectrum and eigenvectors of the same session after each sen-
sor type has been normalised by its average variance. Dimensionality reduction will still
exclude most of the information contained in the magnetometers. C. The eigenspectrum and
eigenvectors of the same session after each modality has been noise-normalised by its small-
est eigenvalue. Minimum eigenvalue normalisation matches the noise levels of both sensor
types and means that any arbitrary dimensionality reduction will include information from
both magnetometers and planar gradiometers.
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Figure 3.3: An example of the temporal and topographical features used to manually classify
artefact components in ICA de-noising (taken from a single session of Elekta Neuromag
resting-state data). A. Two 50Hz mains components whose power spectra are dominated
by 50Hz signals. B. Two cardiac components that have strong correlations with the ECG.
The component time courses strongly resemble a typical ECG trace. C. A single eye-blink
component that has strong correlations with the eye-tracker. The time course has reqular
blink events and the topographies of the magnetometers/gradiometers have symmetric maps
with peak values over the frontal sensors, typical of an eye-blink.
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Figure 3.4: Sensor-space demonstration of the successful removal of the eye-blink, cardiac
and 50Hz mains artefacts using independent component analysis. A. 30s of data from the
channel with the greatest correlation with the blink time course, measured using an optical
eye-tracker, before (blue) and after (red) ICA de-noising. B. 10s of data from the channel
with the strongest correlation with the ECG before (blue) and after (red) ICA de-noising.
C. The power spectrum of the mean of the magnetometers before (blue) and after (red) ICA
de-noising.
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Figure 3.5: A demonstration of the importance of correctly estimating the rank of the
inverse covariance matriz when beamforming MaxFiltered data. A. The eigenspectrum of
a single session of § minutes of resting-state data acquired with an Elekta Neuromag and
preprocessed with MazFilter™ . The red cross-hair corresponds to the rank of the data esti-
mated by the Matlab pseudo-inverse. The black cross-hair corresponds to the rank imposed
by us in our modified pseudo-inverse. To demonstrate the effect of using an overestimated
rank versus a correct estimate, we performed a seed-based correlation analysis between the
orthogonalised, low-pass filtered envelopes at each vozel. The seed was placed in the left
motor cortex (MNI coordinates [42,—24,60lmm). B. The resulting correlation map using
the overestimated rank of 68. No strong correlations have been found between the left motor
cortex and the contralateral motor areas. C. The resulting correlation map using the user-
specified rank of 60. We have found the strongest correlations with the left motor cortez to
be in the medial and right motor cortices.
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Figure 3.6: Demonstration of the importance of normalising sensor types when beamform-
ing MazFiltered data. A. The eigenspectrum and corresponding eigenvectors for the un-
normalised MazFiltered data. The 64 largest principle components (PCs) contain minimal
information from the magnetometers. B. The eigenspectrum and corresponding eigenvectors
for the noise-normalised data (using minimum-eigenvalue sensor normalisation). Now the
64 largest PCs that will be used in the beamformer contain information from both magne-
tometers and gradiometers.
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Figure 3.7: A schematic of our preprocessing pipeline which includes far-field interfer-
ence rejection, physiological artefact removal using ICA, and source reconstruction with a
beamformer.



Chapter 4

Imaging functionally-connected

networks in MEG

4.1 Chapter abstract

We present three sets of functional connectivity analyses for resting-state MEG. FC
is defined as correlations in the slow co-variation oscillations of band-limited car-
rier time series of source-space neural activity (that have been estimated with the
preprocessing pipeline presented in chapter [3)).

We initially investigate the optimum carrier and co-variation frequency window
for measuring FC in the presence of signal leakage. We estimate the FC between 10
pairs of voxels from known RSNs to build up a distribution of FC scores as a function
of carrier /co-variation frequency and compare this to an equivalent null distribution
of FC scores, estimated using Monte Carlo simulations.

We proceed to develop a seed-based correlation analysis for imaging individual
RSNs. We contrast several approaches for accounting for spurious FC introduced due
to signal leakage. We demonstrate our seed-based analysis by imaging the sensori-

motor network.

Finally, we present a framework for using independent component analysis (ICA)
to decompose group-concatenated MEG envelope time courses into multiple RSNs.

We demonstrate that this analysis works on MEG data acquired using a CTF system
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and using an Elekta Neuromag system (which represents the first successful extraction

of RSNs from FElekta data).

4.2 Measuring functional connectivity in band-limited
power time courses

In the previous chapter, we outlined a framework for preprocessing resting-state or
task-positive MEG data from its raw form through to a de-noised, source-space rep-
resentation consisting of several thousand voxel time courses of neural activity for a
specific frequency band. In this chapter, we will consider two types of analysis for
imaging functionally-connected networks from source-space MEG data: seed-based
correlation and independent component analysis.

In fMRI, the simplest technique for measuring functional connectivity between a
pair of spatially separated regions is to estimate the correlation coefficient between the
BOLD time courses of that pair of regions. This assumes that there is a stationary,
zero-lag dependency between the two regions of interest. Due to the HRF blurring in-
herent to BOLD time series, stationary, zero-lag dependencies are consistently present
between functionally-connected voxels. Despite its simplicity, seed-based correlation
gives informative findings about functionally-connected networks [21].

However, in MEG we do not observe stationary, zero-lag statistical dependencies
in the raw data and so cannot use correlation to measure FC between raw source-
reconstructed time courses (because there is no blurring due to the HRF as observed
in fMRI). The inability to measure FC in raw time courses of source-space MEG data
with correlations could be explained by stationary, non-zero phase lags. However,
coherence, a measure of FC that can account for non-zero phase lags between sig-
nals, also fails to detect connectivity in raw, source-space MEG data. This suggests
that there is a high degree of temporal variability in the phase lags between voxels de-
stroying any raw correlation/coherence. In fact, we depend on this phenomenon when
beamforming as we cannot use a beamformer to source-reconstruct data containing

strong temporal correlations (refer to section [2.5.3.1]).
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Figure 4.1: A schematic that shows the relationship between the raw signal at a vozel
obtained from beamformed MEG data (blue), its oscillatory amplitude envelope (red) and the
window-averaged envelope (green) using a window length A.

Instead, correlations in the band-limited power (BLP) fluctuations of a given
frequency band have been shown to be an excellent metric of FC in MEG, with
strong correspondence to FC measured using correlations in BOLD time courses
[25]. Throughout this thesis, correlations between the slowly-fluctuating envelopes
of source-reconstructed time courses are used as a surrogate measure for BLP cor-
relations, where the envelope time course is proportional to the positive square root
of the BLP time course. Figure [4.1] shows a simple example of the slow fluctuations
(green) in the envelope (red) of the beamformed time course (blue). In this case,
the slow fluctuations have been extracted using non-overlapping windowed averag-
ing [25,88]. This is very similar to a low pass-filter, with longer window lengths, A,

corresponding to lower cut-off frequencies.

4.3 Detecting the optimum time scale to measure

functional connectivity(']

Measuring correlations between the envelopes of source-reconstructed oscillations is
a robust metric of FC in MEG, as shown by Brookes et al. (2011) and Hipp et al.

(2012) [25,(74]. In both these studies the authors find preliminary evidence that the

IThe analysis in this section has been published in full by Luckhoo et al. in 2012 [88].
The descriptions of the data, methods and results have been taken from this publication.
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low frequency envelope oscillations (<1Hz) are the dominant contributors to genuine
FC. Brookes et al. used a windowed-average (using a window length, A) to extract
the low frequency component whilst Hipp et al. used a low-pass filter (with a cut-
off frequency, f.. Both techniques yield equivalent results (where A = 2—}6) Both
studies find peak FC in the beta band. We term the frequency band of the source-
reconstructed neural activity the carrier frequency band. We term the frequency
band of the envelope the co-variation frequency (using the terminology from [74]).
The carrier frequency is often specified at the stage of source reconstruction (see
Figure [3.7).

We attempted to identify what the optimum carrier frequency/co-variation fre-
quency window is in which genuine FC can be measured with maximum confidence.
To do this, we estimated the distribution of FC scores between 10 edges (pairs of
nodes) of known RSNs as a function of carrier frequency band and window length, A.
We estimated an equivalent null distribution where no genuine FC was present using
Monte Carlo simulations and contrasted the two distributions using non-parametric

statistics.

4.3.1 Data

Twelve subjects participated in a 2-back working memory MEG experiment. Each
subject was scanned at rest (300s during which the subject kept their eyes open and
fixated on a cross) and also during a 12 minute 2-back working memory paradigm.
The data in this cohort was also used in the analysis of task-positive functionally-
connected networks presented in chapter [0 Refer to section [6.3.1]for a full description

of the data set.

4.3.2 Methods

For each subject in the 2-back cohort, the beamformer was used to estimate the
activity at voxels in the default mode network (DMN), right and left frontoparietal

networks (FPN), sensorimotor network and hippocampi over a range of frequency
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bands, between 0 and 150Hz in non-overlapping 4Hz windows. The coordinates of

these nodes are listed in Table 4.1l

Network MR Coordi-
nates (mm)
. 50 -62 26
Right FPN 56 32 96
50 62 26
Left FPN 26 32 2
42 -62 36
42 -62 36
DMN 0 -52 98
0 60 4
' 41 -25 49
Bilateral Motor Network | 41 -95 49
. _ 30 -14 -16
1ppocampi 230 -14 -16

Table 4.1: MNI coordinates of 12 nodes from five RSNs which are known to be functionally-
connected. RSNs used were the right and left frontoparietal networks (FPN), the default-
mode network (DMN), the motor network and the hippocampi. Table taken from [88, Table

1]

We estimated the Pearson correlation coefficient of the windowed-average of the
envelopes between the nodes within each network for a range of window lengths and
for every frequency band. This gave a distribution of genuine FC scores (10 values for
each subject for each frequency band/window-length). We used 13 different down-
sampling window lengths (A = 0,0.1,0.25,0.5,0.7,1,1.5,2, 3,4, 5,7, 10s).

We also estimated the distribution of artificial null FC scores using Monte Carlo
simulations. For each subject, we projected band-limited Gaussian noise through the
frequency specific beamformer weights used to estimate the genuine FC scores. As
there was no underlying connectivity, any measured FC was artificially introduced by
cross-talk between the beamformer weights. We performed 50 instantiations per sub-
ject /frequency band. We applied the un-normalised Fisher transformation (equation
to the absolute of every correlation value. The Fisher transformation prevented
any artefacts due to the unity upper bound of the Pearson correlation coefficient dis-
torting our analysis. We took the absolute at this stage as both positive and negative

correlations would be indicative of interesting FC.
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In order to assess the optimum frequency band/window length A for measuring
FC, we modelled the populations of genuine and simulated distributions as separate
2-parameter gamma distributions. We used the gamma distribution as it shares the
key features of our genuine and simulated FC populations; i.e. a fixed minimum at
zero, with the majority of FC scores having low values, and with a tail of strong FC
scores extending to higher values.

Figures [1.2A,B,C show the histograms and gamma distribution fits for the three
different analyses we performed. We performed this optimisation analysis three times:
first on the resting-state block; second on the whole 12-minute 2-back experiment
(which included six 30s rest blocks and six 30s task blocks); third on the six 30s
task blocks only. Qualitatively, we observed that the gamma distribution provided a
sensible fit to our data in all three cases. The optimum frequency band /window length
was defined as the one that maximally separated the two gamma distributions. As a
metric of separability, we estimated the Fisher-transformed absolute correlation that
corresponded to the 95% threshold using the gamma distribution fit to the simulated
correlation values. If this value were to be used as a threshold to classify genuine
from simulated FC, then one would expect a 5% false positive rate. Using this false
positive rate, we then estimated the probability of correctly classifying genuine FC.
This true positive rate was used as the metric of separability of the genuine FC
from the spurious simulated FC: i.e. the optimum frequency band and window
length was the one that maximised the true positive rate, given a false

positive rate of 5%.

4.3.3 Results and discussion

Figure shows the results of our investigation into the optimum carrier frequency
and window length (proportional to the reciprocal of the co-variation frequency)

to detect functional connectivity via correlations in envelope time courses. Figures
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Figure 4.2: Results of the analysis to identify the optimum down-sampling window length,
A. The analysis has been performed on the resting-state data (A,D), the 2-back task and
rest blocks (B,E) and the 2-back task blocks only (C,F). (A,B,C). Shown in red are the
normalised histograms of the Fisher transformed pair-wise correlation values for 10 voxel
pairs (known to be functionally-connected, listed in Table across 12 subjects. For each
set of beamformer weights, 50 unconnected time courses were simulated, giving an equivalent
unconnected population whose histogram is shown in cyan. (D,E,F). The probability of true
positive detection of functional connectivity (estimated at the false positive probability of
5%) for a range of frequency bands and down-sampling windows. Figure and caption taken

from Fig. 3/

[4.2)A,B,C show that modelling the histograms of Fisher transformed, absolute correla-
tion scores as gamma distributions was a reasonable approach that captured the criti-
cal features: 1.) a strict lower bound of zero; 2.) the bulk of the FC scores having low
values; 3.) a minority of pair-wise edges that have high FC scores. Figures ,E,F
show our measure of separation between the genuine functional connectivity distribu-
tions and the simulated (unconnected) null distributions. Across resting-state, task
and rest blocks and pure task blocks, we found that there is an optimum frequency

band to measure FC in the 8-20Hz range, in agreement with other electrophysiology

studies [25,[74,[86,[91]. Lower frequency bands (<8Hz) and higher frequency bands
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(>30Hz but <60Hz) both show a decreased separation between the genuine and sim-
ulated populations. Above 60Hz, we see what appears to be an increased ability to
detect functional connectivity. However, this is likely to be strongly contaminated by
transient muscle artefacts which we have observed to increase apparent FC measures
and which are not consistently removed by our preprocessing pipeline. Our Monte
Carlo simulations account for spurious connectivity introduced by the beamformer
(and are equally applicable to alternative source reconstruction techniques such as
minimum-norm estimates [67]). However, they do not account for physiological and
environmental sources of spurious functional connectivity such as muscle artefacts,

cardiac artefacts and mains interference.

We also note that there is a clear optimum range of down-sampling windows,
1s<<A<4s, that maximises our rate of correctly classifying genuine FC. Again this
trend is apparent in both the resting-state and task-positive state. This analysis does
not explicitly investigate the presence or strength of functional connectivity, but at-
tempts to quantify the confidence that the FC score measured between two voxels
(for a given frequency band and window length) is not the product of spurious corre-
lations introduced during source reconstruction. However, the analysis has implicitly
identified a key feature of genuine FC. Spurious correlations introduced during source
reconstruction will be equally present at all co-variation frequencies. We have identi-
fied a co-variation-frequency-dependent effect which must originate from the genuine
functional connectivity in our data. This “sweet spot” of slow oscillations must rep-
resent a maximal point of signal-to-noise due to optimal down-sampling/low-pass
filtering. As such, 1-4s down-sampling must be focusing on genuine neuronal events
that drive FC occurring at that time scale. This time scale is in agreement with
the time scale of FC determined by the maximally correlated window approach [43)],

where there is evidence of non-stationary FC occurring within 10s time windows.

Our finding is also in strong agreement with previous studies, which all indicate
that the low frequency part of BLP oscillations is the best for measuring functional
connectivity over several minutes [25,[74,/86]. Brookes et al. showed a similar result

comparing windowed-average correlations between voxels in the sensorimotor network
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[25]. However, their analysis only considered the sensorimotor network and did not

quantify the separation between genuine and spurious FC as we have.

Hipp et al. performed a complementary analysis where they measured resting-
state functional connectivity in the sensorimotor, auditory and visual networks [74].
They accounted for spurious functional connectivity by orthogonalising pairs of vox-
els prior to estimating the envelopes (refer to section for a full description of
orthogonalisation) [29,74]. Furthermore, instead of using a windowed-average, they
applied a low-pass filter to focus on the slow fluctuations. They found that the 8-32Hz
range was optimum for measuring FC, in strong agreement with our finding. They
also found that FC dropped off with low-pass cut-off frequencies above 0.32Hz (which
approximately corresponds to using A < 1s). This drop off in FC with lower cut-off

frequency corresponds exactly to our finding that FC drops off with A < 1s.

However, Hipp et al. found that FC scores increased with more severe low-pass
filtering (up until 0.032Hz (equivalent to A = 15s which is the limit of their analysis).
It is likely that this is because their analysis failed to account for the decrease of
the number of observations when greater low-pass filtering is applied. Under the
null hypothesis, the standard error of correlation values is proportional to \/LN where
N is the number of independent observations. As we are considering the absolute
of the correlation coefficient, the mean correlation under the null hypothesis is also

proportional to We have implicitly accounted for this effect with our Monte

i

~—~

Carlo simulations (as have Brookes et al.). However, Hipp et al. did not use Monte
Carlo simulations and, as such, only observed an ongoing increase in FC with more

low-pass filtering.

From this analysis, we concluded that the ideal down-sampling window length
is approximately 2s, equivalent to a co-variation frequency of <0.5Hz. In the ICA
framework described in section we use the non-overlapping windowed-average
to estimate the low frequency envelope time courses. Accordingly, we use A = 1s or
A = 2s in all our resting-state ICAs. In chapter [6] we use A = 0.5s when analysing
a 2-back task with 2s long trials. This is because we wanted to retain within-trial

temporal resolution. When using seed-based correlation analyses (described in section
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4.4.2), we use a low-pass filter with a cut-off frequency of 0.5Hz to focus on the

optimum low frequency co-variation frequencies.

4.4 Measuring FC with seed-based correlation

Seed-based correlation has been widely used in MEG functional connectivity analysis
to measure both stationary and non-stationary FC [25,43,44.[74]. Conceptually,
the analysis is extremely simple: one selects a seed voxel (or region) and extracts
a summary envelope time course. One then estimates the correlation between that
envelope time course and the envelope of every other voxel to obtain a correlation

map specific to that reference seed.

4.4.1 Accounting for correlations due to signal leakage

One challenge with seed-based connectivity as a technique is that the resulting corre-
lation maps contain strong artificial contributions caused by spurious correlations due
to signal leakage between source-reconstructed voxels (refer to section for a full
description of signal leakage). It is essential to account for these artificial correlations.
If one ignores them, then one can falsely detect FC even when none is present. We

consider three techniques for accounting for spurious correlations.

Spatial separation: The first is very simple. We assume that spurious correlations
are predominantly introduced between neighbouring regions. This technique is used
by de Pasquale et al. [43]. They stated that correlations measured between the left
ventral and posterior intraparietal sulcus (separated by 19mm) were not due to signal
leakage because there was a minimum in the profile of correlation scores along the
line connecting the two nodes. Furthermore, they noted that other node pairs were
sufficiently separated to be within the spatial resolution of MEG. This line of reasoning
assumes that spurious correlations drop off in a well-behaved, isotropic fashion with
increasing distance from the seed.

However, such behaviour is not always observed in MEG. Here, we demonstrate
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that artificial correlations can exist over long distances, and with an anisotropic spatial
profile by using correlations between beamformer weights as an approximate measure
for cross-talk induced correlations [65]. Figure shows the correlation between
the beamformer weights at a seed in the posterior cingulate cortex (PCC) and the
beamformer weights at every other voxel for a single session of eyes-closed resting-state
data, beamformed in the 13-30Hz band (10 minutes acquired on a CTF 275-channel
whole-head system - for a full description of the data, refer to . We can see
that the weights correlation does not continuously fall off with distance in an isotropic
fashion from the seed. Figure4.3B shows the correlation between the low-pass filtered
(<0.5Hz) envelopes of the same 13-30Hz data with the seed voxel. The correlation
pattern follows the profile of the weights correlation. These two results show that it
is dangerous to assume how much signal leakage is present simply from the distance
between the two voxels and the presence of a minimum in the correlation scores in
the voxels directly separating them. We conclude that distance from the seed is a
misleading technique for accounting for the contribution of artificial correlations to a

given FC measurement, and hence do not use it.

Monte Carlo simulations: The second technique for accounting for spurious func-
tional connectivity is to use Monte Carlo simulations. Monte Carlo simulations have
been successfully used in multiple studies and we use such simulations in section
[25,[30,88|. However, they are computationally expensive and therefore are typi-
cally limited to investigating the contribution of spurious FC for a small number of
edges (pairs of regions) and do not scale well to whole-brain seed-based correlation

analyses.

Orthogonalisation: The final technique is known as orthogonalisation or zero-lag
correction |294/74]. Consider a pair of voxels: before estimating the envelope time
course for each voxel we can orthogonalise one voxel with respect to the other. Cor-
relations caused by signal leakage are zero-lag (or close to it) and therefore are elim-

inated. We can then estimate correlations between the envelope time courses of the
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Figure 4.3: A single session demonstration of the anisotropic spatial profile of correlations
due to signal leakage. 10 minutes of eyes-closed resting-state data was beamformed in the 3-
band (13-30Hz). A. The correlation between the beamformer weights at a seed in the posterior
cingulate corter (PCC) (MNI: [0, —54,28)mm) and every other vozel. B. The correlations
between the low-pass filtered (<0.5Hz) envelopes using the same seed without accounting for
correlations due to signal leakage. Note that the weights correlation and envelope correlation
maps are extremely similar. C. The same correlation map except accounting for signal
leakage by orthogonalising each seed/target vozel pair before estimating the envelope. Note
that the FC between the PCC and the anterior cingulate cortex (ACC) has been removed,
indicating that it was predominantly due to signal leakage.

orthogonalised time series with confidence that signal leakage has been accounted for.
However, this technique will remove any genuine zero-lag effects and so is potentially
over-conservative. Orthogonalisation is substantially more efficient than Monte Carlo
simulations and so is well suited to whole-brain seed-based correlation analyses. One
point to note is that the orthogonalisation of two voxels is asymmetric: the envelope
correlation between voxels a and b after a has been orthogonalised with respect to b
is not equal to the envelope correlation after b has been orthogonalised with respect
to a. The simplest way to account for this asymmetry is to estimate both correlations
and take the mean [74]. Figure shows the equivalent orthogonalised correlation
map for the same single session of 13-30Hz data. The orthogonalisation has removed
a substantial amount of apparent FC from near the seed and furthermore has removed
the apparent FC between the PCC and the anterior cingulate cortex (ACC) that is

present in the standard correlation map (when using the same correlation thresholds).

For all the seed-based correlation analyses in this thesis we always apply orthogo-
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nalisation in order to eliminate spurious correlation due to signal leakage (excluding

the optimisation analysis in section where we used Monte Carlo simulations).

4.4.2 Seed-based correlation pipeline

In this section, we present the analysis pipeline stages of our seed-based correlation
analyses. This analysis follows on directly from the preprocessing pipeline described
in section [3.6] Starting with a band-limited time course of neural activity for each
vertex of a 6mm grid spanning the whole brain, we specify a seed voxel which is fixed
across the group. We then perform the following stages (summarised in Figure

at every voxel:

1. Orthogonalisation: We orthogonalise the seed and target voxels via a single
regression [29,74]. We then perform stages 2-4 for both the seed-orthogonalised-

to-target and target-orthogonalised-to-seed time courses.

2. Enveloping: We estimate the oscillatory amplitude envelope for the orthogo-
nalised time courses by computing the absolute of the analytic signal computed

using the Hilbert transform [92].

3. Low-pass filtering: We low-pass filter the data to remove co-variation fre-

quencies over 0.5Hz.

4. Correlation: We estimate the Pearson correlation coefficient between the low-

pass filtered envelopes.

5. Averaging: We average the two correlation scores (for the seed-orthogonalised-

to-target and target-orthogonalised-to-seed pairs.

This gives a correlation map for every subject/session of data. We take a sim-
ple average over subjects/sessions to get a group correlation map. In principle this
framework can easily be implemented in a mixed-effects general linear model [139).
This would properly model uncertainty at the session, subject and group levels to
allow proper statistical inference. However, in this thesis we develop alternative tech-

niques for performing group statistics on functionally-connected networks (described
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Figure 4.4: A schematic of the seed-based correlation analysis used in this thesis. Note
that for each seed-target voxel pair, we have to perform two orthogonalisations and estimate
two subsequent correlations in order to account for the asymmetry of pairwise FC measured
between orthogonalised BLP time courses. WRT: with respect to.

in chapters |5| and @ As such, simple group mean correlation maps are sufficient for

validating our preprocessing and source reconstruction stages.

4.4.3 Results

Imaging the sensorimotor network: To demonstrate the efficacy of our seed-
based correlation analysis, we applied it to nine 10-minute sessions (from nine sub-
jects) of eyes-open resting-state data, acquired on a CTF system. For full details
of the data acquisition, refer to section Each subject was preprocessed and
source-reconstructed using the pipeline described in section to give estimates of
the time courses of $-band neural activity over a 6mm grid. We applied the seed-

correlation analysis described in section using a voxel in the left motor cortex

72



Standard Envelope Correlation

B Orthogonalised Envelope Correlation
R x ‘r "
P AR | LR - Aq‘ L
-

Figure 4.5: Group average correlation maps from a seed-based correlation analysis per-
formed on 9 subjects. For each subject the correlation between the low-pass filtered (<0.5Hz)
envelopes of the B-band neural activity at each voxel and a seed vozel in the left motor cortex
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(MNI: [—42, —24,60] mm) as the seed. We estimated the correlation maps without,
and with, the orthogonalisation correction for signal leakage. Figure shows the
group average correlation maps without orthogonalisation (A) and with orthogonali-
sation (B). We have reproduced the well-documented functional connectivity between
the left and right motor areas which we know to be detectable in the slow envelope
fluctuations of the [-band [25]. Secondly, we have demonstrated how much signal
leakage contributes to the apparent functional connectivity. In Figure the cor-
relation map is dominated by the strong correlations near the seed voxel. These
correlations are undoubtedly due to signal leakage. After orthogonalisation, we find
the local correlations near the seed to be reduced but not completely removed, in-
dicating that there is some non-zero-lag statistical dependencies indicative of FC;
this is in exact accordance with previous demonstrations of orthogonalisation correc-
tion [29,74]. Most importantly, this result validates our preprocessing pipeline, in

particular confirming that our beamformer implementation was performing correctly.

Seed-selection sensitivity: We performed an additional seed-based correlation
analysis on a single session of eyes-open resting-state data to investigate the sensitivity
of seed-based analyses to seed selection. The session was taken from the APOE cohort

(described in section [5.5.1.2). It consists of six minutes of eyes-open resting-state
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Figure 4.6: Correlation maps from a seed-based correlation analysis of a single subject of
eyes-open resting-state data (6 minutes acquired on an Elekta Neuromag). Two seeds were
placed in the left motor cortex and the correlations between the low-pass filtered (<0.5Hz)
envelopes of the orthogonalised B-band oscillations were estimated between each seed and the
rest of the brain. A. The correlation map when using the optimum seed for that location
(MNI: [-42,—24,60]mm). B. The correlation map when a sub-optimal seed is used (MNI:
[—42, —25,49]mm taken from [25]).
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data, acquired on an FElekta Neuromag. We seeded in the left motor cortex (MNI:
[—42, —24,60)mm) and performed the same seed-based correlation analysis, described
above (this analysis is identical to the seed-based correlation result in Figure [3.5)).
We selected this seed voxel by picking the peak voxel in the fMRI-derived spatial [CA
map of the sensorimotor network (using the spatial ICA results from [122]). We then
used a different seed (MNI: [—41, —25,49]mm), taken from a group-average MEG-
motor localiser task (reported in [25]) and repeated the analysis. Figure shows
the results of these almost identical analyses. In Figure[4.6]A, we successfully detected
functional connectivity in the right motor cortex, agreeing with previous studies 25,
74|. However, when we used the second seed and applied an otherwise identical
analysis (including the correlation thresholds used when visualising the maps), we
failed to detect any cross-hemisphere FC. This “sub-optimal” seed was taken from
Brookes et al.’s 2011 MEG investigation of functional connectivity between the left
and right motor areas, emphasising that using seeds from previous studies does not

guarantee good quality correlation maps [25].
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4.4.4 Summary: strengths and weaknesses of seed-based cor-

relation

The major weakness of seed-based correlation approaches are their sensitivity to
the seed selection. The choice of seed can greatly modify resulting measures of
functionally-connectivity. Furthermore, when comparing two correlation maps with
different seeds, determining which map is a better reflection of the underlying func-
tional connectivity is far from trivial. Seed selection notwithstanding, seed-based
correlation is an extremely useful tool for investigating functional connectivity in
MEG. Tt is simple and fully deterministic (unlike ICA which often uses a random
initialisation and so can give different results when repeating the analysis). In this
thesis, we have used seed-based correlation extensively as a tool for validating our

analysis pipeline.

4.5 Imaging functional networks with ICA

4.5.1 Independent component analysis

In section we introduced independent component analysis (ICA) as a blind
source separation technique capable of extracting multiple RSNs from resting-state

fMRI data [13]. Here, we go into more detail on what ICA is and how it works.

4.5.1.1 The linear mixing problem

ICA can be thought of as a linear un-mixing algorithm. Given a set of I source signals
each with T samples, we can express these sources as an [ x T matrix S. We define
the matrix of mixed signals, X (which is @ mixed signals x 7" samples and where
@ > I), as a linear mixture of the sources S. Finally, we define the mixing matrix,
A, which describes how the source signals are mixed together to produce the signal

mixture. Equation [4.2] describes the linear mixing of S to produce X:
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X = A xS +_ ¢ (4.2)
<~ =~ = =~

signal mixture mixing matrix = sources noise

where € is a () signals x T samples matrix of additional noise. Let us assume
that we know X: perhaps we have physically measured some signal mixture in an
experiment. We would like to estimate the set of un-mixed sources, S. If we knew
the mixing matrix, A, then estimating S would be trivial. However, if both A and S

are unknown then the problem appears intractable.

4.5.1.2 Independence and the central limit theorem

ICA solves this apparently intractable problem by assuming that the I sources are all
statistically independent. Put simply, the central limit theorem tells us that a linear
mixture of statistically independent signals will have a more Gaussian distribution
than any of the underlying sources. ICA essentially reverses this idea: given a linear
mixture of [ statistically independent sources, the set of time series that each
have maximal non-Gaussianity must correspond to the original underlying

sources [81].

From this statement, we can see how an ICA algorithm might be formulated.
Given our mixture X, we can guess an initial mixing matrix and estimate the cor-
responding set of I sources. We can then iteratively modify our mixing matrix and
search for the set of maximally non-Gaussian components. Two obvious questions
arise: 1.) How do we measure non-Gaussianity? 2.) How do we know how many

components to seek?

The simplest measure of non-Gaussianity is kurtosis [79]. However, different im-
plementations of ICA use different measures in order to improve accuracy, robustness
or speed of convergence. Correctly estimating the number of sources is not trivial

and we discuss this in section .5.1.4
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4.5.1.3 Implementing ICA

Preprocessing: In our initial formulation of the linear mixing model (equation
4.2), we imposed a constraint that the number of mixed signals is greater than or
equal to the number of mixed signals: () > I. Many ICA implementations actually
force the constraint that number of signals equals the number of sources: @ = I.
This makes the resulting reduced mixing matrix, Asquare, an I X I square matrix and
hence is known as squaring [81]. Squaring is achieved by performing a dimensionality
reduction on the signal mixture (typically using principle component analysis (PCA)
to discard all but the I largest principle components). This is also assumed to remove

the noise contribution e resulting in the simplified noise free mixing model:

Xreduced = Asquares (43)

As well as performing a dimensionality reduction, the PCA preprocessing is commonly
used to pre-whiten or sphere the surviving principle components by normalising each
one to have unit variance. This dramatically simplifies the ICA decomposition for the
following reason: if the signal mixture is uncorrelated and whitened then the mixing
matrix that maps the independent sources onto the whitened mixture must be an

orthogonal matrix [78]. This reduces the degrees of freedom of the ICA problem from

2 I(I-1)
I? to 10,

PCA preprocessing has certain limitations. Firstly, it does not actually provide
any information on what the optimal model order selection is. Secondly, it assumes
that all the source information is contained in the I largest PCs which is not guar-
anteed [81]. In section we encountered this issue when performing PCA pre-
processing on multi-sensor-type data, where all the information of the magnetometer
sensors are contained in the smallest 102 PCs. We developed minimum eigenvalue

normalisation specifically to counter this issue.
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INFOMAX: The INFOMAX algorithm was developed in 1995 by Bell and Se-
jenowksi [16]. It essentially uses the information-theoretic measure known as ne-
gentropy (or differential entropy) as a metric of non-Gaussianity, combined with an

information-maximisation algorithm [81].

FastICA: FastICA is an implementation of ICA which uses a fixed-point algo-
rithm to estimate the ICA decomposition [77,/79]. As such, the FastICA algorithm
has cubic convergence properties and performs substantially faster than gradient-
ascent optimisation methods. Furthermore, it does not require the specification of a
learning rate. This is an advantage as sub-optimal learning rates can destroy ICA

convergence |78|. FastICA can be set up to maximise kurtosis [79] or negentropy [77].

There are other implementations of ICA which have not been discussed here. For

an extensive review of ICA implementation strategies, refer to [78§].

Selecting an ICA implementation: In this thesis, we use the FastICA im-
plementation of ICA, via the FastICA open-source Matlab toolbox (Department of
Information and Computer Science, Aalto Umversity).ﬂ FastICA has three crit-
ical design choices: model order (which we discuss in section [£.5.1.4), contrast
function and decomposition approach.

When using FastICA, it is necessary to specify a non-quadratic contrast func-
tion (FastICA has a selection hard-coded in). We use the tanh contrast func-
tion, which is recommended for general purpose applications [77]. The other con-
trast functions are recommended when strongly super- or sub-Gaussian indepen-
dent components are being estimated. As we often need to estimate both super- and
sub-Gaussian components (such as the cardiac and mains interference components
described on section , we use the most robust contrast function tanh. The
decomposition approach refers to how an ICA algorithm estimates multiple ICs.
ICA algorithms can attempt to find a single IC at a time, orthogonalising the signal

2The toolbox can be downloaded for free at http://research.ics.aalto.fi/ica/
fastica/.
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mixture to each one as they are found. This is known as a deflation approach. Al-
ternatively, the algorithm can attempt to estimate all the ICs simultaneously, known
as a symmetric approach. Deflation approaches have the weakness that errors in the
first components that are estimated compound to worsen the estimates of subsequent

ICs [78]. As such, we utilise the symmetric estimation approach in FastICA.

One reason for selecting FastICA is that it has enjoyed wide success in RSN
imaging applications. The MELODIC ICA implementation (FSL, FMRIB, Ozford)
uses the FastICA fixed-point algorithm [15]. MELODIC is the ICA technique used
in the fMRI imaging studies that we use as a gold standard for RSN maps throughout
this thesis [13,[122]. Furthermore, Mantini et al. (2011) performed a comparison of
the FastICA, INFOMAX and SOBI ICA implementations using simulated data
sets and found FastICA to have the best performance. [17,90]. Finally, Brookes et
al. (2011) successfully employed FastICA to image 8 RSNs in source-reconstructed
MEG data [30]. As one aim of this thesis was to independently validate this finding,

utilising the same ICA algorithm was an obvious choice.

4.5.1.4 Estimating the model order in ICA

Throughout our discussion of ICA so far, we have assumed that the number of sources,
I, is known. In many applications of ICA, the true number of underlying sources
(also known as the model order) is not known a priori. Imaging resting-state net-
works is no exception. It is necessary to estimate the model order prior to the ICA
decomposition. Overestimating the model order can force the ICA to break up RSNs
into sub-networks, while underestimating the model order can force spatially-distinct
RSNs to be merged together. Here we present a selection of strategies for estimating

the model order.

Using the full rank: The simplest approach is to use the full rank of the data as
an estimate of the number of underlying sources. For an idealised, noise-free linear

mixing process, this is a reasonable assumption.
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FastICA’s deflation approach: ICA algorithms have iterative optimisation pro-
cedures, with user-specified maximum iterations built-in to stop the program when
the optimisation fails to converge. By implementing a deflation approach, one can
keep extracting ICs until either the full rank of the data is reached, or the ICA al-
gorithm fails to converge [89]. The issues with this approach are twofold. Firstly,
failure to converge after a set number of iterations could occur for reasons other than
when the number of sources has been reached. Secondly, it still requires an arbitrary

definition of failed convergence (e.g. > 1000 iterations).

MELODIC’s Bayesian framework for model order estimation: MELODIC
attempts to estimate the number of noise sources present that inflate the rank of the
signal mixture beyond the number of underlying sources [15]. By assuming that the
sources are non-Gaussian but the noise contributions are Gaussian, it can approximate

the true model order.

Running multiple ICA decompositions with different model orders: Per-
haps the most heuristic approach is to run numerous ICAs at a range of model orders.
Identifying components that consistently recur at higher and higher model orders im-
plies that they represent genuine single underlying sources. Furthermore, one can map
the break-up of components into sub-components and infer some degree of functional
taxonomy from the multiple ICA outputs [1|. However, this approach is computa-
tionally intensive. Furthermore, matching components from multiple ICA runs that

have been performed using different model orders is not trivial.

Using an a prior: hypothesis: A priori hypothesis-driven approaches are the
alternative to empirical, data-driven approaches for selecting a suitable model order.
Such methods use prior beliefs or knowledge about the number of underlying sources.
In MEG RSN analysis, this is the most widely adopted approach as the aim of most
MEG analyses to date has been to replicate the functional networks that have already
been identified in fMRI [26],30,88]. As such, it is common to select ICA model orders

of 20-25 as these have repeatedly been shown to yield physiologically sensible RSN
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maps in fMRI studies [13}]122].

The issue of model order selection has not been and may never be satisfactorily
solved. Only in the small set of cases where the ground truth is known is model order
selection not an issue. In all other cases, a combination of data-driven approaches,
hypothesis-driven approaches and explicit investigations into the effect of changing
model order can hope to settle this issue. Ultimately, the “best” model order may

simply depend on what the ICA decomposition is going to be used for.

4.5.2 Applying ICA to source-reconstructed MEG data

In chapter [3| we applied ICA to single sessions of MEG data to extract and remove
sources of physiological and environmental interference. Here, we outline exactly how
we can utilise ICA to detect functionally-connected networks. As we have previously
established, functional connectivity in MEG is best detected by considering the slow
fluctuations in the envelopes of band limited neural activity. Consequently, when
applying ICA, we feed in the windowed-average of the oscillatory amplitude envelope.
Essentially, we aim to decompose these envelope time courses into a set of spatial maps

and associated time courses.

4.5.2.1 Group ICA using concatenation

In fMRI, group ICA is used to extract RSNs from fMRI data acquired from multiple
subjects/sessions. Group ICA is used for two reasons. Firstly, to have enough samples
to perform ICA robustly typically requires around an hour of data. It is extremely
challenging to acquire one hour of high quality resting-state data in a single session,
although the data could be gathered over multiple sessions and then combined in a
single ICA. Furthermore, in general, we are not interested in subject-specific RSNs,
but rather the group average. Given enough data for each subject, one might propose
performing multiple subject-specific ICAs after which the subject-specific RSNs could
be averaged. The challenge with such an approach is establishing correspondence

between the ICs from one ICA and another. As each decomposition is performed
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in isolation, there is no guarantee that a one-to-one mapping across the group will
occur.

Instead, the resting state data is temporally concatenated and a single ICA de-
composition performed to get a group-average set of spatial maps and concatenated
time courses: this forces correspondence in the components across the group. Figure

4.7] shows a schematic of the temporal concatenation and ICA applied to MEG data.

4.5.2.2 Group ICA using concatenation in MEG

We use group ICA when analysing MEG data for exactly the same reasons as in
fMRI. However, there are two key additional considerations to make in MEG: weights
normalisation and de-meaning. We found that it is necessary to apply weights nor-
malisation to the beamformed MEG data prior to ICA decomposition. Without
weights normalisation, there is a spatially varying bias in the contribution of sensor
noise across the brain. As Figure [2.4] shows, without weights normalisation this bias
in the noise estimate leads to peak variance of the neural activity and its envelope in
the deep regions of the brain. When performing the PCA dimensionality reduction,
these high variance, noisy voxels will dominate the largest principle components and
genuine neural activity will be squeezed into the lower variance PCs and discarded.
Weights normalisation down-weights the deeper voxels and provides an unbiased es-
timate of the sensor noise contribution, which has been previously shown to be a
critical step in ICA when applied to fMRI data [15]. As such, the noisy deep brain
regions will no longer dominate the largest PCs. Figures and B show group
ICA outputs with and without weights normalisation.

In fMRI, the mean of a voxel’s BOLD time course does not reflect an absolute
value and so is discarded. In MEG, the mean of the envelope during a session can
be directly related to the mean oscillatory power of that frequency band. As such,
it is tempting to include the mean of the envelope at each voxel for every session.
However, as we show in section applying session-specific weights normalisation
has the consequence of destroying the mean of the envelope as an absolute measure of

oscillatory power. As it is no longer an absolute measure, we cannot combine weights-
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normalised means from multiple, separately beamformed sessions of data. Therefore
the weights-normalised envelopes at every voxel for each session must be de-meaned
prior to temporal concatenation. The MEG ICA will then be driven purely by the
variability over time, in the same manner as fMRI. Figure shows the effect of

including the weights-normalised means in the ICA.

4.5.2.3 Spatial versus temporal ICA

We have established ICA as a technique for decomposing source-reconstructed MEG
data into a set of spatial maps (some of which correspond to RSNs) and associated
time courses (corresponding to the time course of each RSN) by finding a set of
maximally independent components. We are presented with a critical choice: should
independence be maximised in the spatial dimension (known as spatial ICA) or in
the temporal dimension (known as temporal ICA).

In fMRI, spatial ICA is the dominant technique. This is because fMRI data has
excellent spatial resolution and so the spatial dimension is extremely well sampled.
It has much poorer temporal resolution. By performing spatial ICA, the number
of samples is equal to the number of voxels, whilst the number of mixed signals is
equal to the smaller number of BOLD time points. Each independent component
corresponds to a vector of values that make up a spatial map. The column of the
mixing matrix is a time course that weights the contribution of that map to each
time point in the BOLD data. The spatial maps are forced to be independent which
makes them (mostly) non-overlappingf]|

In MEG, we have poor spatial dimensionality (as low as 64 in MazFiltered data).
MEG has much higher temporal dimensionality, even after aggressive windowed-
average down-sampling. Spatial I[CA generates single region spatial maps rather than
multi-node networks. Therefore, temporal ICA is utilised to image whole RSNs. In
chapter [7] we use spatial ICA to extract a functional parcellation made up of single
network node spatial maps. Temporal ICA outputs a set of temporally independent

3ICA decompositions that try to maximise spatial non-Gaussianity also maximise un-
correlatedness and sparsity in the spatial maps forcing them to be approximately non-
overlapping [42].
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Figure 4.7: A schematic of the decomposition of temporally concatenated envelope time
courses using temporal group ICA.

time courses and associated spatial maps (which correspond to the mixing matrix).

The time courses are mutually uncorrelated but the maps can be overlapping.

4.5.2.4 Visualising resting-state networks after performing ICA

There are numerous options for visualising the RSNs that are found after performing

group ICA on the window-averaged envelopes. Here, we briefly discuss three options:

Normalised covariance maps: This corresponds to visualising the columns of the
mixing matrix A. The temporally independent time courses are forced to be unit vari-
ance. Each column of the spatial map weights the contribution of that unit variance
time course to the envelope time course and is equal to the covariance between the
independent time course and the concatenated voxel time course (because the ICs are
all uncorrelated). In principle, the raw spatial maps describe a physical relationship
and have absolute units. However, as a consequence different thresholds are required
for different components which introduces an additional complexity, especially when
comparing across multiple modalities. To avoid this issue, we normalise each co-
variance map to have unit variance prior to visualisation, thus allowing the same
threshold to be used across all the components. We call these “normalised covariance

maps” and they are directly comparable to seed-based covariance maps [65].
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Correlation maps: By estimating the Pearson correlation coefficient between each
independent time course and the concatenated envelope time course, we produce a
map of correlation scores for each component. The advantage of correlation maps is
that they can be directly compared with correlation maps from seed-based analyses,
except instead of using a seed-voxel, we use a seed component that was learnt from

the data. Correlation maps have been used by several MEG ICA studies [30488].

Statistical maps: One technique for visualising RSN maps is to model the ICA
spatial maps as a mixture of distributions [52]. One such model uses a Gaussian dis-
tribution to model inactive voxels and one (or two) Gamma distribution(s) to model
the positive (and negative) active voxels [123]. This technique converts the spatial
map values into statistical values. However, it still requires the specification of an

arbitrary threshold.

We use the normalised covariance and correlation maps in this thesis as they are
simple to implement and readily comparable to seed-based analyses. In chapters
and [0} the statistical frameworks that we develop utilise the raw spatial maps and time

courses. Consequently, the choice of spatial map visualisation is of no consequence.

4.5.3 A framework for applying group ICA to MEG data

In this section, we outline the specific stages of our group ICA method. This anal-
ysis follows on directly from the preprocessing pipeline described in section [3.6] We

perform the following stages (summarised in Figure [4.8)):

1. Weights normalisation: We apply weights normalisation to each voxel’s time

course to down-weight noisy, deep-brain voxels.

2. Enveloping: We estimate the oscillatory amplitude envelope at each voxel by
taking the absolute of the analytic signal, calculated via the Hilbert transform

[92].
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3. Windowed-average temporal down-sampling: We then temporally down-
sample the envelopes at each voxel using a windowed-average. We divide each
envelope into non-overlapping| windows of length A and estimate the mean

within each window.

4. Spatial smoothing: We spatially smooth the temporally down-sampled en-
velopes with a 4mm full-width-at-half-maximum Gaussian kernel to improve

inter-subject correspondence.

5. Spatial down-sampling: We then spatially down-sample the smoothed en-

velopes to an 8mm grid.

6. De-meaning: We remove the mean of each voxel’s envelope. This is because
the means of the weights-normalised envelopes across subjects are distorted by

the weights normalisation and so do not encode meaningful information (refer

to section [5.3)).

7. Concatenation: We temporally concatenate the preprocessed envelopes from

multiple sessions/subjects into a single group matrix.

8. Dimensionality reduction and pre-whitening: We use a PCA to select the

I largest principle components and normalise each one to have unit variance.

9. ICA decomposition: We decompose the pre-whitened data into a set of tem-

porally independent component time courses and associated spatial maps.

10. Estimation of correlation/covariance maps: For each time course, we es-
timate the correlation and covariance between the time course and the concate-
nated envelopes at each voxel. This gives a correlation map and a covariance
map for each component. We normalise each component’s covariance map to

have unit variance [65].

4Using non-overlapping windows has the advantage of greatly reducing the number of
samples going into the ICA which helps control the computational cost.
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Figure 4.8: A schematic of the stages involved in performing a group ICA analysis on
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4.5.4 Three studies using group ICA on MEG

In this section, we show the results of three group ICA studies: the first was a
validation of the findings of Brookes et al. (2011) by performing an equivalent analysis
on an independent resting-state data set acquired on a CTF 275-channel system
[30]. This allowed us to ascertain if we could replicate their findings and confirm
that our analysis framework was performing correctly. The second study was an
equivalent group ICA to image RSNs in MEG data acquired on an FElekta Neuromayg.

In particular, we focused on demonstrating that signal space separation (implemented
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with MazFilter™) did not prevent the imaging of RSNs via group ICA. The final
study was a simple demonstration to show the importance of weights normalisation

and de-meaning prior to concatenation.

4.5.4.1 Study 1: Imaging RSNs in CTF data

The first application of our ICA framework was to replicate the findings of Brookes
et al. (2011) in which they performed two group temporal ICAs on the 1s windowed-
average down-sampled envelopes in the a-band (8-13Hz) and S-band (13-30Hz) to
extract 8 RSNs (this result is shown in Figure [1.4). Their cohort consisted of 10
subjects, each scanned for 5 minutes with their eyes open and fixating. The data
were acquired on a CTF 275-channel whole-head system.

We attempted to reproduce this finding on an alternative data set: we used 9
subjects each who has been scanned at eyes-open rest for 10 minutes (refer to section
for a full description of the data). We utilised the first 6 minutes of each
session in order to have a comparable amount of data. We performed our standard
preprocessing pipeline (described in section , including 3rd order gradiometer
correction, ICA de-noising to remove the cardiac, mains and heartbeat artefacts, and
visual inspection to identify bad channels and epochs. We beamformed the data (at
6mm resolution) in the a-band (8-13Hz) and [-band (13-30Hz). We note two key
methodological differences in our approach compared with Brookes et al.’s analysis.
Firstly, we performed sensor-level ICA de-noising whilst they did not. Secondly, our
beamformer estimates each optimum dipole orientation as that which projects the
maximum power, while Brookes et al. used a SAM beamformer that that estimates
the optimum dipole orientation as that which maximises the signal-to-noise ratio
(refer to section [2.5.3.4).

Separately for the a-band (8-13Hz) and §-band (13-30Hz) data, we implemented
our ICA framework described in section We used a 1s window length and
estimated 25 independent components for each band. We visualised each component
by estimating the normalised covariance map between each IC and the input data.

Figure shows the findings of our two ICAs. The first column of Figure [4.9

88



shows Z-statistical images of 8 RSNs derived by applying group spatial ICA to fMRI
data [122]|. These eight RSNs were used as the gold standard in Brookes et al.’s study
[30]. The second column of Figure shows equivalent RSNs from our two MEG
ICAs. We have found equivalent MEG-derived RSNs for A. the default mode network;
B. the frontoparietal networks; C. the sensorimotor network; D. the superior parietal
lobule; E. the visual network; F. the anterior cingulate cortex; G. the cerebellum.
The default mode network was found in the alpha band, replicating the findings of
Brookes et al. We also found the anterior cingulate cortex component in the a-band.
All remaining components were found in the §-band (again matching the previous
study). One notable difference in our analysis is that we found a single bilateral

frontoparietal network.

Overall, this study succeeded in its two aims. We successfully reproduced the
findings of Brookes et al. using an independent implementation of the ICA framework
for MEG FC analysis and using a separate data set. We do note that our set of RSNs
qualitatively looks less like the fMRI RSNs than those found by Brookes et al. (shown
in Figure[l.4). We believe this difference could be attributed to one of three causes. 1.)
Differences in the data - the results we present do not use exactly the same MEG data.
However, we generally find that our analysis produces RSNs with slightly less spatial
specificity than those reported by Brookes et al. 2.) ICA de-noising - this is one of the
deviations in our analysis. However, we have empirically found that the inclusion of
ICA de-noising does not change the spatial maps of our RSNs. 3.) Dipole orientation
- it is possible that the SAM beamformer estimate of dipole orientation results in
improved sensitivity for RSN detection than our method. Finally, it is possible that a
selection of minor differences in the respective MEG analysis pipelines cumulatively

lead to Brookes et al.’s implementation offering slightly superior sensitivity.

That said, our result reinforces the finding that RSNs can be robustly extracted
from MEG data without any fMRI prior. Furthermore, we have validated our analysis
implementation as a tool for imaging RSNs. Combined with the seed-based correla-
tion analysis (Figure , we have been able to reproduce the spatial and frequency

characteristics of resting-state FC that are well-documented in MEG.
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4.5.4.2 Study 2: Imaging RSNs in Elekta Neuromag data

The analysis described here was presented at the 18th Annual Meeting of the Orga-
nization for Human Brain Mapping [87]. It was performed prior to the finalisation of
the best-practice preprocessing procedure in chapter [B} the specific analysis used is

described in full detail below.

Data and methods: 12 subjects were scanned at rest (eyes-open with a fixation
cross) for 6 minutes using an Flekta Neuromag. This cohort was a pilot sub-group of
the APOFE cohort described in section Each subject’s data was preprocessed
without and with signal space separation (implemented via MazFilter™ [50,[127]).
No ICA de-noising was performed. Instead, channels with abnormally high variance
were discarded. Furthermore, the data were divided into 15s epochs. Epochs were
visually inspected and discarded if found to contain noisy/high variance data. The
surviving epochs were concatenated to form a pseudo-continuous data set. Sensors
were normalised by their overall variance (rather than their minimum eigenvalue). An
LCMV beamformer was used to estimate the source-space activity in three frequency
bands (a: 8-13Hz; 5: 13-30Hz; v: 30-70Hz).

The envelopes of weights-normalised activity for each band were estimated and
down-sampled using a windowed-average down-sampling (1s window length). The
envelopes were spatially smoothed, spatially down-sampled and de-meaned before
being temporally concatenated. Temporal group ICA was performed separately on
each frequency band to give 25 independent components. For each component, the
map of correlation scores between the IC time course and the concatenated envelopes

at each voxel were estimated.

Results and discussion: Figure [4.10| shows the results of the three ICAs on the
data with and without SSS preprocessing. 11 RSNs have been identified in both
the SSS’d and non-SSS’d data. In the left column we show the fMRI Z-statistical
maps of RSNs taken from [122]. In the middle column, we show the equivalent RSN

correlation maps found in the ICAs performed on the non-SSS’d data. In the right
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column, we show the equivalent RSN correlation maps shown in the SSS’d data. In
the a-band we found a component corresponding to the default mode network. In
the S-band, we found components corresponding to the right frontoparietal network,
left frontoparietal network, sensorimotor network, somatosensory network, superior
parietal lobule, anterior cingulate cortex, cerebellum, and visual network. In the
~v-band, we found components corresponding to the lateral visual network and the
medial visual network.

This analysis has three important outcomes. Firstly, it is an additional validation
of the findings by Brookes et al. in 2011 [30]. Our previous analysis in section
utilised data from the same C'TF scanner as [30] and also contained subjects who were
scanned as part of the original study. This analysis is completely independent: the
type of scanner and the cohort is different. Secondly, this is the first demonstration
of imaging RSNs using an Elekta Neuromag system[’| Thirdly, we have demonstrated
that signal space separation can be applied as part of the preprocessing of Elekta
Neuromag resting-state data. SSS (via MazFilter™) is neither essential nor does it
prevent the imaging of RSNs so long as the reduced dimensionality of the MaxFiltered

data is taken into account (refer to section for a full discussion of this issue).

4.5.4.3 Study 3: Demonstrating the importance of weights normalisation

Data and methods: We acquired 10 minutes of eyes-closed resting-state and 10
minutes of visual active-state (where the participants watched a silent movie) for 8
subjects. Data were acquired using a C'TF 275-channel whole-head system. For a full
description of the data set, refer to section[5.5.1.1] We performed 3rd order gradiome-
ter correction to remove far-field interference, sensor-space ICA de-noising to remove
cardiac, eye-blink and mains artefacts, and manual identification of noisy channels
and epochs. We band-pass filtered the data into the S-band (13-30Hz) and estimated
the source-space activity across a 6mm grid using an LCMV beamformer. Refer to
section for a full description of the preprocessing stages. In source-space, we esti-

5 At the time of writing, we performed a search of the SCOPUS database for the following
terms: (neuromag OR elekta) AND (resting state OR rsn). We found one result looking at
sensor-level differences in resting-state oscillatory power in HIV positive populations [12].
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mated the oscillatory amplitude envelope and performed a windowed-average down-
sampling using 2s non-overlapping windows. We performed three different group

concatenations:

e Weights-normalised and de-meaned: We applied weights normalisation
to every voxel’s time course and removed the mean of the weights-normalised

envelope before temporally concatenating all the sessions.

e No weights normalisation: We did not apply the weights normalisation

correction prior to envelope estimation.

e No de-meaning: We did not subtract the mean of the weights normalised

envelopes prior to concatenation.

For each concatenated envelope matrix, we performed a temporal ICA into 25 tem-
porally independent components. For each component, we estimated the normalised

covariance map.

Results and discussion: Figure [4.11]shows three covariance maps for each of the
ICAs (A. Weights-normalised and de-meaned, B. No weights normalisation and C.
No de-meaning). For each ICA, we selected the components that best matched the
sensorimotor network (SMN) and the left and right frontoparietal networks (FPN).
Only when both weights normalisation and de-meaning were applied did we find com-
ponents showing bilateral functional connectivity in the SMN and anterior-posterior
connectivity in both FPNs. As Figure [4.11|shows, not applying weights normalisation
or de-meaning does not completely destroy the resulting RSNs but does noticeably

degrade them.

4.6 Summary

In this chapter we presented three sequential bodies of work that build upon each other
to produce a data driven framework for robustly extracting RSNs from resting-state

MEG data. The first section presented an investigation into the optimum carrier and
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co-variation frequencies using pairs of nodes from known functionally-connected net-
works. We found that the optimum down-sampling window length was between 1-4s
(corresponding to a low-pass filter cut-off of approximately 0.5Hz). This analysis gave
an initial insight into the time scales of the neuronal processes that drive functional
connectivity and more importantly informed the choice of co-variation frequency for
all subsequent FC analyses.

The second section was an exposition of the seed-based correlation analyses used in
this thesis. Although ICA has been adopted as the primary technique for identifying
functionally-connected networks, seed-based correlation has been an invaluable tool
for validating most stages of our analysis.

Finally, we presented a framework for using group ICA to discover resting-state
networks, including a demonstration of some of the pitfalls in the analysis. In this
chapter and chapter [3| we have invested a lot of effort in developing and validating an
analysis pipeline that can be applied to both CTF and Elekta Neuromag data. This
effort has culminated in two reproductions of the work by Brookes et al. showing the
simultaneous extraction of multiple RSNs from MEG data [30].

Chapters [5] and [6] build on the ICA framework developed in this chapter by out-
lining statistical frameworks for inferring changes in functional connectivity across

populations and during a task respectively.
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Figure 4.9: Replication of the MEG-derived RSNs from [30]. We performed two ICAs:
on the a-band and B-band envelopes (down-sampled with 1s non-overlapping windows. For
each ICA, we estimated 25 temporally independent components and plotted their normalised
covariance maps (right). Alongside we have displayed the equivalent fMRI maps (left) taken
from [122]. We found 7 RSNs: A. the default mode network; B. the frontoparietal networks;
C. the sensorimotor network; D. the superior parietal lobule; E. the visual network; F. the
anterior cingulate network; G. the cerebellum. A and F were taken from the a-band ICA.
The remaining networks came from the 5-band ICA.
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Figure 4.10: The results of the three ICAs on the data with and without SSS preprocessing.
11 RSNs have been identified in both the SSS’d and non-SSS’d data. In the left column
we show the fMRI Z-statistical maps (thresholded at Z = 3) of RSNs taken from [122]. In
the middle column, we show the equivalent RSN correlation maps found in the ICAs per-
formed on the non-SSS’°d data. In the right column, we show the equivalent RSN correlation
maps extracted from the §55°d data. In the a-band we found a component corresponding
to the default mode network (DMN). In the B-band, we found components corresponding to
the right frontoparietal network (FPN), left frontoparietal network, sensorimotor network
(SMN), somatosensory network (SSN), superior parietal lobule (SPL), anterior cingulate
cortex (ACC), cerebellum; visual network. In the v-band, we found components correspond-
ing to the lateral visual network and medial visual network. All correlation values are between
alt 0.8 and 0.5 except: *correlation values are between 0.5 and 0.7; **correlation values are
between 0.25 and 0.5.

95



A WEIGHTS NORMALISED B NO WEIGHTS NO DE-MEANING
& DE-MEANED NORMALISATION

’ 4 b ’ . - T
~ROOPROORO
> o > i » .

re——

Left . QR .. @D - ) .

Right, N Q o b - m - Je - @ o 1 .
s @ 4 & o

covariance

25 - . 5

Figure 4.11: A demonstration of the importance of beamformer weights normalisation and
de-meaning of the weights-normalised envelopes prior to temporal concatenation for group
ICA. Three ICAs were performed on the concatenation of 2s windowed-averaged envelopes of
B-band data from 8 sessions of eyes-closed rest and 8 sessions of visual active-state. For each
ICA, we selected the covariance maps of the components corresponding to the sensorimotor
network and the left and right frontoparietal networks. A. Temporal concatenation performed
with weights normalisation and de-meaning. B. Without weights normalisation. C. Without
de-meaning.
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Chapter 5

Investigating group differences in

resting-state networks with MEG

5.1 Chapter abstract

In this chapter, we show, both theoretically and empirically, that beamformer weights
normalisation is a major confound for multi-session statistics in MEG and must be
accounted for accordingly. We go on to present a novel framework, based on dual re-
gression, for evaluating differences in functional networks across different populations.
We demonstrate that MEG-adapted dual regression (MADR) can utilise any group
average spatial basis set and determine sub-group differences relative to that average.
We use MADR to show that carriers of the APOE-e4 gene have significantly lower
variance of oscillatory power associated with left and right frontoparietal networks,

when compared with normal APOE-€3 homozygotes.

5.2 Introduction

Analysis of resting-state brain activity has led to the discovery of a range of spatially
distributed but functionally integrated resting-state networks (RSNs) which can be
imaged using multiple modalities [13,30,112]. In chapter |4} we demonstrated a frame-

work for applying temporal ICA to extract a set of RSN spatial maps from MEG data
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(without any prior information from other modalities).

One interpretation of these RSN maps is as an efficient, low-dimensional repre-
sentation of the high-dimensional voxel-level data. The RSNs can be treated like a
functionally-derived spatial basis set onto which our resting-state data can be pro-
jected. It has been shown that the RSN spatial basis set can be linked to regions
associated with a range of cognitive functions and that differences in RSNs can be
detected and used as biomarkers for differences in functional connectivity across dif-
ferent populations (such as carriers of the APOE-¢4 risk gene for AD) [55]/122,129).
This is why RSNs are such a widely investigated spatial basis set representation of

brain function.

An important challenge is how to appropriately test for inter-session/subject dif-
ferences in resting-state function, for example, between different populations, when
provided with any general spatial basis set. The spatial basis set could correspond to
ICA spatial maps derived from the neuroimaging data in question (where the spatial
maps correspond to the group average of that data set), or from independent sources
such as a standard atlas, or an independent neuroimaging dataset. Whatever the
spatial basis set, we would like a technique that can take a single group average set
of maps as a starting point and infer the maps specific to the sub-groups that make
up our cohort in question. Dual regression is a framework that has been previously
developed for this purpose, originally for estimating subject-specific maps from the
output of spatial ICA performed on concatenated multi-subject fMRI data [14]. It
uses two stages of multiple regression to estimate the subject-specific time courses,
followed by the subject-specific spatial maps. Standard mass univariate group-level
statistical techniques, such as the General Linear Model, can then be used to infer

sub-group differences.

In this chapter, we show that specific care must be taken with regards to the
beamformer weights normalisation to ensure that inter-session/subject effects are
comparable when each session/subject is beamformed separately. We demonstrate
the effect of the weights normalisation confound through a theoretical comparison of

the true variance of a neuronal dipole and the beamformer estimate of the variance.
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We also demonstrate, using a simulation and using real MEG data, that ignoring the
weights normalisation confound can have serious repercussions (such as reversing the
direction of the effect being measured) for multi-session statistical analyses, both in
simple voxel-wise analyses and in dual regression analyses.

We then proceed to adapt dual regression for MEG to produce a framework for
performing group-level statistics on the low frequency envelope oscillations of the
band-limited time courses of beamformed MEG data using general spatial basis sets
derived from approaches such as group-ICA. In order to determine the sensitivity of
dual regression to different types of group difference, we use a suite of simulations,
based on the ICA mixing model, to generate specific group differences and then use
our MEG-adapted dual regression (MADR) analysis to recover those differences. We
validate the MADR analysis by using it to detect increased oscillatory alpha power
in visual RSNs during eyes-closed rest compared with continuous visual stimulation.
Finally, we demonstrate the use of the MADR framework to investigate differences
in resting-state oscillatory brain activity in carriers of the APOE-e4 gene, which has

been proven to increase an individual’s risk of developing Alzheimer’s disease.

5.3 Comparing variances across multiple sessions of
beamformed data

Here, we build on the theoretical formulation of the beamformer that we presented in
section [2.5.3] We focus on how to compare variances across separately beamformed
sessions. We introduce the weights normalisation confound which arises as a conse-
quence of the fact that weights-normalised beamformed data gives a biased estimate
of the true variance of a dipole. The concepts presented here are essential for MADR
where our aim is to compare networks of co-varying band-limited power across a
cohort of subjects for which each session of data is source-reconstructed separately.
However, it should be noted that the weights normalisation confound will effect any
statistical analysis that compares variances (or other measures that are dependant on

variance) across multiple sessions of data that have been beamformed separately.
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5.3.1 Deriving the weights normalisation confound

In section [2.5.3.3| we derived expressions for the raw (non-weights-normalised) beam-

2

former estimate of the variance, Oys

at a voxel, ¢/, using weights W, in terms of
the true variance, 0,2, plus contributions due to signal leakage and the projection of

sensor noise:

oy = o0y +Wu(O HoH)W] +0 W, W, (5.1)
q . q q q q
: a#q v
true variance _  nhoise projection

signal leakage
and the weights-normalised estimate of the variance, &g,:
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~2
g, = +
) W, W,

+0.? (5.2)

If we consider any analysis that attempts to compare variances across multiple beam-
former sessions we can demonstrate that we must use the non-weights-normalised
estimates of the variance, 63,. Consider two sessions of separately beamformed data,
1 and 2, between which we intend to test for differences in variance (e.g. to see if
we can detect a change in oscillatory power in a particular frequency band). At the
q'™" voxel, we have non-weights-normalised estimates 62,71 and &3,72. The difference
between these estimates is:
2

29 2
Op1—Opo=0g1 —0Oga” +e.. (5.3)

where e... represents the additional error terms (i.e. the contributions to our variance
estimate due to signal leakage and projected sensor noise). We assume that these
contributions are approximately equal across sessions 1 and 2. Most importantly,
this assumption requires that the noise variance of the scanner is constant across
the two sessions. If we perform our statistics on the weights-normalised variances,

oy, and G2 ,, equation (5.2 tells us that we get a biased estimate of the difference in
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variance:

2 2
Oq Oq
~2 ~ q,1 q',2 ~
Gy — Cmg= - +é.. (5.4)
71 27 W, W W, W7
qlvl q,,l q/72 q,,2

where €... represents the additional error terms (due to signal leakage and the projec-
tion of sensor noise) with their respective session specific weights normalisation ap-
plied. This concept has been previously established in Vrba et al.’s pseudo-T-statistics
for comparing active versus control blocks within a single session of data [136]. How-
ever, we have restated it as it is critical for correctly interpreting statistics performed
on the envelopes from different sessions that have been separately beamformed. Using
a simulation we can show that, under certain conditions, the weights normalisation

confound can actually reverse the measured direction of an effect of interest.

Consider a single dipole A across two separate sessions, 1 and 2 where the lead-
fields do not change between sessions. Let us assume the dipole actually has higher
standard deviation in session I than in session 2 (i.e. the ground truth is o4, =
a X 049 where a > 1). Now consider our weights-normalised beamformer estimates
of the standard deviation of dipole A, 641 and 745. We can show using equation

that:

041

T W
W41 Wy,

where W, ;1 is the beamformer weights vector for dipole A in session 1 and é;... is

+ 81 (5.5)

short-hand for the weights-normalised error terms corresponding to the signal leakage
and noise projection contributions. We can find similar expressions for session 2.

Ignoring the error terms €;... and é... for the moment, we can see that when

a1 = QX 0p2 (5.6)
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then

&A,l < 5',472 (57)

if and only if

VWaiWai’ > ay/WaWa o' (5.8)

where « is the proportional change in variance and o > 1. Looking at the weights
normalisation factor, \/WAJWAJT, of the weights vector, W4 1 for dipole A in
sesston 1, it is mathematically equivalent to the Euclidean length. The simplest
situation in which we can observe a change in the beamformer weights vector for
dipole A between sessions 1 and 2 is when we have at least two additional sources
whose variances change by different proportions between the two sessions. In this
case, it is possible to generate two different sets of beamformer weights vectors for
dipole A, whose proportional change in length is enough to swamp the genuine change

in the variance of dipole A.

5.3.2 Simulating the weights normalisation confound

We demonstrate this with a very simple 2-dimensional simulation involving three
dipoles (A, B and C) in a 2-sensor MEG system. Figure is a schematic showing
the approximate geometry of this simulation. Figure shows the lead-field vectors
(constant across sessions 1 and 2) for the three dipoles. For simplicity, we have made
all the lead-field vectors unit magnitude (although this does not affect the generality
of our argument). We generated three orthogonal, normally distributed time courses
for the three dipoles for each session. Figure |5.1|C shows the standard deviations of
the dipoles. In our simulation, dipole A shows a small reduction in standard deviation
between sessions 1 and 2, dipole B shows a large reduction, and dipole C' remains
unchanged. We projected both sessions of data through our simulated lead-fields
and then separately beamformed each session. Figure shows the difference in
standard deviation between session 1 and 2 for dipole A for the ground truth, the

non-weights-normalised estimate, and the weights-normalised estimate. Note that
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under these conditions, our weights-normalised estimate of the standard deviation in
sesston 2 is bigger not smaller than in session 1.

We can see why by considering the weights vectors, W a 1 and W4 o, from sessions
1 and 2 for dipole A, plotted as dashed cyan and magenta vectors alongside the lead-
field vectors in Figure[5.IB. The unity pass band constraint limits the weights vectors
to a specific subspace. In session 1, dipole B has the greatest variance. Consequently,
the beamformer tries to minimise the projected power and so finds the optimum
weights to be almost orthogonal to the lead-fields of dipole B. In session 2, dipole
B’s variance greatly reduces and the beamformer adapts by finding a set of weights
that are now more orthogonal to the lead-fields of dipole C, whose projected variance
is relatively greater in session 2. This has the unintended consequence of changing
the Euclidean length of the weights vectors by a greater proportion than the change
in standard deviation of dipole A. As such the weights-normalised estimate of the

change in standard deviation for dipole A actually reverses sign.

5.3.3 The weights normalisation confound in real MEG data

This change in the valence of the estimated difference in standard deviation or variance
between sessions is not limited to simulations but can be observed in real MEG data.
Here, we show such an example. We acquired 10 minutes of eyes-closed rest and 10
minutes of visual active-state data for 8 subjects. For every session, we estimated the
oscillatory envelope of the alpha band (8-13Hz) beamformed neural activity over a

6mm grid. Full details of the eyes-closed / active-state data set and analysis are given

below in sections [5.5.1.1} and [5.5.2] respectively.

We performed a voxel-wise analysis in order to demonstrate the bias in variance
estimation that weights normalisation introduces. Eyes-closed resting-state has an
extremely consistent increase in alpha power compared with eyes-open states [20,33].
Specifically, we applied a paired t-test between eyes-closed and activate-state sessions
(via a GLM) to the mean and variance of the envelope at each voxel over all subjects.
Performing statistics on the mean of the envelope for a given voxel is equivalent to

testing for changes in the mean of oscillatory power for that voxel/frequency band.
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Similarly, performing statistics on the variance of the envelope for a given voxel
is equivalent to testing for changes in the variability of oscillatory power for that
voxel /frequency band. We did this test using both the non-weights-normalised and
weights-normalised envelopes to demonstrate the confound that weights normalisation
introduces.

These maps are shown in Figure 5.2l Without weights normalisation, we found
a significant (Peorrectea < 0.05) increase in the mean and variance of the alpha band
envelope in the visual cortex. However, when weights normalisation was applied, we
observed the reverse: a significant decrease in alpha power in eyes-closed sessions
relative to the active-state sessions. In addition, the spatial location of this power
decrease was deeper and more medial. Multiple comparisons were accounted for
using threshold-free cluster enhanced (TFCE) permutation testing in FSL (FMRIB,

Ozford) and all super-threshold voxels in Figure survived correction.

5.3.4 Discussion

The essential take-home point of this section is that beamformer weights normal-
isation can completely distort the absolute estimate of variance when performing
multi-session statistics. We demonstrated this point in three ways: theoretically,
with a simulation, and with a practical demonstration of the effect in real data.

An important question is whether weights normalisation by definition reverses the
effect direction or whether our voxel-wise analysis is an extreme, (potentially) worst
case scenario. Our simple 2D simulation shows that the reversal of inferred effect
direction is not an automatic consequence of weights normalisation but depends on
the specific relative changes in variance of the dipoles and their lead-field orientations.

The mechanism by which we simulated a change in effect valence could plausibly
be occurring in our eyes-closed / active-state analysis. If we consider the medial visual
cortex where we observed a reversal in the direction of alpha power change, it is
possible that this region experienced a small increase in alpha power during the eyes-
closed rest compared with the active-state. However, other visual areas may have

experienced much larger alpha power increases in the eyes-closed condition compared
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with the active-state. Furthermore, it is likely that other brain areas showed no
difference in alpha power between the two conditions. As such, this experiment
could quite plausibly be operating in a similar regime as our simulation (be it in 275
dimensions rather than 2).

We developed this argument as it is essential for correctly inferring group statistics
on the oscillatory envelopes of neural activity that are used in functional connectivity
analyses. We made a key assumption in our analysis of the weights normalisation
confound. This was that the contributions to the beamformed estimate of variance
due to signal leakage and sensor noise were approximately constant. It is reasonable to
assume that sensor noise is approximately constant (particularly in our analysis where
the eyes-closed and active-state scans were acquired in a single scanning session).
However, the signal leakage contribution is a function of the relative variances of all the
neuronal sources. It is expected that these variances will be different between sessions
and subjects. As such, separate work is needed to understand the effect of inter-
session variability in signal leakage to variance-based analyses over multiple sessions.
Finally, this issue could extend beyond resting-state analysis and have implications
for the correct way to perform group-level statistics on beamformed, task-positive,

multi-session data.

5.4 Adapting dual regression for MEG data

In the previous section, we demonstrated that it is essential not to compare weights-
normalised estimates of variance across multiple separately beamformed sessions.
Using this insight, we now present an adaptation of dual regression which allows us
to compare multi-session, beamformed data in a principled manner.

Given a group-level spatial basis set, A (which is @ voxels by I components), we
would like to infer if there are any sub-group differences relative to that basis set/]
To achieve this, we must estimate the session-specific spatial basis sets, which can
be done using dual regression [14]. Commonly, in fMRI dual regression, the spatial

We use a tilde to signify that this basis set does not model the depth bias of non-weights-
normalised MEG data.
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basis set is estimated by performing spatial ICA on the temporally concatenated
fMRI data. Given such a group level basis set, dual regression estimates the group-
level concatenated component time courses, Sconeq: (Which is I components by 7' x N
samples, where T is the average number of samples per subject and N is the number

of subjects), via a spatial regression:

Sconcat - A+Bconcat (5 . 9)

where AT is the [I components by @Q voxels| pseudo-inverse of the spatial basis set
matrix and B,cq is the [@ voxels by T' x N samples| matrix of zero-mean, BOLD
time series at every voxel, temporally concatenated over subjects. Using the segment
of the group-level component time courses specific to the n'* session, we can estimate
the |@Q voxels by I components| spatial maps, A, for that session via the following

temporal regression.

A,=B,S," (5.10)

where S,,* is the [T samples by I components| pseudo-inverse of the component time
courses specific to the n'* session and B,, is the |Q voxels by T samples| segment of

BOLD data from the nt" session.

However, in MEG we have the following issue: in order to perform correct uni-
variate statistics at each voxel, we must use the non-weights-normalised envelopes in
order to have an unbiased estimate of the contribution from the true variance (as we
showed in section . However, these envelopes contain the depth related spatial
bias (which can be seen in Figure [2.4). Most spatial basis sets will not model this
spatial bias and so the initial spatial regression will yield poor estimates of the group
concatenated time courses. Our solution to this is to perform the spatial regression
using the weights-normalised envelopes E (so that the envelope data does not have

the depth bias and matches the spatial basis set), and then the temporal regression
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using the non-weights-normalised envelopes E (so that we have an unbiased estimate
of the variances). The resulting session-level spatial maps will have an unbiased esti-
mate of the true variance. Henceforth, we will refer to this variant of dual regression
as MEG-adapted dual regression (MADR). Explicitly, we use the following steps:
MADR stage 1:

Sconcat = AJrEconcat (51 1)

where the columns of A have been forced to zero mean and unit variance prior to
estimating the pseudo-inverse.
MADR stage 2:

For the n'" session:

A,=E,S,* (5.12)

where the rows of En and S,, have had their means removed (as the means cannot be
mapped correctly between the component- and voxel-levels by the multiple regression)
and the rows of S,, have been normalised to unit variance prior to estimating the

pseudo-inverse (so that all the variance information is contained in the spatial maps

~

A,). Figure graphically shows the two stages of MADR.

We can then perform standard univariate statistics at every voxel of the session-
specific spatial maps to find spatially localised group differences, in the manner of
standard dual regression. Furthermore, we can perform similar statistical tests on
the variance of the component time courses associated with each spatial map. To
estimate each component time course’s variance, we simply estimate the variance of
each column of An, which corresponds to the variance of each spatial map. This is
because we forced the session-specific component time courses all to have unit variance

in MADR stage 2, shifting the time course variance into the spatial maps.

By projecting the voxel-level means through the session-specific maps, we can also

generate an estimate of the mean of the component time course for each session and
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perform similar univariate statistics. To estimate the mean of each component time
course, pg , we project pg , the vector of means of the rows of E,, through the

pseudo-inverse of the estimate of the session-specific maps, Aj{

s, = Ajpg, (5.13)

In summary, MEG-adapted dual regression (MADR) provides three possible tests:
on the voxel-level values of the spatial maps, the variances of the component time
courses and the means of the component time courses. To clarify what these tests
mean, consider an analysis where we use a canonical spatial basis set consisting of
RSN maps (taken from a gold standard fMRI analysis). The statistics performed on
the component means will find group differences in the average band-limited power
associated with each network. The statistics performed on the variance of the compo-
nent time courses will find group differences in the variance of the band-limited power
associated with each network. Finally, the voxel-wise mass univariate statistics will
find spatially localised group differences in the variance of the band-limited power

associated with each network.

5.4.1 Choice of spatial basis set

We have so far considered using a generic spatial basis set as the starting point for
MADR. Here, we consider several possible options for the basis set. In the context
of resting-state network analysis, a set of RSN maps estimated via spatial group ICA
performed on the concatenated BOLD time series is an obvious starting point. Using
fMRI-derived spatial maps has the advantage of being directly linked to the more es-
tablished consensus definition of the main resting-state networks [122]. Alternatively,
an atlas-based spatial basis set or an anatomically defined parcellation might be more
appropriate for some analyses. Parcellations correspond to single region-of-interest
analyses.

A spatial basis set can be estimated directly from the MEG data itself by perform-

ing a temporal ICA decomposition on the group concatenated envelopes [26,30,8§].
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In section [4.5] we developed such a framework for performing temporal ICA on the
envelopes of source space MEG data. A MEG-derived basis set has the advantage of
being drawn from the data on which the dual regression analysis is performed. As
we showed in section [1.5.4] it is essential to use the weights-normalised envelopes in
the ICA decomposition as weights normalisation down-weights the noisy, deep brain
voxels. This gives an unbiased estimate of the noise at each voxel, which greatly
improves the performance of the ICA [15]. See Figure [£.11]for a demonstration of the
importance of weights normalisation prior to the ICA decomposition. Accordingly,

MADR is necessary even if the basis set is estimated directly from the MEG data.

5.5 Validation of MEG-adapted dual regression

In order to validate our MADR framework, we performed three analyses: 1. Simu-
lations to investigate what types of group difference could be detected with MADR.
2. Application of MADR to detect differences in RSNs in eyes-closed rest compared
with a visual active-state. 3. Application of MADR to detect differences in RSNs

between carriers of the APOE-e4 gene and €3 homozygotes.

5.5.1 Data

Three data sets were used in this chapter.

1. Eyes-closed/active-state cohort: For development and validation, a very
simple but well characterised paradigm was used where each participant was
scanned under three conditions: 1.) eyes-closed resting-state; 2.) eyes-open
resting-state; 3.) eyes-open watching a continuous movie - which we refer to as
the visual active-state. Although all three states were acquired, in this anal-
ysis we only considered the contrast between the eyes-closed and active-state
sessions (selected as it should produce the largest effect). The eyes-open resting-

state data was used in the replication of Brookes et al.’s ICA study in section

[1.5.4] (Figure [25]. We also used the combined eyes-closed / active-state data
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to demonstrate the importance of weights normalisation and de-meaning prior

to performing group ICA (section [4.5.4] Figure [4.11]).

2. APOE cohort: We also applied the MADR framework to a resting-state data
set of participants who had been grouped by genotype (specifically by their
alleles of the APOE gene) in order to assess if the framework can detect changes
in functional connectivity due to genotype, similar to those found by Filippini

et al. and Trachtenberg et al. [55,129).

3. Simulated cohort: We also produced a set of simulated data for interrogating
what flavours of group difference can be detected by the MADR analysis. This
simulated cohort matched the eyes-closed/active-state cohort in group sizes (8
simulated subjects, each with 2 sessions), thus approximately matching the

statistical power.

5.5.1.1 FEyes-closed/active-state cohort

Participants: 'Ten healthy volunteers were recruited. The cohort comprised 7 males
(all right-handed) and 3 females (2 right-handed) with a mean age of 27 years and
standard error of 0.48 years. The study was approved by the University of Nottingham

Medical School Research Ethics Committee.

Data acquisition: FEach participant underwent a 30 minute scan with three blocks,

each lasting 10 minutes. Each participant was scanned in a supine position.

e Session 1 - eyes-closed rest: The participant was at rest with their eyes closed

and instructed not to fall asleep.

e Session 2 - eyes-open rest: During this block the subject opened their eyes and

fixated on a cross.

e Session 3 - visual active-state: During this block, the participants watched a
movie, which was projected through a waveguide in the magnetically shielded

room onto a screen placed 40cm in front of the subject.
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In this chapter, the eyes-open resting state sessions were discarded. MEG data
were acquired using a CTF 275 channel whole-head system. The data were acquired
at a sampling frequency of 600Hz and synthetic 3rd order gradiometer correction was
applied to reduce external interference. Head localisation within the MEG helmet
was achieved using three electromagnetic head position indicator (HPI) coils (placed
at three fiducial points: nasion, left and right pre-auricular points). By periodically
energising these coils the head position within the MEG sensor array was identified.
Prior to data acquisition, the HPI coil locations and the subject’s head shape were
digitised using a Polhemus Isotrack system. Structural MR images for each subject
were acquired using a Philips Achieva 3T MRI system (MPRAGE; 1mm isotropic
resolution, 256x256x160 matrix, TR=8.1ms, TE=3.7ms, TI=960ms, shot interval=3s,
flip angle=8 degrees and SENSE factor 2). We then converted the data into SPM8

format (FIL,UCL) for further analysis. Two subjects were discarded after acquisition.

5.5.1.2 APOE cohort

Participants: 48 healthy volunteers were recruited (including 25 males) with a
mean age of 47 and standard error of 0.13 years. Two subjects were discarded at the
stage of data acquisition. The remaining cohort comprised three sub-groups, based
on APOE genotype: €2 carriers - 12 participants (5 males); €3 homozygotes - 16

participants (9 males); e4 carriers - 18 participants (11 males).

Data acquisition: Each participant was scanned (in a seated position) according

to the following paradigm:

Session 1: 6 minutes of eyes-open resting-state with a fixation cross.

Session 2: 12 minute memory task - encoding phase.

Session 3: 6 minutes of eyes-open resting-state with a fixation cross.

Session 4: 12 minute Stroop counting task.

Session 5: 12 minute visual oddball task.
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e Session 6: 12 minute memory task - retrieval phase.

In this chapter, we discarded the four task sessions and focused exclusively on the
two resting-state sessions. The MEG data were acquired using an Elekta Neuromag
system. The data were acquired at a sampling frequency of 1kHz. Head localisation
within the MEG helmet was achieved using four electromagnetic head position indi-
cator (HPI) coils (two placed behind the ears, two placed on the forehead). The HPI
coils were continuously energised to allow continuous tracking of the head position.
Prior to data acquisition, the HPI coil locations and the subject’s head shape were
digitised using a Polhemus Isotrack system. Structural MR images for each subject
were acquired at the University of Oxford Centre for Clinical Magnetic Resonance Re-
search (OCMR) using a 3-T Siemens Trio scanner (Siemens AG, Erlangen, Germany)
with a 12-channel head coil. The neuroimaging protocol included a 3D T1-weighted
structural scan (MPRAGE, repetition time (TR) = 2040 ms, echo time (TE) = 4.7
ms, inversion time (TT) = 900ms, flip angle = 8 degrees, field of view = 192 mm,
voxel dimension = 1 mm isotropic, scan time — 12 min 02 sec). During the MEG
scan, eye movements were recorded electrically with vertically and horizontally ori-
entated electrooculograms and optically with an EyelLink Eye Tracker (SR Research
Ltd., Mississauga, Ontario, Canada). The electrocardiogram was also recorded.

The MEG data were down-sampled to 250Hz and channels with large amplitude,
short duration artefacts identified (refer to section for a more detailed discussion
of the impact of channel artefacts on MazFilter™). We then applied signal-space-
separation to each session, via MaxFilter™ [50,/127]. We also used MazFilter™ to
apply movement compensation to the MEG data. We converted the data into SPM8
format for further analysis. At this stage we discarded two additional subjects due

to poor quality data.

5.5.1.3 Stmulated cohort

We also developed a simulated data set for further validation of the MEG-adapted
dual regression framework and to better understand the underlying phenomena that

could drive a detectable group difference.
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We started by generating a set of 25 spatial maps for the group. One map consisted
of 2 crosses, corresponding to a 2-node network (see Figure [5.4]A). This network had
specific sub-group differences imposed. The remaining maps consisted of randomly
located pairs of spherical nodes. These maps were kept constant in all the simulations.
For each session’s set of spatial maps, we added Gaussian noise.

For each map/session, an associated independent time course was simulated from
a random [Laplace + Gaussian| distribution. This mixed distribution was used as
it matched the leptokurtic distributions of the independent time courses estimated
from real MEG data. The maps and time courses were multiplied and the resulting
simulated true envelopes, E,, were imposed on randomly generated carrier data to
produce the simulated true neuronal activity, X,,. Gaussian noise was added to X,,.
The simulated data were bandpass filtered into the 8-13Hz range. The band-limited
data were treated as being equivalent to the output of the beamformer used on real
data, Xn, and were analysed similarly. Note that in this simulation framework, we did
not model the projection of sensor-level noise and subsequent weights normalisation:
consequently we made the simplifying assumption that the weights normalisation at
each voxel was unity (i.e. X, = Xn)

We performed 8 simulations:

1. No group difference.

2. Difference in both the mean and the variance of the component time course.
3. Difference in the variance of the component time course.

4. Difference in the mean of the component time course.

5. Difference in the position of one of the nodes of the spatial map.

6. Difference in the amplitude of one of the nodes of the spatial map.

7. Difference in the amplitude of the spatial map outside of the two main nodes.

8. Global difference in the signal-to-noise ratio of the data.
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Figure shows simplified diagrams of the 8 simulations. These simulations
were designed to assess the sorts of differences that can be detected in our analysis

and not to be a full simulation of MEG data.

5.5.2 Preprocessing

We applied the standard preprocessing pipeline (described in detail in section [3.6)) to
the eyes-closed/active-state and APOFE data sets. For each session, we used indepen-
dent component analysis at the sensor level to remove physiological and environmental
artefacts. We then visually inspected each session of data. We identified any chan-
nels or periods of data that looked corrupted and flagged them as bad. At this stage
the eyes-closed/active-state data was resampled from 600Hz to 200Hz. Each subject
was co-registered to the MNI template brain by mapping the subject’s head shape
(measured with the Polhemus Isotrack) to their structural and to the MNI canonical
brain using SPMS8 (FIL, UCL, London).

Every session was band-pass filtered into a single frequency band. For the eyes-
closed/active-state cohort, the data were filtered into the alpha band (8-13Hz). We
chose the alpha band as we wished to validate our analysis on the well-characterised
increase in visual cortex alpha power in eyes-closed rest compared with eyes-open
activity [20,33]. For the APOFE cohort, the data were filtered into the 4-30Hz range
as we did not have a specific frequency band to target.

Source reconstruction of each session was performed using a linearly-constrained
minimum variance beamformer, described in chapter [3| [134}/140]. The lead-fields
were estimated using the overlapping local spheres forward model [75] implemented
in FieldTrip (Donders Institute for Brain, Cognition and Behaviour, Radboud Uni-
versity). The beamformer was used to estimate source space activity across a 6mm
grid spanning the whole brain.

We estimated the windowed-average oscillatory amplitude envelope using 2s non-
overlapping windows. A 2s window was selected based on the optimisation analysis
presented in section [88]. We estimated the weights-normalised and non-weights-

normalised envelopes for use in stages 1 and 2 of the MADR analysis. We spatially
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smoothed each session’s envelopes with a 4mm Gaussian kernel using FSL (FMRIB,
Ozford). We spatially re-sampled the data to an 8mm grid. This was applied to both

the weights-normalised and non-weights-normalised envelopes in parallel.

5.5.3 Application of MEG-adapted dual regression

Eyes-closed/active-state cohort: For the eyes-closed /active-state data, we vali-
dated MADR by using it to detect alpha power increases in the visual networks during
eyes-closed rest. We used a set of 18 RSN maps derived from a spatial ICA performed
on fMRI data [122]. Using this fMRI basis set, we performed a paired t-test between
each subject’s eyes-closed and active-state sessions. We applied the test in three ways
for each component: 1.) at every voxel in the set of session-specific spatial maps; 2.)
for the mean values of the component time course; 3.) for the variances of the com-
ponent time course. We applied spatial smoothing with a 16mm Gaussian kernel to
the variances of the regression parameter estimates for the voxel-wise paired t-test.
Spatial smoothing was critical to overcome the poor estimate in the variance of the
residual at the group level. Spatial smoothing assumes that the expected value of the
variance of the residual is approximately uniform across the brain. However, because
our first level regression parameters were estimated from the non-weights-normalised
envelopes, they have an imposed depth bias that is reflected in the variance of the
parameter estimates at the group level. In order to account for this, we divided ev-
ery subject-level regression parameter map by the group mean weights normalisation
map.

We performed the MADR analysis on the eyes-closed /active-state data a second
time but deliberately used the weights-normalised envelopes throughout. We did this
to demonstrate the effect of using weights-normalised data to infer differences across

sessions in the context of MADR.

APOE cohort: For the APOFE cohort, we used a MEG-derived spatial basis set.
Specifically, we used a set of 25 spatial maps that we estimated by performing a

temporal ICA decomposition on the concatenated windowed-average envelopes using
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the analysis described in section [£.5.3] These maps are the electrophysiological ana-
logue of the RSN maps estimated from spatial ICA on fMRI BOLD data that we
used in the eyes-closed /active-state analysis. In order to estimate the MEG-derived
functional networks, we de-meaned each voxel of the weights-normalised envelopes
and then temporally concatenated all the sessions. We normalised this concatenated
matrix by the global standard deviation. We then used ICA to decompose the con-
catenated envelopes into 25 temporally independent time courses (implemented using
FastICA) [77]. This yielded a set of independent time courses and spatial maps for
the concatenated group.

We used the spatial maps as the basis set for the MADR analysis to get 25 spatial
maps for each session of data. Using these session-specific maps, we performed a
single group analysis, contrasting the €3 homozygote group with the €4 carrier group.
However, as we had two sessions of resting-state data, we performed an intermediate
subject-level fixed effects analysis to collapse the two session-level regression parame-
ters/component means/component variances into subject-level estimates. As with the
eyes-closed [ active-state analysis, we performed 3 sets of tests: on the spatial maps;
on the means of the component time courses; on the variances of the component time
courses. For the voxel-wise statistics, we performed smoothing on the variance of
the residuals of the group level GLM using a 40mm Gaussian kernel. In order to
account for the depth bias in the variance of the group-level residuals, we divided ev-
ery subject-level regression parameter map by the group mean weights-normalisation

map.

Stmulated cohort: When analysing the simulated data, we performed an identical

MADR analysis using a paired t-test to the eye-closed/active-state data.

5.5.4 Results
5.5.4.1 Swimulated data

Figure [5.4] shows the results of the MADR analysis on the eight simulations. Figure

shows the resulting Z-statistics from the paired t-tests on the component means
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and variances. As we knew a priori which component to test, we only had to perform
tests on one component for each simulation and as such did not need to correct
for multiple comparisons over components. We defined significance as p < 0.01.
Figure [5.4C shows t-statistical maps for the voxel-wise paired t-test performed across
the session specific spatial maps. We used threshold-free cluster enhanced (TFCE)
permutation testing (implemented in FSL’s RANDOMISE (FMRIB, Ozford)) to
account for multiple comparisons over voxels. Any significant clusters have been

shaded in green.

1. No Group Difference: the dual regression has not found any significant false

positive group differences.

2. Differences in the mean and variance of component time courses: the
statistics on the mean and variance have both accurately detected a significant
group difference. The voxel-wise GLM has found a significant difference across

the whole simulated network.

3. Differences in the variance of component time courses: the analysis
has correctly detected a group difference in the variance of the component time
course between sessions. It has also correctly detected a significant difference
across the majority of the network from the voxel-wise GLM. However, it has

falsely inferred a difference in the group means.

4. Differences in the mean of component time courses: a significant differ-
ence has been found in the means of the component time course but not in the
variance. No significant differences were found in the voxel-wise analysis of the

spatial maps.

5. Difference in the position of one node of the spatial map: the dual
regression technique has performed perfectly here: it has detected no group
differences in the component mean and variance but has correctly detected the

spatial difference due to the shifted network node in the voxel-wise analysis.
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6. Difference in amplitude of one node of the spatial map: the dual re-
gression framework has inferred differences in the mean and variance of the
component time courses that were not directly simulated. It has correctly de-
tected a significant negative group difference between the two simulated groups,
exactly matching the node with reduced amplitude. However, it has incorrectly
inferred additional weaker but still significant differences in the second network

node.

7. Difference in sub-threshold amplitude outside of the main spatial
map: In this simulation variant (that is very similar but weaker than simu-
lation 6) the analysis has correctly inferred no group differences in the mean
and variance of the component time courses. It has found significant differences
in the correct sub-threshold region where the group difference was simulated

but it has not accurately delineated this region.

8. Difference in the signal-to-noise ratio: The analysis has detected signif-
icant differences in the component means and variances. It has also found a
small significant cluster of voxels showing a group difference in the voxel-wise

analysis.

5.5.4.2 FEyes-closed/active-state data

We performed an MADR analysis on the eyes-closed / active-state data using a fMRI
spatial basis. Specifically, we used 18 spatial maps estimated from spatial ICA per-
formed on resting-state fMRI data [122]. For each component, we estimated a compo-
nent mean, variance and spatial map specific to each session of MEG data. Consider-
ing the variances of the components, we found 5 components that showed significant
differences in component variance between eyes-closed and active-state sessions. We
discarded the other 13 components. Figure[5.5shows the results of the dual regression
for 3 of the significant components: the lateral visual network; the visual network;
the bilateral hippocampi. For each component, the Z-statistical map of the spatial

ICA group result is shown in red/yellow. Next to each spatial map is the statistical
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map of unity minus the corrected p-values. All three components have significant
increases in oscillatory alpha power variance in eyes-closed sessions relative to active-
state sessions. For the lateral visual network, this is confined to the left hemisphere;
for the visual network this difference is in both the left and right medial visual areas;
for the hippocampal component, we found significant differences confined to the left
temporal lobe. The hippocampal component also had a significant elevation in the
mean of the component time courses in the eyes-closed sessions relative to the active-
state sessions. The cerebellum and bilateral primary somatosensory cortices (PSSC)
components also showed significant increases in their component mean and variances.
For the cerebellum: peorrectea Of mean = 0.01; peorrectea Of variance < 0.01. The voxel-
wise GLM confined these differences to the cerebellum. For the PSSC component:
Peorrected Of mean = 0.06; Peorrectea Of variance << 0.01. The voxel-wise GLM did not
find any significant clusters.

In order to emphasise how MEG-adapted dual regression should not be performed
using weights-normalised envelopes, we performed an identical analysis to that shown
in Figure but using the weights-normalised envelopes throughout the dual re-
gression. We found no significant components showing increased alpha activity in
eyes-closed versus active-state. Instead, we found two components, corresponding to
the medial visual network and caudate, that showed significant decreases in alpha
power variance in the voxel-wise analysis of the session-specific maps. This result is
shown in Figure 5.6, Note that we used a green-purple colour scale to denote the
unity minus the p-value for the active-state - eyes-closed rest contrast. In agreement
with the voxel-level analysis in Figure [5.2 using the weights-normalised envelopes to

estimate differences across sessions actually reversed the effect direction.

5.5.4.3 APOEF data

We applied the MEG adapted dual regression analysis to the output of the temporal
ICA performed on the 4-30Hz envelopes of the APOFE data set. This yielded a
statistical map for each of the 25 components, as well as a statistic for the mean

and variance. We focused on the contrast between homozygous €3 carriers versus e4
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carriers. Figure [5.7] shows the results for the right and left frontoparietal networks.
Both RSNs show increased variance in oscillatory power in the homozygous €3 group

compared to the e4-carriers.

5.6 Discussion of MEG-adapted dual regression

5.6.1 Interpretation of dual regression

The simulations were very powerful in simultaneously highlighting the strengths and
weakness of the MEG-adapted dual regression approach. Firstly and most impor-
tantly, the procedure is robust against false positives. When no group differences were
simulated, the only significant differences were found in a few voxels in the voxel-wise
GLM analysis. However, when multiple comparisons over voxels were taken into ac-
count, these voxels did not pass significance. We conclude that false positives should
only be an issue when multiple comparisons are not being addressed correctly.

A weakness in the dual regression approach is interpretability. It is extremely
challenging to infer the underlying mechanisms from a given positive finding. Ideally,
we would like to infer differences in functional connectivity from this analysis. Un-
fortunately, this is not trivial. MEG-adapted dual regression can accurately localise
where informative group differences exist. It can also attribute these group differences
to specific resting-state networks. However, other complementary analyses would be

needed to elucidate the physiological mechanisms that create these group differences.

5.6.2 Mean, variance and voxel-wise statistics

We have developed three related statistics that can be estimated for each component:
mean of the time course, variance of the time course/spatial map and voxel-level
statistics. These three statistics offer overlapping insights into the underlying group
differences. Our suite of simulations helped to disentangle these insights.

The mean of the component (for a given session) corresponds to an estimate of the

average oscillatory power associated with that component for that session. When we
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simulated a difference in the mean value associated with a component between two
groups, we accurately inferred this difference. However, when we simulated a differ-
ence in the variances of the component between two groups, we incorrectly inferred a
difference in the mean as well as a difference in the variance. This suggests that our

estimates of mean and variance for each session and component are not independent.

This intuitively makes sense as differences in session-specific component variances
will lead to different session-specific maps (because the variance normalisation in
MADR stage 2 shifts any component time course variance into the spatial maps).
These different session-specific spatial maps will be used in equation [5.13] resulting

in the estimation of different session-specific means.

Our conclusion at this stage is that inferred differences in component-level means
most likely correspond to true differences if no difference in variance is detected. If
both mean and variance differences are detected then we cannot demonstrate at this
stage whether there is a genuine change in the mean oscillatory power or just a change
in the variance of oscillatory power, leading to an incorrect detection of a difference in
the mean. When considering the variances of a given component between sessions, we
can be more confident as the dual regression analysis maps variance correctly between

component- and voxel-levels.

As stated in the exposition of the MADR method, the variance of the component
is estimated as the overall variance of the spatial map for a single session. One
might argue that we gain nothing by estimating the component-level variance as it is
implicit in our voxel-wise analysis. However, utilising the component-level variance
has two advantages. Firstly, we can avoid performing statistical tests over voxels,
thus decreasing the severity of the multiple comparison correction. Secondly, when
we performed voxel-level statistical tests, we found that it was important to spatially
smooth the variance of our estimates of the residuals at each voxel. In order to allow
this, we had to impose a group-level weights normalisation, using the group average
weights normalisation map. This is an approximation that is not ideal as the weights
normalisation should be specific to each session. One alternative solution might be to

apply anisotropic variance smoothing to each session along the contours of constant
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weights normalisation specific to each session. Performing component-level statistics
on the variance completely bypasses this issue.

In this study, we used the component-level variances to apply a weak control of the
family-wise error rate of multiple comparisons over components. Ideally, one would
develop a single, unified framework that controls for multiple comparisons over voxels
and components but that is beyond the scope of this work. Despite the additional
challenges and computational cost of performing voxel-wise statistics, we argue that
they are more informative and sensitive. As shown by simulation 7, when we simulate
a localised, small group difference in a sub-threshold region of the spatial map, only
the voxel-wise analysis is sensitive enough to detect this group difference. Essentially,
there is more that is the same between the two groups than there is that is different.

Hence, component-level analyses cannot detect those subtle differences.

5.6.3 Validation of MADR - inferring differences between eyes-

closed rest and active-state.

We validated the MADR framework by using it to infer differences in resting-state
networks during eyes-closed rest versus eyes-open visual stimulation via a movie. We
expected strong alpha power increases in the visual cortex (supported by our voxel-
level analysis in Figure[5.2). Using RSN maps derived from spatial ICA performed on
fMRI data, we found increased variance in the 8-13Hz band-limited power associated
with the lateral visual network and the visual network. This aligns strongly with the

well-established increased visual alpha power observed in eyes-closed rest [20,33].

5.6.4 Novel insights of MADR - differences in resting-state
activity between €3 homozygotes and €4 carriers.
Analysis of resting-state functional connectivity shows promise in helping elucidate
the mechanisms driving Alzheimer’s disease. The default mode network (DMN) has

been shown to have deficient activity in the posterior cingulate cortex (PCC) [64].

Further evidence that implicates abnormal DMN activity to AD pathology is the
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strong correlation between amyloid deposition and the DMN [32]. Much work has
been done to investigate if the APOE-€4 genotype has an effect on resting-state brain
function, with a particular focus on DMN. In fMRI, Filippini et al. showed, using
spatial ICA and dual regression, that €4 carriers have abnormal activity in their DMNs
compared to the more common homozygous e3-carrier population [55|. Furthermore,
Trachtenberg et al. found additional differences in the auditory network, lateral visual

network and left frontoparietal network using similar methods [129].

Our preliminary exploration of the effect of APOE genotype on resting-state brain
function showed strong elevations in the variance of 4-30Hz oscillatory power associ-
ated with both the right and left frontoparietal networks. This is in agreement with
previous fMRI findings by Trachtenberg et al. (2012) who detected APOE-related
changes in the left FPN [129]. Their differences were detected in the caudate, tha-
lamus, anterior cingulate cortex and parietal cortex. We also detected differences in

the caudate but the dominant group differences were in the main nodes of the FPNs.

At this stage, it is not clear why both studies find differences associated with the
left FPN network but in MEG the differences include the main nodes of the network,
whilst in fMRI they are only external to the main network. There is no obvious
justification for fMRI being insensitive to within-network differences. However, we
found in our development of MEG-adapted dual regression that spatial smoothing
of the variance of the regression parameter estimates was critical to improving our
sensitivity to within network differences. Trachtenberg et al. do not state that they
perform any equivalent smoothing and this may contribute to the difference between
the two studies. Of course, the disagreement may be due to the difference in what
the two modalities are measuring: the MEG analysis is driven by band-limited power
fluctuations of neural oscillations while the fMRI is measuring a vascular response to

increased metabolic demand of neuronal populations.

Our ICA decomposition of the band-limited power time series did not produce a
single default mode network and so we were unable to reproduce the DMN-specific
findings of Filippini et al. and Trachtenberg et al. [55,|129]. However, this highlights

one of the major opportunities afforded by the MADR framework: in future studies,
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we can use the fMRI-derived ICA maps from previous studies as the spatial basis set
to investigate directly if the differences observed in the BOLD signal RSNs are also
reflected in the MEG datal

5.7 Conclusion

In this study, we have laid the foundations for performing a multitude of group sta-
tistical analyses on resting-state or task-positive MEG data. Analysis of networks of
spontaneous brain activity in the resting-state has proven to be a fruitful research
area in fMRI neuroimaging. MEG can provide a unique and novel insight into this
arena, particularly as it is not limited by the haemodynamic response function and
has extremely rich temporal and spectral resolution. The framework that we have
presented will be particularly useful in bridging the gap between the wealth of infor-
mation already uncovered with fMRI and the relatively unexplored terrain of electro-
physiological data in MEG.

We have identified weights normalisation as a potential major source of error if
not accounted for properly. While our theoretical and practical demonstrations have
been limited to beamformer-based source reconstructions, we have yet to establish
whether other source reconstruction techniques (such as minimum norm estimates)
are vulnerable to similar confounds. Minimum norm approaches have the potential
to suffer from similar issues but we have not demonstrated the severity of the weights
normalisation confound in such a context.

Finally, as with any exploration of functional connectivity, we must caution against
the temptation of over-zealous interpretation. One of the key findings of this chapter
is that many underlying processes can manifest as similar true positive findings in
dual regression. Therefore, this framework alone is insufficient to draw conclusions

about changes in functional connectivity in neural activity.

2Refer to the D.Phil thesis of V. Heise (under ezamination) where fMRI-derived RSN
maps from the APOE cohort were used as a spatial basis set for MEG-adapted dual regres-
sion [71]
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Figure 5.1: A simulation showing one example of how weights normalisation can reverse
the apparent direction of an effect. In this simulation, the effect we measure is the standard
deviation of dipole A, 04, between two sessions (1 & 2) where 041 > 0a42. A. The schematic
of our 2-dimensional simulation, consisting of 8 dipoles and 2 MEG sensors. The dipole time
courses are uncorrelated and normally distributed. B. The lead-field vectors for our three
dipoles (solid black, red and green arrows) and the beamformer weights vectors for dipole A
from session 1 and session 2 (dashed cyan and magenta arrows). C. The standard deviations
of the three dipoles in sessions 1 and 2. D. The ground truth and beamformer estimated

differences (without and with weights normalisation) between the standard deviation of
dipole A in sessions 1 and 2.
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Figure 5.2: Axial slices through the visual corter showing results of a vozel-wise paired
t-test performed on the mean and variance of the envelope of the alpha (8-13Hz) oscillations
of the eyes-closed and active-state sessions before and after applying weights-normalisation.
For each map, t-statistics were thresholded at 4, with positive values shown in red/yellow
and negative values shown in blue. Without weights normalisation, we correctly measured
a significant increase in the mean and variance of alpha power in the eyes-closed condi-
tion compared with the active-state condition. With weights normalisation, we detected a
decrease in the mean and variance of alpha power in the eyes-closed condition compared
with the active-state condition, demonstrating that the weights normalisation confound can
actually reverse the underlying effect direction. FSL’s RANDOMISE was used to per-
form threshold-free cluster enhanced (TFCE) permutation testing to account for multiple
comparisons. All t-statistics shown are members of significant (Deorrectea < 0.09) clusters.
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Figure 5.3: A schematic of the MEG-adapted dual regression (MADR) analysis. We provide
the MADR analysis with a spatial basis set as an input. Stage 1 of MADR consists of a
spatial multiple regression of the basis set from the group concatenated, weights-normalised
envelopes to give group-level component time courses which are then broken up into session-
specific blocks. Stage 2 consists of a temporal multiple regression of each session-specific
block from the non-weights-normalised envelopes to give session-specific spatial maps.
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Figure 5.4: Simulations to demonstrate the performance of the MEG-adapted dual regres-
ston analysis. A. Schematics of the 8 simulations used. Simulation 1 tests performance
under no group difference. 3 simulations (2, 3 and /) impose group differences in the mean
and/or variance of the component time course. 3 simulations (5, 6 and 7) impose group
differences in the spatial map of the component. Simulation 8 shows the effect of differ-
ences in global signal-to-noise ratio. B. Results of the component-level statistics. The paired
t-test was applied to the estimated component means (blue bars) and variances (red bars).
C. The spatial maps were subjected to an equivalent paired it-test at each voxel: positive
t-statistics are shown in red/yellow; negative t-statistics are shown in blue; significant clus-
ters (found with threshold-free cluster enhanced (TFCE) permutation methods using FSL’s
RANDOMISE) are shown in green.
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Figure 5.5: Resulls of the MADR analysis on eyes-closed/active-state data using fMRI
spatial ICA maps as a basis set [129]. Three fMRI-derived RSN components are shown:
A. lateral visual network; B. visual network; C. bilateral hippocampi. In Red/Yellow (left):
spatial ICA Z-statistical maps, thresholded at Z = 5. In Blue (right): maps of unity minus
the p-values for the voxel-wise paired t-test between eyes-closed and active-state conditions,
thresholded at 1-peorrected = 0.95. P-values were corrected for voxel-wise multiple comparisons
using FSL’s RANDOMISE threshold-free cluster enhanced (TFCE) permutation methods.
For each component, the corrected p-value for the paired t-test applied to the component time
course means and variances are also shown. Component p-values were corrected using a
multi-step up test with significance threshold of p < 0.01 [101].
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fMRI-derived Spatial MADR-derived
Basis Set Statistical Maps
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Figure 5.6: Results of the MADR analysis on eyes-closed/active-state data using fMRI
spatial ICA maps as a basis set, but when incorrectly using the weights-normalised
data throughout the analysis. No components showed significant clusters for the eyes-
closed - active-state contrast. Two components (A. medial visual network and B. caudate)
showed significant clusters for the active-state - eyes-closed contrast (for which unity minus
p-values are shown in green/purple), demonstrating that weights normalisation can actually
reverse the underlying effect direction in an MADR analysis.
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Figure 5.7: Results of the MADR analysis on the APOE data using an MEG-derived
spatial basis set. Two components are shown: A. right frontoparietal network and B. left
frontoparietal network. In Red/Yellow: maps of covariance between the independent time
course of the component and the concatenated envelopes at each vozel. Covariance maps have
been normalised to have unit variance. In Blue: maps of unity minus the p-values for the
group-level GLM testing for increases in the €3 homozygotes relative to €4 carriers. P-values
were corrected for vozel-wise multiple comparisons using FSL’s RANDOMISE threshold-
free cluster enhanced (TFCE) permutation methods. For each component, the corrected
p-value for the GLMs applied to the component time course means and variances are also
shown (again for the €3 homozygotes - €4 carriers contrast). P-values were corrected using
a multi-step up test with significance threshold of p<0.05.
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Chapter 6

Analysis of functional networks in

task-positive paradigms

6.1 Chapter abstract]]

In this chapter, we demonstrate that our functional connectivity analysis, based on
performing temporal ICA on the slow-moving envelopes of beamformer-estimates of
band-limited neural activity, can be used to extract functionally-connected networks
from task-positive MEG data. We present a post hoc analysis of the independent
components using a mixed-effects General Linear Model (GLM). We show that our
combined ICA /GLM analysis can provide advantages in task-positive MEG analysis
which are unavailable to either technique when used in isolation. In particular, it
is a powerful tool for reducing the number of statistical tests, thus ameliorating the
problem of multiple comparisons. We apply our analysis to a 2-back working memory
experiment and show that it matches previous features associated with working mem-
ory function, outperforms a standard voxel-wise GLM analysis, and provides novel

insights into working memory function in MEG.

!The analysis in this chapter has been published in full by Luckhoo et al. in 2012 [88].
The descriptions of the data, methods and results have been taken from this publication.
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6.2 Introduction

Throughout this thesis the focus has been on the identification and analysis of functionally-
connected networks in the resting-state. In this chapter, we change tack to consider
whether equivalent networks can be detected in task-positive MEG data and if so
how we might analyse them. We have referred to these networks in previous chapters
as resting-state networks (RSNs), in this chapter we will term them functionally-
connected networks (FCNs) to reflect that these networks are found in task-positive
data. Smith et al. (2009) showed, using a meta-analytic comparison of fMRI de-
rived RSNs (extracted using group spatial ICA) with the BrainMap task activation
database, that RSNs have a functional correspondence to task-related regions [122].
Ultimately, this idea motivates the field of research in resting-state networks: we are
not only interested in understanding the resting brain in isolation, but also want to
use it to further our understanding of general cognitive function, dysfunction and
disease.

In this chapter, we apply our ICA framework (described in section to a work-
ing memory paradigm. We show that functionally-connected networks are present
during working memory processing that are similar to those found in the resting-
state and that we can extract them in an identical fashion to resting-state analyses.
We then proceed to develop a framework for applying mass-univariate statistics to

infer which networks are actually involved in the task.

6.2.1 Coupling ICA and the GLM to ameliorate multiple com-

parisons and inform component classification

In chapter |5 we considered one interpretation of RSNs as a spatial basis set which
can be used as a functionally relevant, low-dimensional representation of whole brain
activity. In this chapter, we use the FCNs extracted from the task-positive data in
much the same way. Statistical analysis of task-positive MEG data is nothing novel:
mass-univariate General Linear Modelling (GLM) and pseudo-T-statistical analyses

have been tailored to MEG data to find regions that exhibit task-modulated neural
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activity [24,60,136]. However, in order to control the family-wise error rate such that
task-dependent activations can be reliably inferred, one must correct for multiple
comparisons of statistical tests [L01},/139]. In MEG, multiple comparison corrections
are particularly important, as statistical tests can be performed over time, space

(either at the sensor-level or source-level), and frequency band.

Several techniques for controlling the family-wise error rate due to multiple com-
parisons have been adapted for MEG. Barnes and Hillebrand (2003) exploit the inher-
ent spatial smoothness of beamformed MEG data to efficiently account for multiple
comparisons [11]. Their technique uses the correlations between beamformer weights
to map the inhomogeneous spatial smoothness of source-reconstructed MEG data,
which is then used to statistically flatten the source-space statistical maps. Singh et
al. (2003) demonstrate that non-parametric permutation techniques can be applied to
account for multiple comparisons in source-level, multi-subject, MEG studies [120].
Permutation techniques estimate a data-derived null distribution of cluster sizes from
which it is possible to infer the probability that a given statistical activation cluster
could occur by chance [102]. Both statistical flattening and permutation techniques
capture the dependence between neighbouring voxels due to spatial smoothness. Here,
we use the functionally-connected networks as a representation of the brain that ef-
fectively captures the functional smoothness: i.e. we are clustering voxels based on
functional similarity in their band limited power time courses. We can then perform
statistics at the component-level, rather than at the voxel-level. We demonstrate
that this is a powerful alternative solution for ameliorating the multiple comparisons

associated with voxel-level statistics.

One unavoidable aspect of ICA is that the components are produced in a ran-
dom order with no immediate way to classify which components are of interest (i.e.
corresponding to functional networks) and which components are irrelevant (i.e. cor-
responding to non-neural artefacts or residual neural activity not associated with
functional networks). In chapter {4 we identified the relevant RSN components by
comparing them with fMRI-derived RSNs. In chapter |5 we identified the relevant

components based on previous work in fMRI to consider the effect of the APOE-¢4
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genotype on the frontoparietal networks. In both cases we used prior knowledge to
determine which components to consider and which components to discard. Here,
when considering task-positive data, we will use our knowledge of the task timing to
sort the 1Cs into task-relevant and task-irrelevant components in a principled way. To
do this, we used a mixed-effect general linear model to estimate which components
showed task-dependent temporal variability [24,60,139].

The pairing of the ICA and GLM approaches is very powerful for these reasons.
The ICA reduces the voxel-level data down to a much smaller component-level de-
scription, thus removing the potentially prohibitive number of multiple comparisons.

The GLM enables us to identify the relevant ICs in a principled and unbiased way.

6.2.2 Working memory: a very brief introduction

In order to demonstrate the efficacy of our task-positive ICA framework, we selected
a cognitive task that is known to recruit multiple, spatially distributed brain regions.
Specifically, we implemented a 2-back working memory experiment. Working memory
(WM) describes the mechanism by which information is temporarily cached by the
brain for impending use in a cognitive process [6]. Critically, working memory dys-
function has been established as a biomarker for Alzheimer’s disease and schizophre-
nia [6,48]. There are two key aspects to successful working memory maintenance: load
and duration. If we consider WM as a mechanism for storing discrete items, then load
refers to the number of items that need to be encoded and retrieved. Duration refers
to the length of time that the items must be maintained in working memory. The
n-back task tests WM performance for various loads and durations. Brookes et al.
previously investigated WM using MEG in 2011, using a combination of n-back and
Sternberg paradigms to exercise the WM system [28]. They found evidence of theta
band (4-8Hz) event-related synchronisation (ERS) due to WM in the frontal regions.
They found an associated theta band event-related desynchronisation (ERD) in the
visual cortex. Brookes et al. also detected desynchronisations in the high beta/low
gamma band (20-40Hz) in the frontal and posterior parietal areas.

These findings demonstrate how WM requires the activation of multiple regions
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and across multiple frequency bands. ICA is an ideal tool for investigating the func-
tional connectivity that allows these regions to dynamically integrate in response to

the task.

6.3 Materials and methods

6.3.1 Data

Participants: 12 participants took part in this study. The cohort was comprised
of six males and six females and had a mean age of 25 years and a standard error
of 1 year. The study was approved by the University of Nottingham Medical School

Research Ethics Committee.

Paradigm: FEach participant was scanned at rest (in a supine position with their
eyes open and asked to fixate on a cross) for 5 minutes. Immediately after the resting-
state block, the subject underwent a 2-back working memory task for 12 minutes.
The 2-back paradigm involved the sequential presentation of discrete items (in our
paradigm each item was a lower case letter). The subject was asked to respond every
time the current item matched the item that was presented two trials before. We refer
to this as a target trial. Responses were recorded via a button press. The experiment
had a block design, consisting of a 30s 2-back block (made up of 15 trials) followed by
a 30s rest/fixation block. Each trial consisted of a 1s blank screen followed by the 1s
presentation of a letter. Approximately 3 target trials occurred in each 2-back block.
PsychoPy (www.psychopy.org) was used to implement the task. Visual presentation
was achieved via projection through a waveguide in the magnetically shielded room
onto a screen placed approximately 40cm in front of the subject. Figure [6.1] shows a
schematic of the 2-back experiment including the trial-wise structure of each 2-back
block, and the block design of the experiment [88]. The combined block-wise and
trial-wise design allowed us to contrast activity between the task and rest blocks and

between the target and non-target trials.
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Figure 6.1: Schematic of the 2-back paradigm. A. The stimulus train: a 1s blank screen
preceded a 1s letter presentation to make a single trial. Whenever the current letter matched
that of the one two trials earlier, the subject pressed a button. 15 trials made up a 30s task
block. B. Each task block was followed by a 30s rest block. 12 task blocks, each followed
by a rest block, made up a single experiment, lasting 12 minutes. Figure and caption taken
from [88, Fig. 1].

Data acquisition: The MEG data were acquired using a C'TF 275 channel whole-
head system (MISL, Coquitlam, Canada) which sampled the data at 600Hz. We
applied 3rd order gradiometer correction to remove far-field interference |[136]. We
performed head localisation by placing three electromagnetic head-position-indicator
(HPI) coils at three locations on the participant’s head. The HPI locations and the
subject’s head shape were measured using a Polhemus Isotrack system. During the
scan, the locations of the HPI coils within the scanner were measured by periodically
energising the coils. Structural MR images for each subject were acquired using a
Philips Achieva 3T MRI system (MPRAGE; Imm isotropic resolution, 256x256x160
matrix, TR=8.1ms, TE=3.7ms, TT=960ms, shot interval=3s, flip angle=8 degrees

and SENSE factor 2).

Data preprocessing: The analysis performed on the 2-back data was carried out
prior to establishing the best-practice preprocessing pipeline (outlined in section .

Instead the data were preprocessed using the following procedure. Channels with
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excessively high variance were discarded. Any 2-back task block/rest block pair that
contained abnormally high variance or transient elevations in high frequency power
indicative of muscle activity were also discarded.

For each subject, we co-registered their structural MRI to the canonical MNI
template using SPM8 (FIL, University College, London). We estimated the lead-
fields for each subject using the single shell forward model implemented in Field-
Trip (Donders Institute for Brain, Cognition and Behaviour, Radboud University,
Nigmegen) |[103]. The data were band-pass filtered into three frequency bands: theta-
band - 4-8Hz; alpha/low beta-band - 8-20Hz; high beta/low gamma-band - 20-40Hz.
These bands were selected for the following reasons. In section we performed
an investigation into the optimum carrier and co-variation frequency window for de-
tecting functional connectivity in the 2-back data. We found that the 8-20Hz carrier
frequency range was the optimum band for measuring functional connectivity (see
Figure and C). However, previous studies of n-back working memory tasks in
MEG found that the 4-8Hz and 20-40Hz bands are involved in WM processing [28].
As such, we elected to perform our analysis separately on all three bands.

Source reconstruction for each frequency band was performed using an LCMV
beamformer [1341140]. We regularised the data covariance matrix, C, by boosting its
diagonal by four times its smallest eigenvalue (Ain): Cregularised = C +4 X Apin, X I,
where T is an Ngepsors X Nsensors identity matrix. Source space estimates of neural
activity were estimated for every vertex of a 6mm grid spanning the whole brain.

In addition, eye-blink time courses were estimated by beamforming at each eyeball

(MNT coordinates: [£34,56, —38|mm).

6.3.2 Imaging functionally-connected networks

Each subject’s band-limited, source-space estimate of neural activity at every voxel
was weights-normalised (which we demonstrated was an essential preprocessing step
in section . For each voxel, the oscillatory amplitude envelope was estimated
by taking the absolute of the analytic signal, computed via the Hilbert transform.

These envelope time courses were low-pass filtered using a 0.5s windowed-average
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down-sampling. Although we previously demonstrated that the optimal window
length (A) is in the range 1s<A<4s, such aggressive down-sampling would render
our analysis insensitive to within-trial fluctuations in band-limited power (as the tri-
als all have a 2s length). By reducing A to 0.5s, we estimated 4 samples per trial and

retained some sensitivity to within-trial activity.

We performed spatial smoothing (using a 4mm full-width-at-half-maximum Gaus-
sian kernel), spatial re-sampling (to an 8mm grid), de-meaning and temporal concate-
nation in exactly the same way as we did previously for our resting-state studies in
chapters [d] and 5] However, we included the beamformed signals of the activity origi-
nating from the eye-balls in the concatenation in order to encourage the ICA to find

a single eye-blink related component.

When performing the ICA decomposition, we used the ICASSO algorithm® in-
stead of the standard FastICA package [73]. ICASSO is an extension of the Fas-
tICA software that attempts to overcome the issue of local maxima. ICA algorithms
start with a random guess of the mixing matrix and then perform an optimisation
from there to maximise some measure of non-Gaussianity across the components.
However, they can find sub-optimal decompositions if the optimisation gets stuck in
a local maximum. ICASSO runs multiple FastICA decompositions (e.g. typically
about 30 runs) and uses a clustering algorithm to group the matching components
across the different runs. The tightness of the resulting clusters is an indicator of
component consistency. Furthermore, the cluster centre can be used as an alternative
estimate of the optimum set of independent components. One potential downside
of ICASSO is that the cluster centre may represent a less optimal ICA decom-
position than some of the single FastICA runs used to estimate it (particularly if
there are many local maxima corresponding to substantially different levels of non-
Gaussianity). Furthermore, using ICASSO comes with an additional computational

cost as it has to perform multiple runs of FastICA.

We performed 6 ICAs using ICASSO. For each frequency band, we input the
concatenated combined task and rest blocks for one ICA and just the task blocks only

for the second ICA (we will use combined task and rest and task blocks only to denote
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thee two types of analysis in the remainder of this chapter). We performed these two
distinct analyses to demonstrate that our task-positive ICA framework can be applied
to both block design and trial design experimental paradigms. For each ICA run, we
computed 20 independent components and estimated the map of Pearson correlation
coefficients between the ICs and the concatenated envelope time courses input to the

ICA at each voxel.

6.3.3 Statistical framework for identifying 2-back relevant FCNs

Each of the 6 ICAs produced 20 independent time courses from which we estimated 20
corresponding correlation maps (refer to section for a description of correlation
maps as a way to visualise RSNs). We used a mixed-effects GLM to test each combined
task and rest ICA for components that showed strong block-dependent time courses.
We used an equivalent mixed-effects GLM on the task blocks only ICAs to detect
components which showed significant differences between 2-back target trials and non-
target trials. We contrasted these component-level analyses with voxel-level mixed-
effects GLMs in order to demonstrate the improvement that our combined ICA-
GLM framework provides. Specifically, for each frequency band we performed four

statistical analyses:

1. Voxel-wise mixed effects GLM on the combined task and rest blocks.
2. Voxel-wise mixed effects GLM on the task blocks only.
3. Component-wise mixed effects GLM on the combined task and rest blocks.

4. Component-wise mixed effects GLM on the task blocks only.

The mixed-effects GLM: The general linear model is a framework for quantifying
the linear dependencies between the external, task-related stimuli of a given paradigm
and the recorded neural activity. The mixed-effects GLM is designed to model the
variability of response of neural activity to the task at the subject-level (i.e. how

'An open-source Matlab implementation of ICASSO can be downloaded from http:
//research.ics.aalto.fi/ica/icasso/.

141


http://research.ics.aalto.fi/ica/icasso/
http://research.ics.aalto.fi/ica/icasso/

much variability is there in the strength of response for a given voxel for one subject
across multiple trials) and at the group-level (i.e. how much variability is there in
the strength of response to a stimulus across multiple subjects). The mixed-effects
GLM accounts for both sources of variability by performing separate subject-level
GLMs (each modelling the variability specific to that subject), followed by an overall

group-level GLM (that models the variability across subjects).

The mixed-effects GLM for contrasting task and rest blocks: We produced
two regressors (box-car, column vector time series of equal number of samples to our
windowed-averaged envelopes) for each subject’s data. The task block regressor had a
value of 1 for samples that occur within the task blocks and 0 otherwise. Conversely,
the rest block regressor had a value of 1 during the rest blocks and 0 elsewhere.
We also included the mean of the windowed-average down-sampled envelopes of the
source-reconstructed eye-ball time courses as a confound regressor. We modelled the
windowed-averaged envelope at each voxel as a weighted sum of these three regressors.
Similarly, we modelled the subject-specific segment of each independent time course
from the combined task and rest ICA using the same GLM. We show a schematic
of the combined task and rest GLM in Figure [6.2A. Mathematically, we express our
subject-level GLM as:

Yn = [XTastRestXEyes]B +e€ (61)

where Xmask, XRrest; and Xgyes are the task block, rest block and eye-blink confound
regressors respectively (shown in Figure ) Y, is the down-sampled envelope for
the n'" subject at a single voxel (for a voxel-wise analysis) or at a single component
(for a component-wise analysis). B is the 3-element vector of weights or parameter
estimates (B = [Brask, Brests Bryes|]” ). As we were interested in voxels/components
that show differences between task and rest blocks, we estimated the contrast between
parameter estimates (COPE) for the task and rest blocks (Srask—Rrest = BTask —

Brest). As we included the eye-blink activity as a confound regressor, our COPEs are

142



orthogonal to the eye-blink activity and so any statistical findings cannot be explained
as an eye-blink artefact.

We performed subject-level GLMs across every component and across every voxel.
We then performed a group-level GLM on the COPES from each subject at every
voxel /component. We modelled the vector of 12 COPES, Br,sk_gest, (one for each
subject) as the product of a 12-element column vector of ones, Z, and the group-level

parameter estimate, 0 plus a group-level normally distributed error u:

BTask—Rest = ZB +p (62)

The group-level stage provided a statistical parametric map showing statistical differ-
ences between task blocks and rest blocks for the voxel-level GLM. For the component-
level GLM, we estimated a vector of statistics, each element corresponding to an

independent component time course/correlation map pair.

The mixed-effects GLM for contrasting target and non-target trials: We
produced two regressors (box-car, column vector time series of equal number of sam-
ples to our windowed-averaged envelopes for the task-blocks only envelopes) for each
subject’s data. The target-trial regressor had a value of 1 for samples that occur
within the 2-back target trials and O otherwise. Conversely, the non-target regres-
sor had a value of 1 during the non-target trials and 0 elsewhere. Again, we in-
cluded the eye-blink envelope time course as a confound regressor. We modelled the
windowed-averaged envelope at each voxel/component as a weighted sum of these
three regressors. We performed equivalent subject level GLMs for every voxel and

every component in the task blocks only data (shown in Figure [6.2]B):

Y, = [XTargetXNon—targetXEyes]B +e (63)

where Xarget, XNon—target,; ald XEgyes are the target trial, non-target trial block and
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Figure 6.2: Testing of independent components estimated from the 2-back data using a
mized-effects GLM. A. The combined task and rest mized-effects GLM, testing for differences
between the task blocks and rest blocks. B. The task blocks only mized-effects GLM, testing
for differences between the target (T) and non-target (N) trials. Both GLMs include the
average eye-blink activity for each subject as a confound regressor in the 1st level, ensuring
that any statistical inferences are orthogonal to eye-blink activity. Figure and caption taken
from |88, Fig. 2].

eye-blink confound regressors respectively and where B = [Brarget, BNon—targets Bryes]”
We then performed an identical group-level GLM on the vector of COPEs contrasting

target and non-target trials, Brgyget— Non—target:

BTargethcmftarget = Zﬂ + p (64)

to give a statistical map across all voxels showing differences in envelope activity

during target trials compared with non-target trials.
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6.3.4 Correcting for multiple comparisons

We used the false discovery rate method (FDR) to correct for multiple comparisons
across voxels in the statistical maps for the combined task and rest and task blocks only
voxel-wise GLM analyses [19]. FDR determines the appropriate statistical threshold
that corresponds to a specific expected proportion of false positives (e.g. 5%) [101].
FDR corrections were implemented using FSL (FMRIB, Ozford).

In order to correct for multiple comparisons across components in our component-
wise analyses, we utilised a multi-step-up test [101]. For a given ICA, we ranked the
ICs in order of significance (from least to most significant). Starting with the least
significant component, we tested it against the Bonferonni-corrected threshold (i.e.
when testing 20 components with a significance threshold a = 0.05, we tested if
p < %). If it failed to pass significance, the next least significant component was
tested against the same threshold (step 2), scaled up by the step number p < %.
If it proved to be non-significant, the next component was tested until one was found
to be significant. All remaining (more significant) components were then classed as
above threshold. We present the two rules of the multi-step-up test below:

if p; > a7i, then test next component (increment 7).
if p; < O‘Ti, then classify components ¢ through I as significant.
We used the multi-step-up test as it is equivalent to the FDR correction that we used

in the voxel-wise analyses [101].

6.4 Results

Voxel-wise GLMs: Figure [6.3| shows the Z-statistical maps from the 6 voxel-wise
GLM analyses (for A. the combined task and rest envelopes and for B. the task blocks
only envelopes, over three frequency bands each: 4-8Hz, 8-20Hz, 20-40Hz). Each map
shows corrected Z-statistics. For Figure all Z-statistical maps were thresholded
between 3 and 5. In the 4-8Hz band, we found significant activity in the frontal, visual
and motor regions. In the 8-20Hz band, we found significant activity in the parietal

cortices and superior parietal lobule but this activation was anatomically unspecific.
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Figure 6.3: Results of mized-effects GLM analyses on the down-sampled oscillatory en-
velopes at each voxel. Maps of corrected Z-statistics are shown in radiological view (azial,
coronal and sagittal views from left to right). Z-statistics were corrected using false discovery
rate (FDR) methods in FSL and subsequent Z-statistical maps thresholded between 3 and 5
for visualisation, except the task blocks only 4-8Hz (2<Z<}) and 8-20Hz (4<7Z<5.5) maps.
An FDR of 0.05 was used for all the GLMs except the 4-8Hz task blocks only analysis (in
the white dashed box) where a FDR of 0.2 was used as no activity survived corrections at a
FDR of 0.05. A. Result of the combined task and rest GLMs testing for differences between
the 30s task and rest blocks for the 4-8Hz, 8-20Hz and 20-40Hz bands. B. Result of the task
blocks only GLM testing for changes between the trials where a target was presented against
all other non-target trials. In all GLMs, the average eye-blink time course was included as
a confound regressor and hence all statistical inferences are orthogonal to eye-blink activity.
Figure and caption taken from [88, Fig. 4].
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In the 20-40Hz band, we found activity in the parietal, frontal and temporal regions.

In Figure we present the Z-statistical maps from the task blocks only voxel-
wise analyses. We modified the thresholds in the maps to improve visualisation (for
4-8Hz: 2<7Z<4; for 8-20Hz: 4<7<5.5; for 20-40Hz: 3<Z<5). In order to detect any
significant activity in the 4-8Hz band, we had to raise the FDR (the expected rate of
false positives) from 0.05 to 0.2. When contrasting target trials with non-target trials,
we found significant activity in the visual cortex, medial superior parietal lobule and
the left motor cortex. In the 8-20Hz band, we found significant activity in the parietal
regions. In the 20-40Hz band, we found significant differences in the parietal lobes,

visual areas and cerebellum.

ICA/GLM results - combined task and rest analyses: Figure shows 5
correlation maps (out of 20) for each of the three ICAs performed on the envelopes

of band-limited neural activity from the combined task and rest blocks concatenated
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over subjects (along with their corresponding significance value). We found more than
five significant (peorrectea < 0.05) components for each band but have only displayed
the most significant /relevant for clarity.

Theta band (4-8Hz): In the theta band, we found components that corresponded
to two frontal networks, a visual network, the left hippocampus and the SPL. The
two frontal components agree with our voxel-wise analysis but the ICA has split the
task-related activity into two temporally distinct components. The visual network
and SPL also agree with our voxel-wise GLM.

Alpha/low beta band (8-20Hz): We identified five components corresponding to the
left and right superior temporal gyrus, bilateral SPL, DMN and bilateral insula.
High beta/low gamma band (20-40Hz): We found components corresponding to the
DMN, somatosensory network, anterior cingulate cortex, SPL and bilateral hip-

pocampi.

ICA/GLM results - task blocks only analyses: Figure shows the results
of the three ICAs performed on the oscillatory envelopes of the band limited neural
activity of the task blocks only, temporally concatenated across subjects. Again, we
selected 5 correlation maps from each ICA. Unlike the combined task and rest analy-
ses, fewer than five components per frequency band showed significant target versus
non-target changes in activity. As such, we also selected non-significant components
that had functionally interesting spatial maps.

Theta band (4-8Hz): We found three significant (peorrectea < 0.05) components corre-
sponding to the right motor cortex and two frontal networks (which were extremely
similar to the two significant frontal components found in the theta band combined
task and rest blocks ICA in Figure . Two non-significant components were found
corresponding to the SPL and lateral visual networks.

Alpha/low beta band (8-20Hz): Two significant components were found correspond-
ing to the bilateral insula and the cerebellum. We also found three non-significant
components that corresponded to the left frontoparietal network, the DMN and the

left motor cortex.
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High beta/low gamma band (20-40Hz): We found two significant components for the
visual network and bilateral hippocampi. We also found a near-significant (peorrected =
0.055) component corresponding to the pre-motor network. Again we found non-

significant left motor cortex and SPL components.

6.5 Discussion

In this chapter, we presented an adaptation of our ICA-based analysis for extract-
ing resting-state networks. The adapted analysis uses ICA to extract functionally-
connected networks from task-positive MEG data. We combined the output of the
ICA with a mixed-effects GLM to sort through the independent components and
identify any FCNs that demonstrate task-dependent activity. We demonstrated this
analysis on a 2-back working memory experiment and contrasted it with a more typical
voxel-wise mixed-effects GLM (also performed on the windowed-averaged envelopes).
Furthermore, we used the framework of the GLM to include eye-blink activity (esti-
mated by beamforming at both eye-balls) as a confound regressor. By doing this, we
ensured that all our statistical inferences were orthogonal to the estimated eye-blink
activity. Any confound regressor could be included in this framework, allowing us to
account for any non-neural artefact that might affect our analysis, so long as we can

estimate a temporal regressor for the artefact.

Task-positive ICs and working memory: From both the task-positive ICAs
performed on the combined task and rest blocks and the task blocks only, we found
a selection of significantly task-correlated FCNs corresponding to regions which are
known to be associated with working memory processing. Specifically, we found
two theta-band frontal components. Changes in frontal theta oscillations have con-
sistently been associated with working memory [28,183,/107] as well as with other
cognitive functions [80]. We also found frontal theta changes in the voxel-wise GLM
analysis contrasting task and rest blocks. However, we found no significant theta

band differences in the voxel-wise analysis contrasting target and non-target trials.
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That we found significant frontal theta at the component-level but not the voxel-
level demonstrates one of the benefits of the ICA in improving the sensitivity of the
subsequent statistics.

It is noteworthy that we found two frontal theta components rather than a single
one. One possibility is that this reflects two functionally distinct processes occurring
in response to the 2-back experiment. However, this could be an artefact of the
ICA model order selection (refer to section [£.5.1.4). In order to establish this, we
would need to run multiple ICAs at lower and higher model orders to see if the two
components merge or split up [1]. Performing such an analysis was beyond the goal
of this study, but would be important in any future investigation into frontal-theta
components.

We also found significant theta-band differences in the visual cortex, high beta /low
gamma band differences in the parietal regions, alpha/low beta band differences in
the left and right superior temporal gyri, probably corresponding to the temporopari-
etal junction network (TPJ): all of these regions have been independently shown to
respond to working memory function in those frequency bands [26128].

We have validated our task-positive ICA extensively by accurately localising work-
ing memory related activity both in space and in frequency. This demonstrates that
the task-positive ICA framework can be used to map the rich spatial /spectral char-

acteristics of complex cognitive tasks.

Imaging functionally-connected networks: In both the combined task and rest
and task blocks only ICAs we found several FCNs that correspond to RSNs that
have previously been imaged in MEG and fMRI (refer to section for examples
of such RSNs). These FCNs include the visual network, the default mode network,
the bilateral insula (which we postulate might be part of the salience network), the
sensorimotor network and the somatosensory network.

Most interesting are the DMN and bilateral insula. The DMN has been shown to
be a task-negative network, “switching off” during goal-directed activities [56,108|. Tt

is very interesting that we find the DMN time course to be significantly correlated
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with the task-rest block time course. We extracted the DMN from the task blocks
only ICA as well and found that it showed no significant changes between target and
non-target trial, which is plausible if it is in a down-regulated, “off” state during the
whole task block.

If we are correct in asserting that the bilateral insula component is a sub-network
of the salience network, then the simultaneous extraction of both these networks
from a single ICA is of great interest as the salience network has been suggested
to be involved in switching between the DMN /task-negative state and other brain

states [125].

Block-wise design versus trial-wise design: We demonstrated that our task-
positive ICA framework can be applied to both block-wise experimental designs (com-
mon in fMRI) and trial-wise designs (more common in EEG/MEG studies). Our
2-back paradigm had both a block-wise design and trial-wise design (if we only con-
sidered the 2-back blocks). As such, we could treat the data in both ways, which we
did by performing both combined task and rest analyses and task blocks only anal-
yses. As we would expect, we found many similar components in both approaches
(unsurprising as the task blocks only data is a 50% subset of the combined task and

rest data).

The major difference between the two approaches became apparent when per-
forming statistical inferences on the resulting components. The contrast in neural
activity during rest and during the 2-back task is extremely strong, as evidenced by
the fact that we found more that 5 significant ICs per ICA. In contrast, we only
found 7 significant components across the three task blocks only TCAs. This is most
likely a reflection of the much subtler differences between the target trials and non-
target trials. In this experimental design, the trial-wise approach enables us to ask
many more questions beyond target-vs-non-target. For instance, we could look at
correctly-identified 2-back targets versus incorrectly-identified, even focusing on the
pre-stimulus period to see if we can predict correct trials (assuming we recorded

enough data). Such exotic analyses are beyond the scope of research of this thesis
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and we simply wish to acknowledge the plethora of interesting questions that can be
addressed with the trial-wise analysis.ﬂ We note that the reduced sensitivity of the
trial-wise analysis is in part possibly due to reduced amount of data. However, we
think this is unlikely since the number of samples in the task blocks only analysis was
well over that used in our resting-state studies.

When performing task-positive ICA, our windowed-average down-sampling of the
oscillatory envelope presents us with the following trade-off: as we showed in Figure
greater down-sampling improves our ability to detect functional connectivity.
However, greater down-sampling comes at the cost of within-trial resolution. When
using a window length of 0.5s to investigate changes in FCNs between task and rest
blocks, we are not exposed to any such issues as each block is well-sampled with
60 data points. However, when considering the trial-wise analyses, each trial is only
sampled with 4 data points and this may explain the weaker statistics associated with
the task blocks only networks.

There is one potential pitfall with our task-positive ICA framework - that is our
assumption that the sources we wish to recover are temporally independent. In the
resting-state, temporal independence between the underlying network processing is
reasonable. As we use external task stimuli to lock the brain’s activity to a single
process, we may remove the independence that we use in the resting-state to sepa-
rate the processes associated with different networks. In our combined task and rest
analysis, the spontaneous activity of the rest blocks protects us from violating our
independence assumptions. In the task blocks only analysis, although we do not have
equivalent protection, the correspondence between the MEG RSNs found in chapter
the combined task and rest FCNs and the task blocks only FCNs suggests that our

independence assumption is not being violated.

Detecting task-correlated activity in the hippocampi: We identified compo-

nents that spatially corresponded to activity in the area of hippocampus. Specifically,
2We have utilised the trial-wise task positive ICA/GLM framework to investigate the

role of the right frontoparietal network in determining successful visual short term memory
encoding [4, Under review].
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we found theta band hippocampal components in the combined task and rest ICA
and high beta/low gamma components in both the combined task and rest and task

blocks only 1CAs. All these components were found to be significantly task-related

(pcor'rected < 0. 05) .

This result is noteworthy for two reasons. Firstly, it further validates our anal-
ysis as theta and gamma band activity have previously been implicated in working
memory function [5,[128]. Secondly, it provides evidence that hippocampal sources
can be imaged with MEG. In chapter [2| we raised the question of whether activity
from sub-cortical sources, such as the hippocampus, is detectable with MEG. This
is because sub-cortical sources typically do not have the columnar cyto-architecture
which generates open fields and contributes to a measurable MEG signal. Here, we
have found strong evidence that we can in fact detect hippocampal activity. Quraan
et al. demonstrated with simulations that hippocampal sources could be detectable
under the following conditions: 1.) a suitable paradigm is used to stimulate the hip-
pocampi; 2.) sufficient numbers of trials are recorded (150 trials for 12 subjects);
3.) a suitable source reconstruction and analysis approach is used. As we have pre-
viously stated, several studies (Tesche and Karhu in 2000 and Axmacher et al. in
2011) have previously demonstrated hippocampal involvement in WM [5,|128]. Our
task data meets the necessary criteria of both sufficient numbers of trials and sub-
jects. Furthermore, our analysis framework is well-suited for detecting hippocampal
activity. At the source reconstruction stages, we band-pass filter into the theta and
high /beta low gamma bands, removing a large amount of interference and noise. Our
beamformer has a high degree of spatial specificity and so provides an additional
layer of interference suppression. In source space, the ICA is ideally suited to sepa-
rate the weak band-limited envelope signal associated with the hippocampi even in
the presence of stronger sources of interference and noise (this assumes that our PCA
dimensionality reduction has not removed the weak signal). Finally, the GLM demon-
strates that the hippocampal components have task-locked activity and are not just
noise components with spatial maps that coincidentally centre on the hippocampi.

We also used the GLM to discount signal leakage from the eye-blink artefact by in-
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cluding it as a confound regressor. We do concede that our hippocampal correlation
maps lack the spatial resolution to confirm that the neuronal sources underpinning
the hippocampal ICs definitely originate from the hippocampi and not neighbouring

temporal lobe cortex.

Advantaged of the ICA /GLM combination: When using ICA, the components
are generated in an arbitrary order. This happens even under idealised circumstances
(i.e. in the absence of noise and when the true model order is known). The consequence
is that components of interest are mixed together with irrelevant components. In our
resting-state ICAs (in section we identify components of interest by matching
them to fMRI-derived RSNs. This is one example of the sorts of heuristic approaches
which are often used to decide which components are of interest and which are irrele-
vant. Such approaches are consequently biased to classifying only what is expected a
priori as of interest. In our framework, by using the GLM to infer which components
demonstrate a task dependency and which do not, we have developed a principled
and unbiased solution to this issue. Of course, this is only possible in task-positive

data where we can define temporal regressors that correspond to the task timing.

Conversely, mass-univariate statistical approaches such as the GLM are limited by
the issue of multiple comparisons. In order to perform a fully exploratory analysis at
every voxel, we must account for the thousands of statistical tests performed [1011/139).
Even accounting for dependence between voxels, whole-brain analyses can be pro-
hibitively large for small effects [11]. One solution is the a priori selection of “regions
of interest” (ROIs). Whilst ROI selection ameliorates the multiple comparisons issue,
it again exposes us to only finding that which we expect to find. By using the ICA
to reduce the data, we can still perform whole-brain investigations without being
overwhelmed by multiple comparisons. As ICA is a data-driven approach, we are not
imposing our prior expectations but instead letting the features of the data determine
the reduced representation (with the caveat that by using ICA, we are imposing the
constraint of statistical independence which may not be the best feature with which

to decompose our data).
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6.6 Summary

In this chapter, we presented a method for using ICA to extract functionally-connected
networks from task-positive MEG data and for using a mixed-effects GLM to perform
statistical inference on the resulting ICs. We demonstrated this approach on a 2-back
working memory paradigm and validated it against a voxel-wise GLM approach. We
showed that the task-positive ICA combined with the GLM was able to locate task-
correlated activity with excellent correspondence (in both space and frequency) to the
voxel-wise GLM approach and to other working memory studies. Furthermore, we
demonstrated that our approach is flexible and can be used to analyse experiments
that have block-wise designs or trial-wise designs. We demonstrated our approach
as an exploratory and unbiased method for investigating functional connectivity in
task-positive data which accounts for multiple comparisons in an efficient but princi-
pled manner. Finally, we demonstrated that pairing ICA with the GLM provides an

approach that can potentially outperform either method in isolation.

In the previous chapter, when considering MEG-adapted dual regression (MADR),
we focused exclusively on detecting differences in resting-state networks. In this chap-
ter, we focused on how to best utilise our knowledge of the task’s design, specifically
its temporal structure, in the context of ICA-based functional connectivity analysis.
That said, the MADR analyses could be applied to task-positive data in an identical
fashion. Given a data set consisting of task-positive MEG data from multiple sub-
groups, we could employ MADR to extract group-level component time courses (using
any spatial basis set). We could then utilise our task-positive analysis to classify the
task-correlated and task-irrelevant components. Finally, we could use the MADR to
look for differences in the sub-group maps and time courses. Our 2-back cohort is
only made up of a single group and so it is not possible to do such an analysis in this

instance.

One limitation of our analysis as currently framed is that we have sacrificed the
fantastic temporal resolution afforded to us by MEG in order to extract functional

networks. However, it is possible to return to the millisecond temporal resolution
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of raw MEG data. Brookes et al. (2012) did this by estimating FCNs on the 2s
windowed-averaged data via a temporal ICA and then using the FCN maps as ROIs
to perform time-frequency decompositions [26]. Such approaches will be essential if

we are to capitalise on all the information that task-positive MEG has to offer.

155



Combined Task and Rest Blocks
contrast: task block - rest block

4-8Hz 8-20Hz 20-40Hz

p <0.05 _ p <0.05 . p <0.05
asBdlend
5 p < 0.05
ad
p <0.05

p <0.05

Correlation

Correlation

Correlation

e
[

0.

=}
~N

Correlation
Correlation

c
o
s
e
S
S

Correlation
Correlation

Correlation

=}
N

Correlation

Correlation
Correlation

e
w

p <0.05

Figure 6.4: This figure shows the correlation maps generated from ICAs applied to the com-
bined task and rest blocks for the down-sampled envelopes of three frequency bands (4-8Hz,
8-20Hz, 20-40Hz), concatenated over subjects. Correlation maps, presented in radiological
view (azxial, coronal and sagittal slices from left to right), show the correlation between each
temporally independent component and the concatenated down-sampled envelopes of each
vozel. Variable correlation thresholds were used to aid visualisation and are shown on each
map’s colour bar. For each frequency band, five correlation maps are presented for compo-
nents whose corrected p-values were found to be significant (Peorrected < 0.05). From top to
bottom, maps correspond to: 4-8Hz: frontal area; separate frontal area, visual cortex, right
hippocampus, superior parietal lobule; 8-20Hz: left superior temporal gyrus, bilateral supe-
rior parietal lobule, right superior temporal gyrus, default mode network, bilateral insula;
20-40Hz: default mode network, somatosensory network, cingulate, medial superior parietal
lobule, bilateral hippocampi. Figure and caption taken from |88, Fig. 5].
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Task Blocks Only
contrast: target trial - non-target trial
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Figure 6.5: This figure shows the correlation maps generated from ICAs applied to the task
blocks only for the down-sampled envelopes of three frequency bands (4-8Hz, 8-20Hz, 20-
40Hz), concatenated over subjects. Correlation maps, presented in radiological view (azial,
coronal and sagittal slices from left to right), show the correlation between each temporally
independent component and the concatenated down-sampled envelopes of each voxel. Variable
correlation thresholds were used to aid visualisation and are shown on each map’s colour
bar. For each frequency band, five correlation maps are presented for components whose
corrected p-values are significant (p < 0.05) or whose spatial localisation is functionally
interesting. From top to bottom, maps correspond to: 4-8Hz: right motor cortex, frontal
areas, separate frontal areas, parietal cortez, lateral visual areas; 8-20Hz: bilateral insula,
medial cerebellum, left lateral frontoparietal network, default mode network, left motor cortex;
20-40Hz: visual cortex, bilateral hippocampi, premotor areas, medial superior parietal lobule,
left motor cortex. Figure and caption taken from [88, Fig. 6].
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Chapter 7

Parcellation and network analyses for

MEG

7.1 Chapter abstract

In this chapter, we present a framework for estimating a data-driven parcellation for
MEG, using spatial ICA, and for performing a partial correlation network analysis
to characterise the functional network structure between parcels. In particular, we
focus on developing a novel method for removing the signal leakage between a set
of parcels that is compatible with multi-parcel network modelling methods such as
partial correlation. We validate our analysis by estimating the standard and partial
cross-frequency correlation matrices for the slow envelope oscillations of the band-
limited neural activity of each parcel. We present preliminary evidence for the ex-
istence of stationary, direct FC between the slow envelope oscillations of different

frequency bands, both within and between parcels.

7.2 Introduction

We have so far considered resting-state (and task-positive) networks as individual,
homogeneous functional units of brain activity. While these kinds of representations

are extremely useful for grouping brain regions into functionally-related clusters, they
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typically do not yield much information about the internal structure of functionally-
connected networks. Network analysis techniques have emerged as an approach that

can reveal this structure.

7.2.1 Network analysis

Network analysis can be broken down into three key stages: defining a parcellation,

estimating the network matrix, and analysing the network matrix.

1. Defining a parcellation: A parcellation is a segmentation of the whole brain
into a number of individual regions, such that it is reasonable to model all the neural
activity originating within each parcel as a single time course. Ideally, the distribution
of parcel volumes and the number of parcels will be inversely related (i.e. doubling
the number of parcels roughly halves the size of the resulting parcels rather than
preserving some large parcels but producing additional tiny ones). Furthermore,
the distribution of parcel sizes should be restricted to a sensible range (i.e. we do
not want one parcel that corresponds to an entire lobe whilst another corresponds
to just a few voxels). Finally, an ideal parcellation should be made up of bilateral
pairs of contiguous parcels in order to mirror the observed symmetry of RSNs. The
parcellation should also respect boundaries in the underlying anatomy of the brain
(such as the transition between grey and white matter).

Here we outline three possible techniques for parcellating the brain. However, this
is very much an active research area and these techniques do not represent the final
word in parcellation methods. The first approach to parcellating the brain is anatom-
ically motivated. By delineating regions based on changes in anatomical features, one
can separate regions with differing anatomy [131]. Anatomical parcellations are moti-
vated by the idea that anatomical structure must drive function [45| and so anatom-
ically homogeneous regions should have some functional homogeneity. However, in
the context of fMRI, Smith et al. (2011) showed, by considering network analyses on
simulated fMRI data, that anatomical parcellations tend to perform poorly because

they blur functionally distinct network nodes together. This distorts the resulting
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inferred network structure. As such, Smith et al. cautioned against their use [124].

The second approach we consider is known as edge-based parcellation [36]. By
considering the correlation matrix between all voxels, regions can be extracted within
which the resting-state functional connectivity is homogeneous. Furthermore, sharp
transitions in functional connectivity can be extracted and used as parcel boundaries.
The advantage of this technique is that it is by definition constructing edges between
parcels based on changes in the homogeneity of functional connectivity. However, it
does not directly output a usable parcellation and requires further stages of image
processing which introduce complexity.

The final technique we consider is to use a high-dimensional group spatial ICA
to estimate the functional parcellation. As described in section spatial ICA
estimates a set of spatially non-overlapping 3D maps and associated time courses.
In fMRI, when the ICA model order is sufficiently low (approximately < 30), these
maps correspond to whole networks. As the model order increases, the networks
get split up, first into sub-networks and then into single nodes [1]. In fMRI, ICA
model orders of approximately 100 are used to define a group average parcellation.
Spatial ICA has the following advantages as a parcellation technique. The user has
very clear control (via the model order) of the scale of the parcellation. Secondly,
the high-dimensional parcellation can be related to RSNs from a low-dimensional
ICA on the same data. Finally, group ICA can be used to enforce consistency in the
parcellation across a cohort, while dual regression approaches can be used to estimate
session-specific parcellations from a group result.

Owing to these advantages and considering our strong experience in applying
ICA to MEG data, we use spatial ICA as the technique for estimating a functional
parcellation from the MEG data. That said, the methods that we go on to develop

can be applied to any parcellation, regardless of its origin.

2. Estimating the network matrix: The parcellation stage yields a spatial map
for each of the parcels. For each parcel, we can threshold the map to identify all the

voxels that belong to that parcel. Then, we need to estimate a summary time course
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that best represents the activity of the time courses of all the voxels belonging to that
parcel. In fMRI, we might use the component time course as the summary time course
(which corresponds to performing a multiple regression of the parcel maps from the
concatenated fMRI data). However, in MEG we have sacrificed the high temporal
resolution of the MEG data as part of our ICA procedure and so the IC time courses
associated with each spatial IC will also have reduced temporal resolution. We would
like a method for estimating a summary time course that regains the high temporal

resolution of MEG.

In general, the summary time course of a parcel can be described as a weighted
sum of all the voxel time courses belonging to that parcel. One option is to assign
equal weighting to each voxel, effectively calculating the mean time course. However,
if we consider a set of source-reconstructed voxel time series, each voxel has a sign
ambiguity because we do not know the true orientation of the neuronal current dipoles
(we introduced this idea in section[2.5.3.4). As such, the mean of the voxel time series
is ill-defined. This was not an issue in our previous analyses, where we considered the
envelope of each voxel (which is not affected by the sign ambiguity).

One alternative solution is to use the first principle component (PC) time course
of the set of voxels as a parcel time course. This is equivalent to finding the set of
weights that explains the maximum amount of variance of the set of voxels associated
with a parcel. The first PC is unaffected by the dipole sign ambiguity. However, it
may overly weight voxels with high variance due to non-neuronal artefacts.

Regardless of the technique used, a set of parcel time courses is produced. We
define the network matrix as the all-to-all functional connectivity matrix. However,
as we introduced in chapter |4] there are a range of measures that are used to describe
FC.

In this chapter, we use two network matrices: the all-to-all correlation matriz and
the all-to-all covariance matriz of the low-pass filtered envelopes of the parcel time
courses. The standard correlation matrix is of interest as it links in with our seed-
based correlation analyses (refer to section [4.4.2)). The covariance matrix is of interest

because we can use it to estimate the partial correlation matrix (see below) [95].
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3. Analysing the network matrix: In the parcellation and network analysis
stages, we have reduced the 4-dimensional MEG data into a single 2-dimensional ma-
trix. At this stage, we can bring to bear a range of network analysis techniques that
allow us to investigate the underlying structure of resting-state functional connectiv-
ity.

Such techniques include converting the network matrix into a graph, which is
an abstract representation of the network consisting of nodes (parcels) and edges
(functional connections). In this format, we can estimate graph-theoretical measures,
such as degree (the number of connections that a node has) or betweenness (the
number of times an edge of the graph is used as part of the set of shortest paths
between all nodes) [126]. Each graph-theoretical measure attempts to capture a
single feature of of a node or edge in the network graph with a scalar value. However,
graph-theoretical measures are only as valid as the network matrices used to estimate
them. As such, this chapter does not utilise graph-theoretical analyses but focuses
the earlier stages of the network analysis pipeline.

In our analysis, we focus on one type of network analysis, namely partial correla-
tion. Partial correlation is a technique for stripping away correlations between regions
that are present due to an indirect interaction via other regions [95] (refer to section
for a discussion on the difference between direct and indirect FC). In principle,
the partial correlation matrix is a measure of direct interactions between regions.
This is of interest as it moves us one step closer to understanding how resting-state
networks are causally structured and in particular what the consequences of network

dysfunction might be.

7.2.2 Partial correlation analysis for MEG

Given a set of P parcels, each with a summary time course (estimated from source-
reconstructed MEG data), we define standard FC as the correlation between the
low-frequency (<0.5Hz) oscillations of the band-limited neural activity. Throughout
this chapter, when we talk about correlation (both standard and partial) between

parcels, we mean correlation between low-pass filtered envelopes of the band-limited
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summary time courses.

For a pair of parcels, the standard correlation score (i.e. the Pearson correlation
coefficient) is a measure of the linear dependency due to direct interactions between
the two parcels and indirect interactions mediated by the other parcels. The partial
correlation can be thought of as the correlation between the two parcels, after they
have both been orthogonalised to the other P — 2 parcels. Considering partial cor-
relations in this way is conceptually useful. However, we do not actually estimate
the partial correlation matrix this way. Instead, as we shall see, it is computed by

inverting the covariance matrix.

7.2.2.1 Estimating partial correlations via the regularised inverse covari-

ance matrix

The most popular technique for estimating partial correlations is via the inverse co-
variance method (ICOV). If we know the true covariance matrix, 3, of our parcellated
data we can calculate the partial correlation matrix, R, through the following rela-
tionship (taken from [95]):
_ 5
R;; = _W (7.1)
Marrelec et al. (2005) demonstrated that non-zero partial correlation scores will
only exist if there are direct connections between network nodes. They did this by
relating the data to a structural equation model (SEM), showing that connections
(or non-zero elements) in the structural matrix correspond to non-zero elements in
the precision matrix [93]. Critically, there is one exception to this finding. Non-
zero partial correlations can occur between two nodes (A and B) that share no direct
connections when both nodes act as inputs to a third node, C. In this case, the partial
correlation analysis will actually infer a direct anti-correlation between A and B [124].
This is a consequence of Berkson’s paradox, in which two independent variables can
become conditionally dependent, given that at least one of them happens [133]. In

this instance, the time courses of nodes A and B are independent. However, when we
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estimate the partial correlation between A and B by conditioning out the time course
of C' (which is by definition a combination of A and B), we introduce a conditional
dependency between A and B.

In general, we do not have access to the true covariance and precision matrices,
Y and ¥7!. However, we do have an estimate of the sample covariance matrix
Y sample and can estimate a standard sample precision matrix E;almple. The standard
sample precision matrix will not have any zero elements and so will estimate non-zero
partial correlations between all nodes. Instead, we can estimate a sparse precision
matrix by using an inversion which includes a penalty for non-sparsity. Specifically,
we compute a maximum-likelihood estimate of the precision matrix that includes a
L1-norm penalty on the estimated precision matrix, using the cost function [10]:

maz (log(det(2,} ) — trace(Zsampie Sopmrse) — M Zamrsell1) (7.2)

-1 sparse sparse sparse
sparse

where || X_), .|l is the L1-norm of 3, .. and is equal to the sum of the absolute of
all its elements. We refer to this method as L1-regularised inversion and use an open
source Matlab implementation.ﬂ By adjusting the L1-norm regularisation parameter,

A, we can control the sparsity of the estimated precision matrix.

Critically it should be noted that if we use our sparse estimate of the precision

-1

matrix, 3o .,

to estimate the partial correlation values using equation , then

-1

zero-off-diagonal elements in Esparse

at [i, ] will generate zero-elements in the partial

correlation, R, corresponding to no direct interaction between the i** and j** parcels.

7.2.3 Accounting for signal leakage

The LI-regularised ICOV method is a widely-adopted technique for estimating a
sparse partial correlation matrix [124]. However, when applying it to the envelopes
of source-space MEG data, we must account for signal leakage between voxels (and
consequently between parcels). We introduced signal leakage in section and cur-

IThe Matlab implementation can be found at http://www.di.ens.fr/“mschmidt/
Software/Llprecision.html.
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rent solutions that account for spurious FC due to signal leakage in section [1.4.1]
In particular, we highlighted orthogonalisation as an efficient method for removing
the spurious, zero-lag contribution of signal leakage [29,74]. Orthogonalisation can
be used to remove the spurious contribution to envelope correlations between a pair
of voxels due to signal leakage. In this section, we consider the limitations of this
approach as a method for accounting for signal leakage between parcels, and present
a modified orthogonalisation approach which both corrects for signal leakage between
parcels and allows the subsequent application of the ICOV method for estimating

the partial correlation matrix.

7.2.3.1 Correctly accounting for signal leakage between two parcels

The signal leakage between a pair of voxels can be removed by regressing one voxel
time course from the other, prior to envelope estimation. When presented with two
parcels, each with a summary time course (defined as the first principle component),
one might regress one summary time course from the other before estimating the
envelope correlation. However, this does not account completely for signal leakage.

As an example, consider two parcels, A and B, each of which has been defined
by finding regions whose voxels have strongly covarying oscillatory envelopes. We
want to estimate if there is any correlation in the envelopes of the summary time
courses of A and B that is indicative of underlying FC between the two parcels. For
each parcel, we can map the voxel time courses into principle components via a PCA.
Within each parcel, these PC time courses are by definition uncorrelated. However,
the PCs will have some covariation in their envelope oscillations (as this is what was
used to cluster the voxels into parcels).

We know that the voxels (and equivalently the PCs) from parcel A will have
leaked into our estimate of the voxels/PCs of parcel B and vice versa. If we only
regress the largest PC of parcel A out of parcel B, then parcel B will still contain
some leaked contributions from all the other PCs of parcel A. These leaked PCs may
be present in the envelope of the source-space estimate of the first PC of B. If we

then calculate envelope correlations between the first PCs of A and B, we may be
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measuring correlations between the envelope of the first PC of A and the envelopes
of the leaked lower PCs of A that are present in the first PC of B. This means that
we could measure non-zero FC even when parcels A and B have no true covariation

in envelope oscillations.

Following this line of reasoning, it is clear that in order to account for all signal
leakage between the two parcels we must regress all principle components correspond-
ing to one parcel out of the first PC of the second parcel. We can then estimate the
correlation between the orthogonalised first PCs of the two parcels. Furthermore, we
can orthogonalise the two parcels using only the p largest PCs (where p corresponds
to the number of PCs required to explain some fraction (e.g. 95%) of the parcel

variance). This corresponds to accounting for 95% of the signal leakage.

7.2.3.2 Correctly accounting for signal leakage between multiple parcels

With the framework above, we can account for the signal leakage between pairs of
parcels. We could implement this in a pair-wise approach and estimate a signal-
leakage-corrected envelope correlation for every parcel pair. Similarly, we could esti-
mate the signal-leakage-corrected envelope covariance between every pair. However,
this is not equivalent to estimating a signal-leakage-corrected envelope covariance
matrix. Covariance matrices are Gramian matrices (i.e. the inner product of two
sets of vectors) and are consequently positive-semidefinite. In order to estimate a
valid covariance matrix, we must estimate a single set of parcel time courses in which
all signal leakage between all parcels has been accounted for and then estimate the
envelope covariance matrix. To do this we have developed a procedure for mutually
orthogonalising multiple (greater than two) parcels which we present in the following

section.
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7.3 Materials and methods

7.3.1 Data acquisition and preprocessing

To demonstrate our parcellation and network analysis framework, we acquired 10
minutes of eyes-closed resting-state data and 10 minutes of eyes-open resting-state
data (where the subject had to fixate on a cross presented approximately 40cm ahead
of them) for nine subjects. Data were acquired on a CTF 275-channel whole-head sys-
tem. These data are a subset of the CTF resting/active-state data set used through-
out this thesis. For a full description of the data (including demographics, structural
MRI acquisition etc.) refer to section

We applied our standard preprocessing analysis (described in full in section
which included 3rd order gradiometer correction, ICA de-noising to remove cardiac,
eye-blink and mains artefacts, and removal of noisy channels and periods of data. We
band-pass filtered the data into the 4-30Hz range (in order to span the theta, alpha
and beta oscillatory bands). We performed source reconstruction using an LCMV
beamformer to estimate neural activity across a 6mm grid spanning the whole brain
for use in the parcellation via spatial ICA. We also separately beamformed the data to
a 10mm grid spanning the whole brain for use in the estimation of parcel time courses.
10mm resolution data was estimated because the mutual orthogonalisation procedure
requires multiple PCA decompositions and is extremely slow for 6mm resolution data.
For the purpose of the development and proof of concept presented in this chapter,

10mm resolution was more than sufficient.

7.3.2 Parcellating MEG data using spatial ICA

In an identical fashion to the temporal ICA analyses presented in chapters 4] and [5] for
each session we estimated the envelopes of the band-limited beamformed data, applied
weights normalisation and then performed a windowed-average down-sampling (using
a window length of 2s). We performed 4mm (FWHM) spatial smoothing, spatial
resampling, and de-meaning, followed by a temporal concatenation of all the sessions.

Unlike previous analyses, we performed a spatial ICA decomposition to estimate
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40 spatially independent component maps and associated time courses. However, in
practical terms, this simply corresponds to transposing the concatenated data matrix
and then applying FastICA in an identical manner as for temporal ICA.

We selected a model order of 40 for the following reason. In MEG, we have
observed that spatial ICA tends to always give single region components. We have
only noted the consistent emergence of multi-node components when using model
orders below 10. However, model orders between 10 and 20 produce very large single
node component maps that cover multiple RSN nodes. By using a model order of 40,
we obtained single node ICs with spatial extents that approximately match those of
individual RSN nodes (such as the anterior and posterior nodes of the frontoparietal
networks shown in Figure [7.1)).

The spatial ICA yielded 40 group-average spatially independent components. We
performed a multiple regression of the session-specific component time course seg-
ments out of the session-specific voxel-level envelopes to produce 40 parcel maps
per session. The spatial maps for each session were binarised into parcel masks by
assigning each voxel to the parcel with the largest weighting for that voxel (in a

winner-takes-all fashion).

7.3.3 Network matrix estimation

The procedure for estimating the set of mutually orthogonal parcel time courses for
each session is described below. For each session of 10mm resolution, beamformed

data, we:

1. Randomly selected an initial parcel.
2. Estimated the p largest principle components of the voxels within that parcel.

3. Regressed the p largest principle components out of the time course of every

voxel that does not belong to the parcel.

4. Kept the first PC (of the p PCs estimated in step 2) as a summary time course

for that parcel.
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5. Randomly selected the next parcel.

6. Estimated the p largest principle components of the voxels (which have been

orthogonalised to the first parcel) within that parcel.

7. Regressed the p largest principle components out of the time course of every
voxel that does not belong to that parcel (nor any of the parcels that have

already been orthogonalised).

8. Kept the first PC (of the p PCs estimated in step 6) as a summary time course

for that parcel.

9. Repeated stages 5-8 until every parcel had a summary time course that was

mutually orthogonal to all the other parcels.

We selected p = 12, as we found that this approximately accounted for 95% of
the total signal leakage. At each stage of the multi-parcel orthogonalisation, this
meant that the rank of our data was reduced by 12. The choice of p places a limit
on the number of parcels that we can orthogonalise. CTF data have a rank of 275,
limiting us to a maximum of 2% orthogonal parcels. This is because each parcel
needs its own 12-dimension subspace in order to be 95% orthogonal to all the other
parcels. 22 parcels will span the entire 275-dimension space of the C'TF data, with
the consequence that we cannot define any further subspaces that are orthogonal to
all the other parcels. As such, we selected 22 parcels that corresponded to known
RSN nodes and discarded the remaining 18.

This procedure yielded 22 mutually orthogonal time courses for each session of
data. We simultaneously estimated the largest PC of the 22 parcels without applying
orthogonalisation so that we could demonstrate the efficacy of our signal leakage
correction. We band-pass filtered each parcel time course into three frequency bands
(4-8Hz, 8-13Hz and 13-30Hz) to generate 66 band-specific parcel time courses for each
session. This allowed us to investigate the direct functional connectivity between

parcels and across frequency bands, which is an insight unique to MEG.
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We temporally concatenated the 66 orthogonalised parcel time courses from every
session to obtain a single group set of parcel time courses. Concatenation is essential
to impose the same sparsity constraint uniformly across every session of data in
the L1-regularised estimation of the precision matrix. Using the group-concatenated
time courses, we estimated the correlation and covariance matrix between the low-
pass filtered (< 0.5Hz) envelopes of the summary time courses. We estimated similar

correlation and covariance matrices for the non-orthogonalised parcel envelopes.

7.3.4 Partial correlation analysis

In order to estimate each partial correlation matrix (without and with multi-parcel
orthogonalisation), we computed the sparse estimates of the precision matrices via the
L1-regularised inversion (with a regularisation parameter A = 0.1). We estimated the

partial correlation matrices by inputting these sparse precision matrices into equation

1l

7.4 Results

7.4.1 Parcellations based on spatial ICA

Figure shows the 22 parcels used in the network analysis. The parcels were
manually selected from a set of 40 spatially independent components based on a
manual matching of each parcel to a node of a known resting-state network. Parcels
corresponding to nodes of the default mode and frontoparietal networks have been
highlighted. Parcels that were discarded corresponded to white matter, cerebellum

and grey matter regions not linked to the main RSNs.

7.4.2 Cross-frequency standard and partial correlation matri-

ces without multi-parcel orthogonalisation

Figure shows the results of our cross-frequency network analysis without account-

ing for spurious inter-parcel correlations due to signal leakage. Figure [7.2]A is the
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22 non-overlapping parcels

from 40 component spatial ICA
Left FPN Right FPN
Nodes Nodes

\

PCC/ACC
from DMN

Figure 7.1: The 22 non-overlapping parcels masks used in the network analysis, estimated
using a whole-brain, 40-component spatial ICA. Parcels were selected based on their corre-
spondence to nodes of the following resting-state networks: left and right frontoparietal net-
works; sensorimotor network; default mode network; bilateral temporal lobes; temporoparietal
gunction; inferior temporal gyri; visual network. We have highlighted parcels corresponding
to: the PCC (green) and ACC (purple) nodes of the DMN; the anterior (red) and posterior
(blue) nodes of the left frontoparietal network (FPN); the anterior (green) and posterior
(blue) nodes of the right frontoparietal network (FPN). All parcels have been projected onto
an inflated cortical surface for visualisation.

standard correlation matrix for the low-pass filtered envelopes of the first PCs of each
parcel (band-pass filtered into the theta, alpha and beta bands). Figure [7.2B is the
equivalent partial correlation matrix. It is worth noting that the sparse precision ma-
trix estimation has removed a large number of connections. However, the surviving
partial correlations are dominated by neighbouring parcels as exemplified by Figures
and D. Using the posterior node of the right frontoparietal network as a seed,
we have visualised the standard (C) and partial (D) correlations with the remaining

parcels (in the beta band). In both cases, the strongest FC is measured between the

seed parcel and the neighbouring motor cortex parcels.

7.4.3 Cross-frequency standard and partial correlation matri-

ces with multi-parcel orthogonalisation

Figure[7.3|shows the results of our cross-frequency network analysis after applying our

multi-parcel orthogonalisation to remove spurious zero-lag inter-parcel correlations
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due to signal leakage. Figure is the standard correlation matrix for the low-pass
filtered envelopes of the first PCs of each parcel (band-pass filtered into the theta,
alpha and beta bands). Figure [7.3B is the equivalent partial correlation matrix.
Again, the regularised precision matrix estimation has pruned away the correlations
due to indirect interactions. Importantly, in this analysis, the strongest correlations
are no longer between neighbouring parcels. We have again visualised the envelope
correlations of the beta band parcel time courses (C. standard and D. partial) between
the posterior node of the right FPN and all other parcels. The correlation values are
taken from the elements of each network matrix marked with a black box. The
strongest correlations, for both the full and partial correlations, are now between
the seed and the anterior node of the right FPN, demonstrating that the multi-parcel
orthogonalisation has stripped out the signal leakage component of FC which is mostly

from neighbouring regions.

7.5 Discussion

Spatial ICA for parcellating MEG data: We have demonstrated that spatial
ICA is capable of parcellating MEG data into a set of functionally relevant regions.
The parcellation from a 40 component spatial ICA yields a set of single region non-
overlapping parcels. Furthermore, these parcels have a sensible correspondence to
nodes of RSNs. Finally, the parcellation generates approximately bilateral parcel
pairs. The spatial ICA has no built-in prior to encourage symmetry. The symmetrical
pairing can only reflect the inherent symmetry of the brain’s natural parcellation.
The spatial ICA used here represents an initial attempt but is by no means the
final word in MEG-derived parcellations. As with other ICAs, selecting the model
order is a key question. In particular, the following two questions are of key interest.
Firstly, which model order will give the best correspondence to individual RSN nodes?
Secondly, which model order will give the best delineation of anatomically distinct
regions? We have found very preliminary evidence that high model orders (> 80)

may actually provide a reasonable delineation between grey matter, white matter
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and the cerebellum and think this warrants future investigation. Finally, although we
have utilised a MEG-derived parcellation in this analysis, alternative parcellations,
such as those derived from a high-dimensional spatial ICA on fMRI data, may offer

complementary and possibly superior results.

Multi-parcel orthogonalisation: We have provided strong evidence that stan-
dard and partial correlation based network analyses are just as susceptible to spurious
FC as the voxel-wise seed-based correlation analyses presented in section How-
ever, all-to-all network analysis methods (such as partial correlation) cannot utilise the
standard pairwise orthogonalisation correction [29,[74]. Instead, we have presented an
alternative technique for estimating a set of mutually orthogonal parcel time courses.
We demonstrated that this technique is able to remove the dominant spurious cor-
relations between neighbouring parcels. However, our multi-parcel orthogonalisation
has a major drawback. Our technique is limited by the inherently low spatial rank of
MEG data. At each stage of the orthogonalisation, we have to reduce the rank of the
data by some number of dimensions (in this analysis, 12). This limits the number of
parcels that can be analysed robustly. Using our framework, there are three ways to
respect the dimensionality limit. 1.) Only consider a small number of parcels - this is
what we did in our analysis. 2.) Erode the parcels to the point that a small enough
number of PCs is sufficient to model all the signal leakage. In the limit, we could
consider 275 single voxel parcels (when analysing CTF data). 3.) Only use a small
number of PCs for each parcel in the multi-parcel orthogonalisation. This corresponds
to weakening our orthogonalisation protection against signal leakage and in the limit
would correspond to no orthogonalisation. In general, the multi-parcel orthogonal-
isation method cannot provide both rigorous protection against signal leakage and
whole-brain coverage. Depending on the analysis in question, the user must prioritise

one of these factors when implementing the analysis.

The upper bound on the number of parcels that can be mutually orthogonalised
is a critical limitation in the case of partial correlation analyses. Partial correlation

is a robust technique for estimating the strength of direct connections in a network
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when every node of the network is being modelled. However, in the presence of one or
more missing nodes, we can no longer state that a non-zero partial correlation score
proves the existence of a direct interaction. Whole-brain network analyses attempt
to capture all of the brain’s activity. However, our use of a subset of parcels exposes

our analysis to the missing node confound.

One question that we have not addressed is whether the order in which the parcels
are orthogonalised matters. In principle, we do not foresee a reason why the ordering
should significantly change the output but we do concede that different orderings will
lead to different numerical values of FC. This is even apparent in pairwise orthogonal-
isation where the solution is to perform both possible orthogonalisations and average
the two results. However, the combinatorial explosion of possible orderings (in this
instance there are 22! = 1.2 x 10?! possible orders) makes this impossible. In our
analysis, to mitigate any ordering bias, we randomised the order of orthogonalisation
for each session of data. In future applications of this technique we would advocate
performing multiple runs to establish whether any interesting FC is stable across

several different orderings.

Partial correlation: In this analysis, we compared partial correlation to stan-
dard correlation. Most importantly, we have demonstrated that partial correlation
does remove many indirect connections from the network matrix. While the miss-
ing node confound means that we cannot state with complete certainty that the
non-zero partial correlation indicates the existence of a direct interaction between
parcels/frequency bands, we can say that zero partial correlation scores indicate an
absence of direct interaction between parcels/frequency bands. This does assume that
the sparsity in our estimate of the precision matrix reflects genuine sparsity in the
true network matrix and is not an artefact of the choice of the regularisation param-
eter, \. Exploring the effect of changing A is beyond the scope of this preliminary
investigation into MEG network analysis but will be a critical question to address in

future work.

Assuming our choice of ) is sensible, we can see that the L1-reqularised precision
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matrix forced many elements of the signal-leakage-corrected partial correlation matrix
to zero. Of particular interest are the non-zero elements in the off-diagonal blocks
of the matrix, which correspond to cross-frequency FC. Our analysis indicates that
the dominant cross-frequency FC between envelope time courses exists within each
parcel. However, we also found evidence of envelope correlations between different
frequency bands of spatially separate parcels. Although these FC scores are extremely
weak, the fact that they have survived the sparsity penalty suggests they are genuine.
Furthermore, within-frequency band elements of the partial correlation matrix have
been forced to zero, suggesting that our non-zero cross-frequency /cross-parcel partial
correlation scores are not an artefact of under-penalising non-sparsity in our estimate

of the precision matrix.

7.6 Summary

In this chapter, we presented an initial framework for performing a parcellation and
subsequent network analysis on MEG data. We showed that spatial ICA can be used
to estimate a data-driven parcellation of the brain. We placed particular emphasis
on implementing a novel signal leakage correction procedure that is compatible with
multi-parcel network modelling techniques like ICOV-based partial correlation. Ac-
counting for signal leakage is the single biggest challenge in any MEG FC analysis
and network modelling approaches are no exception. We demonstrated that the signal
leakage confound dominates the estimates of both standard and partial correlation
matrices, and showed that our multi-parcel orthogonalisation successfully removes
this spurious FC from both correlation matrices. Finally, we used our MEG net-
work analysis pipeline to look at FC between slow envelope oscillations of different
frequency bands both within and between parcels.

Much like the MEG-adapted dual regression technique presented in chapter 5], our
network analysis framework does not require a MEG-derived parcellation but can use
any parcellation. This makes it an excellent tool for cross-modality validation and

investigation into the structure of functional networks.
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Figure 7.2: Results of cross-frequency, multi-parcel network analyses without any multi-
parcel orthogonalisation to account for signal leakage. A. The matriz of Pearson correlation
coefficients between the low-pass filtered envelopes of the band-limited parcel time courses
(concatenated over subjects). B. The equivalent partial correlation matriz, estimated via
the inverse-covariance matriz method. C. Parcel-wise seed-based correlation map using the
posterior node of the right frontoparietal network as a seed (shown in blue). D. Parcel-
wise seed-based partial correlation map using the posterior node of the right frontoparietal
network as a seed (shown in blue). The correlation values are taken from the elements of
each network matriz marked with a black bozx. In both cases mote that neighbouring parcels
show the strongest correlation and partial correlation.
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Figure 7.3: Results of cross-frequency, multi-parcel network analyses after applying multi-
parcel orthogonalisation to account for signal leakage. A. The matriz of Pearson correlation
coefficients between the low-pass filtered envelopes of the band-limited parcel time courses
(concatenated over subjects). B. The equivalent partial correlation matriz, estimated via
the inverse-covariance matriz method. C. Parcel-wise seed-based correlation map using the
posterior node of the right frontoparietal network as a seed (shown in blue). D. Parcel-wise
seed-based partial correlation map using the posterior node of the right frontoparietal network
as a seed (shown in blue). In both cases note that the anterior node of the right frontoparietal
network is now showing the strongest direct and indirect FC.
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Chapter 8

Conclusions and future work

This thesis is a collection of methods for performing functional connectivity analy-
ses in MEG, with a particular focus on resting-state data. We have presented novel
insights at every stage of the analysis, from data preprocessing, to MEG source re-
construction, to methods for estimating connectivity, to group statistical methods for
comparing functional networks and exploring the underlying network structure.

AD has been identified as one of one of the greatest emerging healthcare chal-
lenges. The motivation behind developing the methods presented in this thesis is to
facilitate the exploration of the effect of the APOE-e4 genotype, a proven risk factor
for AD, on resting-state brain functional connectivity using the direct, whole-brain,
electrophysiological measure of neural activity afforded by MEG. We hope that better
understanding of the causal mechanism by which APOE-e4 promotes the development
of AD will lead to a more complete understanding of the disease and the development

of effective, early interventions to avoid AD-related dementia.

8.1 Summary of the novel contributions of this thesis

In chapter [3| we presented a preprocessing pipeline for de-noising MEG data and
performing source reconstruction using a beamformer. We made significant advances
in developing a robust framework for processing MEG data acquired on an Elekta Neu-

romag system. This included an iterative manual procedure for identifying specific
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scanner artefacts that are amplified and propagated by the application of signal space
separation via MazFilter™ [50.]127]. We presented minimum eigenvalue normalisa-
tion as a novel technique that enables the de-noising of multi-sensor-type data using
ICA. We also demonstrated that minimum eigenvalue normalisation is essential for
combining information from multiple sensor types during beamforming. Finally, we
demonstrated that our beamformer implementation can robustly source-reconstruct
MazxFiltered data by performing a reduced-rank inversion of the data covariance ma-
trix. We combined all of these modifications into a single preprocessing pipeline that
is compatible with both resting-state and task-positive MEG data, acquired on either
Elekta Neuromag or CTF scanners. This preprocessing pipeline underpinned a range

of subsequent source-space functional connectivity analyses.

In chapter [4 we considered how best to measure functional connectivity in
source-space MEG data and how best to image resting-state networks. We demon-
strated that correlations between the slow oscillations in the envelope of band-limited
neural activity provide a robust measure of FC with excellent correspondence to fMRI.
We presented an investigation into the optimum carrier and co-variation frequencies
for measuring envelope correlations in the presence of signal leakage, and showed that
FC is best measured in the slow envelope oscillations (0.05-0.5Hz) of the 8-20Hz band

of neural activity.

We established a seed-based correlation approach for imaging single RSNs in MEG.
While not novel in itself, this seed-based correlation framework is now being used to
generate carrier /co-variation frequency specific envelope correlation matrices which
are being used to validate the accuracy of a range of biophysical models (in a similar

way to the work of Cabral et al. (2011) |34]).

We developed a framework for decomposing the concatenated envelopes of source-
reconstructed MEG data using group ICA. Using this framework, we reproduced
the critical finding of Brookes et al. (2011) that demonstrates that RSNs have an
electrophysiological basis and can be imaged in MEG without prior information from
other modalities. Furthermore, we demonstrated that our analysis can detect similar

RSNs in Elekta Neuromag data.
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In chapter [5] we presented a statistical framework for comparing RSNs between
different populations. As part of the development, we showed how weights normalisa-
tion introduces a major confound in analyses where multiple sessions are separately
beamformed. We subsequently presented MEG-adapted dual regression (MADR)
as a technique for estimating differences between resting-state activity of sub-group
populations given any group-level spatial basis set. We used this analysis to demon-
strate a significant reduction in the variance of oscillatory power associated with both
the left and right frontoparietal networks in carriers of the APOE-€4 gene compared
with normal controls (APOE-e3 homozygotes). This finding is a major result and
represents a starting point for a range of future analyses aimed at discovering how
the APOE-e4 gene modulates resting-state brain function at the electrophysiological
level, resulting in a predisposition toward AD. This includes the work by Heise (2013)
who uses the MADR framework to perform a thorough investigation into the effect of
the APOE genotype on resting-state FC in MEG (refer to Heise’s D.Phil thesis [71],

currently under examination).

In chapter [6] we outlined a framework for estimating functionally-connected
networks in task-positive MEG data. We presented a statistical analysis, using a
mixed effects GLM, capable of separating task-relevant networks from task-irrelevant
components. We showed that this framework offers substantial advantages over the

ICA or the GLM (or similar mass univariate statistics) when used in isolation.

In chapter [7] we presented an initial investigation into resting-state MEG us-
ing a functional parcellation combined with a partial correlation network analysis.
We showed that spatial ICA can decompose MEG data into a useful, data-driven
parcellation. We developed a novel approach for estimating a mutually orthogonal
set of parcel time courses, given any general parcellation. We applied this multi-
parcel orthogonalisation technique to our MEG-derived parcellation, and applied a
partial correlation analysis to the result to show evidence of cross-frequency envelope

correlations within and between parcels.
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8.2 Alternative applications of MEG functional con-

nectivity methods

A substantial part of this D.Phil has been spent incorporating the analysis pipelines
presented in chapters and [0 into OHBA’s Software Library (OSL), an
open-source MEG analysis toolbox. The resting-state functional connectivity analyses
in OSL have been used to investigate the interaction between APOE-e4, functional
connectivity in MEG and Alzheimer’s disease. However, they can be applied to a
range of other clinically and neuro-scientifically interesting applications

For example, the ZNF804A gene has been associated with schizophrenia [105]. In
fMRI, there is growing evidence that this genotype leads to abnormal FC [51,113].
Furthermore, abnormal RSN function has been implicated in schizophrenia pathology,
such as that associated with the salience network [109,(132|. Investigating the role of
ZNF804A in healthy adults and schizophrenics using MEG would be an alternative
application of the methods developed in this thesis.

Another example is the interaction of dopamine on learning processes. In animal
models, dopamine (DA) transmission has been shown to influence successful learning
by modulating low-frequency (theta-band) synchronisation between the hippocampus
and the prefrontal cortex [18,39,61]|. Natural variation in the cortical availability of
DA (for instance, through differences in the COMT-genotype), or its manipulation
through the administration of dopaminergic drugs may also influence such synchro-
nisation in humans. While studies using fMRI [130] have demonstrated prefrontal
connectivity changes as a function of COMT genotype, the analysis of resting-state
networks in MEG can provide a more direct test of the hypothesis that DA influences

synchronisation in a particular frequency band.

8.3 Future directions

In this section, we consider the future directions in which we could proceed based on

the corpus of work presented in this thesis.
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8.3.1 Modelling non-stationarity in FC

All the techniques that we have used to measure functional connectivity assume tem-
poral stationarity over the entirety of each session of data. However, much evidence is
emerging that shows that this assumption does not reflect genuine brain function |76].
For example, de Pasquale et al. (2012) have shown with MEG that the PCC node of
the DMN dynamically integrates with other resting-state networks in a unique fashion
not seen in other RSNs [44]. Allen et al. (2012) have shown that resting-state fMRI
data can be broken down into a set of repeating but varied patterns of functional
connectivity [3|. Most interestingly, Baker et al. have shown that consistent modes of
functional connectivity can be extracted from resting-state MEG data. These modes
correspond to the stationary RSNs seen in fMRI and MEG but are switching at time
scales of approximately a hundred milliseconds [8].

The stationary RSNs that we detect when using tools like ICA and seed-based
correlation correspond to temporal averages of these highly dynamic functional con-
nectivity processes that have been discovered recently. While these temporal average
RSNs are extremely informative, for example as biomarkers for disease, exploring the
temporal dynamics of neuronal functional connectivity presents the best opportunity
for furthering our understanding of human brain function. MEG is ideally suited
to contribute to this goal as it offers the best whole-brain spatial resolution of any
modality (with the exception of concurrent EEG/fMRI) capable of recording neuronal

activity at the time scales of cognitive processing [62].

8.3.2 Multi-modal analysis and the Human Connectome Project

While substantial advances have been made in performing functional connectivity
analyses on source space MEG data, both in this thesis and in other studies [25,26,
30,143,441 74,90], MEG’s spatial resolution is still much poorer than that of fMRI.
Developing analysis tools that can use the excellent spatial resolution of fMRI to
inform the exploration of the rich temporal dynamics of neuronal activity in MEG will

be essential for gleaning as much useful information as possible from MEG data. We
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presented several methods that can utilise fMRI-derived spatial basis sets to explore
functional connectivity in MEG (refer to chapters |5 and . However, such methods
only represent a starting point. Ideally, we would like to incorporate the spatial
information of fMRI into our entire analysis, including source reconstruction [121].
Such techniques could be of immense use with the emerging availability of the
multi-modal neuroimaging data acquired as part of the Human Connectome Project
(HCP). The HCP includes high quality fMRI, diffusion tractography, and MEG data
from a single cohort of 50 twin pairs [85,|121]. Having a framework for combining
information from these three modalities will maximise the potential insight that this

data set can provide.

8.4 Concluding remarks

The exploration of functional connectivity in the human brain represents a major step
in moving from perceiving the brain as a static neural assembly to a dynamic system.
With such a perspective, we can make major advances in understanding what drives
healthy brain function and accordingly discover and prevent the causes of various
neurological diseases. In recent years, MEG research into functional connectivity has
moved from replicating the insights of fMRI to becoming an essential research tool.
This thesis represents significant work in developing the tools that have helped to
bridge the gap between MEG and fMRI, and will enable us to uncover new insights

into human brain function.
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List of journal and conference

publications

D. E. Astle, H. Luckhoo, M. W. Woolrich, B. Kuo, A. C. Nobre, and G.
Scerif. The neural dynamics of fronto-parietal networks in childhood revealed using
magnetoencephalography. Cerebral Cortex, (Under Review), 2013.
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trophysiological basis of resting state networks using magnetoencephalography. Pro-
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Appendix B

List of Abbreviations

B.1 Glossary of Abbreviations

ACC: Anterior Cingulate Cortex.
AD: Alzheimer’s Disease.

APOE: Apolipoprotein E.

AU: Arbitrary Units.

BEM: Boundary Element Model.
BLP: Band Limited Power.
BOLD: Blood Oxygen Level De-
pendent.

COPE: Contrast of Parameter Es-
timates.

DAN: Dorsal Attention Network.
DMN: Default Mode Network.
ECG: Electrocardiogram.

EEG: Electroencephalography.
EPSP: Excitatory Post-synaptic
Potential.

ERS/ERD: Event-Related Syn-
chronisation /Desynchronisation.

FC: Functional Connectivity.
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FCN: Functionally-Connected Net-
work.

FDR: False Discovery Rate.

FIL: Functional Imaging Labora-
tory, University College, London.
fMRI: Functional Magnetic Reso-
nance Imaging.

FMRIB: Centre for Functional
Magnetic Resonance Imaging of the
Brain, University of Oxford.

FPN: Frontoparietal Network.
FSL: FMRIB’s Software Library.
FWHM: Full Width at Half Maxi-
mum.

GLM: General Linear Model.

HCP: Human Connectome Project.

HPI: Head Position Indicator.



HRF: Haemodynamic Response
Function.

ICA: Independent Component
Analysis.

ICOV: Inverse Covariance Matrix
Method.

IPSP: Inhibitory Post-synaptic Po-
tential.

LCMYV: Linearly Constrained Min-
imum Variance.

MADR: MEG-Adapted Dual Re-
gression.

MC: Motor Cortex/Cortices.
MCW: Maximally Correlated Win-
dow.

MEG: Magnetoencephalography.
MNE: Minimum Norm Estimate.
MNI: Montreal Neurological Insti-
tute.

MSP: Multiple Sparse Priors.
MSR:  Magnetically  Shielded
Room.

OHBA: Oxford Centre for Human
Brain Activity.

OSL: OHBA'’s Software Library.

PC: Principle Component.
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PCA: Principle Component Analy-
sis.

PCC: Posterior Cingulate Cortex.
PSSC: Primary Somatosensory
Cortices.

PET: Positron Emission Tomogra-
phy.

ROI: Region of Interest.

RSN: Resting-State Network.
SAM: Synthetic Aperture Magne-
tometry.

SEM: Standard Error of the Mean.

SEM: Structural Equation Model.
SMN: Sensorimotor Network.
SPL: Superior Parietal Lobule.
SQUID: Superconducting Quan-
tum Interference Device.

SSN: Somatosensory Network.
SSS: Signal Space Separation.
SVD: Singular Value Decomposi-
tion.

TFCE: Threshold-Free Cluster En-
hancement.

TPJ: Temporoparietal Junction.
WM: Working Memory.

WRT: With Respect To.
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