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Abstract
Increased cortical excitability, associated with brain motor network alterations,

has been consistently implicated in the pathology of amyotrophic lateral sclerosis
(ALS). This thesis considers the application of multi-modal magnetic resonance
imaging (MRI) to explore motor network excitability in ALS.

Chapter 3 describes a novel functional MRI (fMRI) study measuring motor
task associated cortical activation and between-region functional connectivity in
ALS. This showed hyper-activation in non-motor regions in rapidly progressive
ALS. I also showed brain motor network connectivity remodelling linked to
measures of functional decline across all ALS patients.

Chapter 4 describes a novel magnetic resonance spectroscopic imaging (MRSI)
technique that quantifies neurochemical excitatory and inhibitory ‘tone’ with
fine spatial resolution. I validated this technique in a cohort of healthy adults
to describe physiological variation in excitability ‘set-points’ between motor
regions and hemispheres, age-associated changes, and the relationship between
excitability and motor network connectivity.

Chapter 5 applies the same MRSI technique to a cohort including ALS patients
and presymptomatic carriers of the ALS-causing C9orf72 -HRE mutation. I found
altered excitatory and inhibitory tone in both ALS and C9orf72 -HRE carriers,
a novel finding with a notably lateralised pattern between the hemispheres.
A disinhibited ‘hot-spot’ in the left motor hand area may precede disease in
C9orf72 -HRE carriers.

Chapter 6 integrates these task-fMRI and MRSI motor network excitability
biomarkers using modern data science techniques. This generated a multifactorial
marker reflecting changes most prominent in established ALS, as well as a
more specific marker of motor cortex activation lateralisation that improved
differentiation of presymptomatic individuals.

Motor network excitability alterations in ALS and presymptomatic disease are
multifaceted, reflecting an early stage of compensated vulnerability, followed by
established neurodegeneration with accompanying functional reorganisation. My
findings argue for the inclusion of MRI-based techniques measuring motor network
excitability in future translational studies in ALS and presymptomatic disease.
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Abstract

Increased cortical excitability, associated with brain motor network alterations, has
been consistently implicated in the pathology of amyotrophic lateral sclerosis (ALS).
This thesis considers the application of multi-modal magnetic resonance imaging
(MRI) to explore motor network excitability in ALS.

Chapter 3 describes a novel functional MRI (fMRI) study measuring motor
task associated cortical activation and between-region functional connectivity in
ALS. This showed hyper-activation in non-motor regions in rapidly progressive ALS.
I also showed brain motor network connectivity remodelling linked to measures
of functional decline across all ALS patients.

Chapter 4 describes a novel magnetic resonance spectroscopic imaging (MRSI)
technique that quantifies neurochemical excitatory and inhibitory ‘tone’ with fine
spatial resolution. I validated this technique in a cohort of healthy adults to
describe physiological variation in excitability ‘set-points’ between motor regions
and hemispheres, age-associated changes, and the relationship between excitability
and motor network connectivity.

Chapter 5 applies the same MRSI technique to a cohort including ALS patients
and presymptomatic carriers of the ALS-causing C9orf72 -HRE mutation. I found al-
tered excitatory and inhibitory tone in both ALS and C9orf72 -HRE carriers, a novel
finding with a notably lateralised pattern between the hemispheres. A disinhibited
‘hot-spot’ in the left motor hand area may precede disease in C9orf72 -HRE carriers.

Chapter 6 integrates these task-fMRI and MRSI motor network excitability
biomarkers using modern data science techniques. This generated a multifactorial
marker reflecting changes most prominent in established ALS, as well as a more
specific marker of motor cortex activation lateralisation that improved differentiation
of presymptomatic individuals.

Motor network excitability alterations in ALS and presymptomatic disease are
multifaceted, reflecting an early stage of compensated vulnerability, followed by
established neurodegeneration with accompanying functional reorganisation. My
findings argue for the inclusion of MRI-based techniques measuring motor network
excitability in future translational studies in ALS and presymptomatic disease.
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We are sometimes reproached for conducting incessant
studies on the major neurological diseases which have
up to now mostly been incurable. What use is it? ...
People have questioned whether this is really medicine.
... But can you picture this? “Dear Patient, I am a
doctor, it is true, but unfortunately I can do nothing
for you, you belong to the category of the rejected
with which we do not deal.” No, our responsibility is
otherwise. Let us keep looking in spite of everything.
Let us keep searching. It is indeed the best method of
finding, and perhaps thanks to our efforts, the verdict
we will give such a patient tomorrow will not be the
same we must give [them] today.

— Jean-Martin Charcot lesson of Feb. 28, 1889,
trans. Goetz 1987.
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1.1 What is ALS?

This introductory chapter summarises the historic core clinical features of amy-

otrophic lateral sclerosis (ALS) and the modern discovery of the unifying neuropatho-

logical signature (TDP43). ALS now also encompasses a spectrum of cognitive

features as well as both monogenic and polygenic risk factors. I will discuss what

1
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magnetic resonance imaging (MRI) has shown us about ALS as a brain network

disorder. Finally, I will discuss the research rationale and clinical potential of

measuring motor network excitability in ALS patients and ALS-risk gene carriers.

1.1.1 A historic clinicopathological entity

The core clinical syndrome and pathology were described in a seminal lecture by

Jean-Martin Charcot in 18746, a high point in a frenetic period of neurological

discovery in the 19th century. Preceding Charcot, partial syndromes with only

lower motor neuron features had been described and named “progressive muscular

atrophy” (PMA)7–9.

Charcot, however, presented a comprehensive account of the disease and gave it

its name. He had assembled a case series of patients with “prototypical” clinical

features and demonstrated post-mortem neuropathology in both spinal cord grey

and white matter. This history is remarkable for the richness of the clinical

and pathological descriptions of ALS, which remain recognisable and vivid to

modern clinicians.

Lower motor neuron features

Lockhart Clarke had reported individual cases recognisable in retrospect as ALS,

describing microscopic grey matter atrophy with abnormal cells in the anterior horns

of the spinal cord and grossly damaged white matter in the lateral columns10,11. The

clinical description included characteristic patterns of muscle wasting and weakness

- features now considered indicative of lower motor neuron (LMN) dysfunction. The

use of electrical stimulation foreshadowed modern application of electromyography

(EMG) to demonstrate denervation.

Her face began to waste and lose expression... weakness of the left hand
and arm, as well as the right, and her legs dragged after her. Her voice
changed; she did not pronounce words as usual; she never complained
of any loss of sensation. ... She was able to shuffle about the house, but
could not dress herself. She had almost completely lost the power of
moving her left arm; ... The whole of the muscles of the back of the
right scapula are apparently gone, and there is very little trace of those
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on the left side. There is a feeble action of each sterno-mastoid under
the Faradaic current...6

Clarke also described typical examination features such as the pattern of tongue

atrophy, speech disturbance, and tongue fasciculations.

Her deglutition now became difficult... The palate moves little, and
more as if blown than as if raised. She does not say ah! but makes a
vague noise... The tongue is protruded badly... It is atrophied on each
side, and in folds, reminding one of cerebral convolutions. It is also
tremulous, and it does not seem to tremble as a whole, but in waves of
tremulousness’.11

Weakness and wasting as described are the most common initial feature of ALS,

focal in onset in 98% of patients12 and usually spreading to adjacent body regions13.

In approximately 75% of patients, ALS begins in the limbs, while in most of the rest

bulbar muscles of speech and swallowing are the first affected14 (Figure 1.1). Upper

limb onset ALS begins in the dominant hand twice as often as the non-dominant

hand15, but this is not seen with lower limb onset. Respiratory weakness occurs

first in a small (∼2%), but important, subgroup16.

Figure 1.1: Variability in ALS disease onset includes site of onset as well as UMN vs.
LMN predominance. Reused with permission from Swinnen, B et al. Nat. Rev. Neurol.
2014.

Upper motor neuron features

Charcot also described signs of upper motor neuron (UMN) dysfunction in ALS,

including spasticity and disproportionate weakness not explainable by distal muscle
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atrophy. Notably, brisk and pathological reflexes are not part of these descriptions

as the examination techniques had not yet been developed.

a) progressive atrophy invading the muscles; b) fibrillary contractions
which are especially seen in the active period of the atrophy; c) the
preservation of faradic contractility that the wasted muscles exhibit to
the last moment. ... Other symptoms are ... first, motor weakness
that occurs early and which, if it does not precede atrophy, at least
is strikingly evident when the latter is not yet well-developed ... The
extremities, more or less deprived of their natural movements, are usually
in lateral sclerosis affected by rigidity at rest, resulting from what is
called continual spasmodic contractures.6

More generally, upper and lower motor neurone features in ALS exist on a

spectrum17 - patients from either end with predominant UMN or LMN features

tend to progress more slowly than those with both (Figure 1.3).

Natural history

Finally, Charcot also reported rapid and inexorable disease progression, and the

role of respiratory and bulbar weakness in causing death.

... the comparative rapidity of its evolution, from the first symptom to
the fatal end. This does not usually extend more than three years ... it
is the rule that the four extremities are successively, and within a brief
space of time, all stricken with paralysis accompanied by atrophy. ...
We regularly find the disease extending to the bulbus, and it is nearly
always to the paralysis of the bulbar nerves, more especially of the
hypoglossus and pneumogastric, that the phenomena that determine
death are to be attributed.6

Pooled data from a large repository of clinical trial data14 for 8635 people with

ALS shows mean disease duration of 23 months and mean delay from symptom

onset to diagnosis of 11.6 months. While high inter-individual heterogeneity in

outcome was seen in ALS patients who were clinically similar at onset, once a rate

of functional decline was established, this tended to continue monotonically18.
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The evolution of ALS diagnostic criteria

Modern diagnostic criteria remain focused on clinical features. The 2019 Gold

Coast criteria19 for diagnosis of ALS require the following:

• Progressive motor impairment documented by history or repeated clinical

assessment, preceded by normal motor function, and

• Presence of upper and lower motor neuron dysfunction in at least 1 body

region, (with upper and lower motor neuron dysfunction noted in the same

body region if only one body region is involved) or lower motor neuron

dysfunction in at least 2 body regions, and

• Investigations excluding other disease processes

While previous iterations of consensus criteria20–22 have suggested sub-categorisation

based on the number of body regions involved, the 2019 criteria are simplified

and return to the central features around which clinical diagnoses of ALS have

been made historically.

In this thesis, two iterations of diagnostic criteria are used - contemporaneous

with the time of participant recruitment. In Chapter 3 the 2000 revised El

Escorial criteria21 were used, while in the remaining chapters the 2008 Awaji

algorithm was used.

Criticisms of the 1994 El Escorial criteria centred around its complexity -

involving five sub-categories of “suspected”, “possible”, “laboratory-supported

probable”, “probable” and “definite” ALS20. While intended to standardise the

diagnostic process and homogenise the cohorts recruited into multicenter clinical

trials, several criticisms emerged. Initial trials restricting recruitment to “definite”

or “probable” categories were challenging to recruit to in early disease23,24, while

more liberal categorisation increases sensitivity while maintaining specificity25,26.

In head-to-head comparisons of all criteria sets on retrospective data, the largest

increase in sensitivity occurs in the move from Awaji to Gold Coast criteria, while

revised El Escorial criteria and Awaji perform similarly[26].
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This progressed through three categories as “definite”/“probable”/“possible” in

the 2000 revised El Escorial criteria to a single category of “ALS” with optional

subcategorisation in 2008 Awaji and 2019 Gold Coast criteria. Earlier versions

of criteria further resulted in confusion for patients and clinicians alike, where a

confident clinical diagnosis of ALS is likely even in those with “possible” ALS27.

Therefore, in Chapter 3, I included “definite”, “probable”, and “possible” groups

according to 2000 revised El Escorial criteria. This represents a similar diagnostic

threshold to that used in Chapters 5 and 6 - patients meeting 2008 Awaji criteria

for “ALS”[26]. The latest Gold Coast criteria are likely to be similarly specific

but more sensitive than the standards I have used - a potential limitation in the

translation of my findings to future studies.

1.1.2 The core pathology of ALS

In the modern molecular taxonomy of neurodegeneration, ALS is characterised by

a neuropathological signature of TAR DNA-binding protein 43 (TDP43). In ALS,

TDP43 is consistently depleted from cell nuclei, mislocalised to the cytoplasm, and

forms insoluble aggregates28,29. TDP43 binds to the trans-active response element in

HIV DNA30, but also to a wide range of other RNA and DNA targets within the cell

nucleus. It is part of a class of heterogeneous nuclear ribonucleoproteins that regulate

nuclear transcription and subsequent modifications including splicing. TDP43’s

function and protein structure fundamentally shape its role in ALS pathogenesis.

Typical distribution and appearances of TDP43 aggregates in the motor cortex

are shown in Figure ??.
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Figure 1.2: Left panel - typical inclusions seen in sporadic ALS. Right panel - typical
inclusions seen in genetic ALS associated with C9orf72 gene mutations (discussed later).
NCI - neuronal cytoplasmic inclusions, DN - dystrophic neurites, SCWM - subcortical
white matter. Figure reused from Nolan et al. Acta Neuropathologica Communications
(2020) 8:98 under the Creative Commons CC BY license.

TDP43 autoregulation and its failure

TDP43 binds to a region in its own transcript, exerting negative feedback over

its production31,32. The mechanism may be through promotion of unstable splice

variants that are degraded within the cell nucleus33,34. Directly inhibiting au-

toregulation using a synthetic antisense oligonucleotide in mice led to increased

TDP43 production and production of short fragments of TDP43 that were prone

to cytoplasmic aggregation35. In a cellular hyperexcitability model using iPSC

motor neurons, short fragment TDP43 isoforms lacking autoregulatory function

accumulated, mislocalised to the cytoplasm, aggregated, and were neurotoxic36.

TDP43 is also shown to accumulate in patients with mutations in the autoregulatory

domain of the TARDBP gene37.
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Impaired nucleocytoplasmic transport

Failure of the normal processes for nuclear localisation of TDP43 may contribute

to failure of autoregulation. TDP43 is normally actively shuttled into the nucleus

through nuclear pores as cargo attached to karyopherin proteins38. Disrupting

the TDP43 nuclear localisation signals in animal models can also trigger nuclear

depletion, cytoplasmic mislocalisation and neurotoxicity39. Intriguingly, restoration

of TDP43 nuclear localisation in an inducible mouse model produced functional

recovery40. This link was originally discovered through siRNA knockdown screens in

cellular models, and correlated with reduced expression of the same nuclear transport

proteins in post-mortem spinal cord samples in ALS and brain samples in TDP43-

associated FTD41. The presence of the C9orf72 G4C2-HRE mutation (discussed

in Section 1.1.4) is particularly strongly linked to deficits in nuclear import42–45.

C9orf72 -HRE derived dipeptide repeat proteins may initially increase cytosolic

TDP43, triggerring further cascading nucleocytoplasmic transport defects46.

Phase separation and aggregation

Once in the cytoplasm, the structural properties of the TDP43 protein predispose

it to interact with the surrounding environment to transition from soluble to

liquid, hydrogel or fibrillar aggregate states. At the carboxy- end of the TDP43

protein is a glycine-rich low-complexity domain that is similar to some yeast prion

proteins4748. Amino acid sequences within this region tend to form helical49, low-

complexity aromatic-rich kinked50, and steric zipper51 structures that may drive

phase separation and fibril formation. The toxicity of TDP43 may depend strongly

on its phase - within a yeast model, mutational variants that produced liquid-like

condensates were most toxic, while aggregated TDP43 was protective50.

Looking upstream and downstream from TDP43

TDP43 aggregation alone does not fully explain ALS. It occurs as a subset of

ALS-related cellular pathology, with mitochondrial dysfunction, autophagy, calcium

signalling and other pathways also implicated. Reports of TDP43 pathology in a
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subset of patients with clinical Alzheimer’s disease have created a new pathological

entity - LATE52. However, the clinical syndrome of ALS remains strongly linked to

TDP43, a common mechanism on which upstream factors converge, and from which

downstream degeneration cascades. We still do not understand what originally makes

the human motor system selectively vulnerable, and why this should begin in later

life. Looking downstream, there is still a mechanistic gap between understanding why

individual neurons die and explaining the full range of clinical manifestations of ALS.

1.1.3 The expanding ALS-FTD spectrum

Even before TDP43 was identified as the main constituent, ubiquitinated neuronal

inclusions without tau were discovered in the brains of a small minority of patients

with frank frontotemporal dementia (FTD) and ALS. A series of studies over

the last 40 years have further identified more subtle deficits on cognitive battery

testing in ALS53–59. Despite one negative finding60, small, stereotyped deficits were

generally reported in ∼30% of patients, with a small proportion (∼5%) having

more severe impairment across many domains. Executive function, attention and

verbal fluency were most commonly affected. Consensus criteria for diagnosis of

cognitive impairment in ALS61 have been developed in response to this previously

under-acknowledged manifestation. ALS-specific screening questionnaires for clinic

use have also been introduced and validated with the aim that routine cognitive

screening will detect cognitive impairment and allow better patient care62,63. While

subtle, these impairments can impact individual patients through treatment decision-

making64 and caregiver relationships65, and the impact of behavioural changes

may be greater66.



10 1.1. What is ALS?

Figure 1.3: ALS phenotype occurs on a multidimensional spectrum, including upper
vs. lower motor neurone predominance, and the degree of cognitive involvement. Pure
motor phenotypes primary lateral sclerosis (1) and flail-limb (2) presentations have better
prognosis than a prototypical ALS presentation (3), while combined ALS-FTD (4) is the
most aggressive. Reused with permission from Swinnen, B et al. Nat. Rev. Neurol. 2014.

Outstanding controversy

Debates continue over the precise prevalence, clinical significance, and natural

history of cognitive impairment in ALS. A recent multi-centre cross-sectional study

reported lower scores for ALS-specific domains (executive, language, letter fluency)

in more advanced disease67. This contradicts previous data from longitudinal studies

suggesting that cognitive function remains stable despite variable rates of motor

decline68,69. Large longitudinal studies are required to definitively conclude that

cognition worsens with disease progression. One cognitive scale has even been

proposed as a proxy readout for neuropathology, with potential applicability to

clinical trial selection70 - this could perhaps be validated in future by TDP43-

targeted nuclear imaging.
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1.1.4 Genetic drivers of ALS

The understanding of genetics in ALS has also expanded dramatically over the last 40

years. In European and North American cohorts, 5 - 10% of ALS is familial (fALS),

generally inherited in an autosomal dominant pattern71,72. Causative mutations

have been identified in 60 - 70% of these cases73, most prominently in the C9orf72,

SOD1, TARDBP and FUS genes. Additionally, mutations in these genes are

identified in 7 - 10% of patients with sporadic ALS74–76. This likely underestimates

the full genetic contribution in sporadic ALS - studies using twin or population

register data estimate ∼50% heritability77,78. The number of genes linked to ALS

is increasing over time - the Genomics England panel for ALS79 (v1.59) includes

40 unique genes as of 2022. The ‘hit-rate’ of genetic testing in sporadic ALS will

depend in practice on the genes tested for, the population tested and on what basis

discovered variants are considered causal. As large array-based genetic screens are

increasingly performed, figures of up to 21% have been reported80. However, this is

counterbalanced by the decreasing certainty of causality for some rare mutations,

and the designation of some mutations as variants of unknown significance. Such

comprehensive/scattershot testing approaches will substratify and splinter the ALS

population going forward. Those with clear single gene causes may be selected for

targeted gene therapy clinical trials. When multiple or uncertain variants coexist

in the same person, specialist genetic counselling and polygenic risk scoring may

be required to reason through the clinical implications2.

ALS genetics has similarly far-reaching implications for research. Two ALS

genes in particular encapsulate the strengths and weaknesses of using mutations

for modelling or sub-stratifying ALS.

SOD1

The initial discovery of superoxide dismutase 1 (SOD1 )81 mutations in fALS had

mixed effects on the trajectory of ALS research as a whole. It established the

idea that a single gene mutation can be sufficient to cause ALS, and that this
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could be targeted by gene therapy82,83. However, SOD1 associated ALS forms a

small minority (∼2%) of cases, and is not characterised by TDP43 pathology. The

assumption that SOD1 ALS is broadly representative led to a generation of cellular

and animal models that have not yielded therapies for sporadic ALS84. Nevertheless,

clinical trials targeted at SOD1 -related mechanisms continue in sporadic ALS85.

The story of SOD1 therefore represents a major pitfall in the attempts to generalise

findings from genetic ALS to sporadic ALS. It likely comprises separate upstream

disease processes that converge on a similar clinical but distinct pathological entity.

C9orf72

In contrast, C9orf72 associated disease and derived models are more true to ALS

as a whole. Its role was initially inferred through family linkage studies86–88 and

genome-wide association studies89 identifying a chromosome 9 locus associated with

ALS and FTD. Most healthy individuals carry 11 repeats or fewer of the GGGGCC

hexanucleotide sequence within the first intron of the C9orf72 gene. This is

expanded in patients to more than 30 repeats - commonly hundreds or thousands.

C9orf72 mutations are the single most commonly identified monogenic cause - in

40% of patients with familial ALS and up to 7% with apparently sporadic ALS

- though with notable geographic variation90–94. TDP43 pathology is present95,96.

When the neuropathology is compared between sporadic ALS and monogenic

forms, the C9orf72 -HRE is the most similar in terms of overall burden, aggregate

morphology and cortical layer specificity97.

Altogether this makes studying models constructed using the C9orf72 -HRE

excellent for exploring upstream and early ALS disease mechanisms, with both

loss and gain of function possible.

Loss of function The function of C9orf72 was unknown prior to its association

with ALS. Computational and proteomic studies have implicated its role in vesicle

trafficking98, specifically autophagy99,100 - the targeted degradation of intracellular

organelles. C9orf72 -knockout mice do not show a motor phenotype - suggesting that

its loss of function may not be a proximal cause of neuronal death101. However, the
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(a) Sense (b) Antisense

Figure 1.4: DPRs can be produced by translation in either the sense or antisense
direction, in several reading frames - named with letters coding for their constituent
amino acids.

observed intracellular trafficking defects and immune system dysregulation102 may

increase cell vulnerability, reducing the number of subsequent insults required

to produce disease103.

Gain of function Two additional gain of function mechanisms have been proposed.

The repeat expansion is transcribed into long, aggregation-prone, potentially toxic

RNA. Furthermore, despite lacking a start codon, the repeat is translated through

an unconventional mechanism - repeat associated non-AUG (RAN) translation104,105

- producing potentially toxic dipeptide repeat (DPR) proteins (Figure 1.4).

What studying C9orf72 adds to ALS research C9orf72 -derived models

have now been extensively used to demonstrate cellular recapitulation of in-vivo

pathology106–110, and applied to disease mechanism discovery42,44,111–122 and high-

throughput drug screening. A robust motor phenotype has been elusive in ani-

mal models using the entire mutated C9orf72 gene with surrounding regulatory

elements123–127. One study did demonstrate a motor phenotype and TDP-43

pathology128, with inconsistent replicability in independent studies129,130, provoking

ongoing work on epigenetic and environmental modifiers.

As in other neurodegenerative diseases, challenges with translation have rein-

forced the need for more work with humanised models and better characterisation of

biomarkers in human patients. The C9orf72 -HRE is a powerful aid in constructing
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these near-human experiments. Studies in presymptomatic C9orf72 -HRE carriers,

designed compassionately and ethically around genetic testing, provide a natural

window into early disease (Section 2.4.2).

In this section, I have described the evolution of the ALS disease entity from a

clearly defined series of prototypical motor cases to a wider clinical entity united

by pathology that spans a multidimensional clinical space - onset, progression rate,

UMN/LMN predominance, cognitive involvement, and genetic causation.

1.2 ALS as a brain network disorder

Despite rapid progress in recent decades in understanding the molecular biology of

ALS, large mechanistic knowledge gaps remain between cellular toxicity and selective

central nervous system degeneration, and from there to clinical manifestations.

In-vivo neuroimaging has been powerful in addressing these. I will focus on

MRI abnormalities and the resulting hypotheses about the role of structural and

functional networks in ALS.

1.2.1 Structural MRI detects grey and white matter damage
in ALS

Charcot initially showed the spatial pattern of ALS in both grey and white matter

post-mortem131 - its study in-vivo has been enabled largely by MRI. Grey matter

atrophy is detectable using MRI and has rapidly progressed in sophistication. A

study published in 1994 used dot-matrix print-outs and manual annotation132. ALS

patients were studied to validate a pioneering automated whole-brain technique

in 2000133. The same technique underpins modern machine-learning approaches

to subtyping and staging neurodegeneration (in FTD)134. Studies describing

grey matter atrophy in the brain have shown relationships with UMN/LMN

predominance135, longitudinal change136, hemispheric asymmetry137, bulbar-onset138

and cognitive impairment139.
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White matter changes have also been studied using diffusion-weighted MRI. This

is sensitive to reduction in the strong directionality of diffusion exhibited by highly

organised white matter tracts. Corticospinal tract integrity is most prominently

affected in ALS140 along with the corpus callosum141 and wider white matter

networks with increasing disease progression142,143 or cognitive involvement144–146.

White matter tract integrity has also been specifically studied in C9orf72 ALS,

with widespread tract damage and longitudinal change found147. This widespread

pattern was similar to a large subset of patients with sporadic ALS, while the

remainder showed a more restricted pattern in the corticospinal tract and corpus

callosum148. Regional callosal involvement has also been more finely correlated with

clinical phenotype149,150. With ongoing work on multi-site harmonisation, structural

MRI of grey and white matter is well on the way to clinical translation in ALS151.

1.2.2 Spatial patterns of structural degeneration

Beyond simple description of group level differences, the spatial pattern of changes

in ALS has also generated hypotheses about disease properties. Even Charcot

ventured that spreading pathology could explain the pattern of involvement in the

spinal cord, foreshadowing the current zeitgeist and associated debates.

By what mechanism does the lesion of the grey matter combine with
the lesion of the white bundles? Is it a simple propagation by step by
step extension through [nervous tissue]? It is much more likely that the
spread is through the nerve fibres, which you know normally establish
communication between the lateral bundles and the anterior horns.

— Jean-Martin Charcot p 265, Leçons sur les maladies du système
nerveux faites à la Salpêtrière

In a series of post-mortem studies Braak and colleagues showed distinct spatial

patterns for tau (but not αβ-amyloid) in Alzheimer’s disease152,153, α-synuclein in

sporadic Parkinson’s disease154, and TDP43 in ALS155. The pattern seen in ALS is

described as corticofugal. In cases with the most restricted pathology, TDP43 was

restricted to the motor cortex and directly connected regions. With greater overall

burden, TDP43 pathology was somewhat sequentially seen in a wider cortical and
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Figure 1.5: Braak staging schematics for αβ-amyloid) in Alzheimer’s disease, α-synuclein
in sporadic Parkinson’s disease, and TDP43 in ALS. Darker shaded regions indicate most
restricted pathological findings, while lighter shaded regions show regions affected in
brains with more widespread pathological abnormalities.

subcortical distribution (Figure 1.5). Braak staging found a natural counterpart in

the theory of prion-like spread in neurodegeneration - that misfolded protein seeds

can spread between cells and provoke further cascades of protein misfolding and

aggregation156,157. Simplified computational models of brain white matter can be

made to recapitulate these patterns by varying only the seed region158.

Challenges to Braak staging and prion-like spread

At its core, Braak staging is the observation of a spatial variability in the frequency

of disease markers. A key criticism of this theory is over-reliance on post mortem

data - a definitive end point. Staging TDP43 at this end point does not imply

that all individuals have progressed through these stages. MRI studies correlating

white matter tract damage against disease duration also suffer from this limitation,

though some longitudinal data support sequential tract involvement159–161.

Clinical correlation is also limited. Inspection of cases in large post-mortem

series reveals that cases sharing the same neuropathological stage may have widely

differing clinical characteristics - for example Stage 1 cases had disease duration

ranging from 16 to 156 months155. Many Stage 1 patients also had widespread
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symptoms, implicating toxicity upstream to TDP43 aggregation. As a result, while

the templated spread hypothesis is superficially consistent with clinical mapping of

focal onset and spread to contiguous regions in ALS162–164, direct clinicopathological

correlation remains elusive.

Spatially variable vulnerability to disease

Several theories have been proposed as alternatives or elaborations to simple models

of prion-like spread of misfolded protein aggregates ALS and other neurodegenerative

conditions. In ALS, systematic mutagenesis of the TARDBP gene in yeast implicates

perinuclear liquid droplets containing TDP43 intermediates as directly toxic while

large cytosolic aggregates appear inert50. This fits with neuropathological studies

in ALS, where soluble intermediate forms of TDP43 are commonly found in post-

mortem tissue and TDP43 shows a variety of aggregation morphologies with variable

functional properties165. Furthermore, where reduced neuron counts suggest more

aggressive/advanced disease, ubiquitinated TDP43 aggregates are more frequently

found in surviving cells166. As with bullet holes in World War II fighters, this suggests

a possible interpretation of insoluble TDP43 aggregation as a marker of resistance.

Selective vulnerability and local factors determining toxicity are likely to be

relevant across various neurodegenerative disorders. In Parkinson’s disease, selective

vulnerability based on neuronal morphology and firing properties has been invoked

to fill gaps left by simple diffusion models of prion-like spread167. In Alzheimer’s

disease modelling the kinetics of tau spread against local amplification suggest

that local amplification of pathology may be more likely to dermine pathological

severity in a given brain region168. This debate on underlying mechanisms has

clear implications for clinical translation. Therapies designed to target and deplete

prion-like aggregates or interrupt spread may yield negative results if local factors

conferring vulnerability or resistance determine disease severity in-vivo. On the

other hand, targeting spreading seeds may be a more viable strategy in targeting

pre-symptomatic disease, where disease is likely to be more focal.
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1.2.3 Why might the motor cortex be vulnerable in ALS?

Whether ALS begins in the motor cortex and then spreads, or if the spatial pattern

simply reflects the probability of a brain region being affected169, the same follow-

up question emerges. Why is the motor cortex vulnerable? Various speculations

converge on the idea of specific vulnerabilities in the structure, excitability and

network properties of the human motor system.

Evolutionary specialisation for fine top-down motor control

The primate motor system is structurally geared towards finer control of spinal

motor neurone pools. In non-primates170–172, corticospinal projections terminate

indirectly on spinal networks (Figure 1.6).

Figure 1.6: Direct corticospinal projections from the left motor cortex in various species.
The lateral ventral horn is shaded cyan. Reused with permission from Kuypers, H.G.J.M.
(2011). Anatomy of the Descending Pathways. In Comprehensive Physiology, R. Terjung
(Ed.).173

Humans in particular have many more direct projections to α-motor neurones

in the ventral horns - corticomotoneuron (CM) projections. The lateral ventral

horn corresponding to the intrinsic muscles of the hand receives particularly dense

innervation in humans. This suggests a system that has evolved to expose direct
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control of α-motor neurons to the cortex174, allowing flexible and precise cortical

programming of the hands, with clear advantages for tool use175. A direct system

may however generate points of vulnerability176.

Spatial selection bias due to clinical diagnosis

Studying selective vulnerability is, however, likely to be influenced by the clinical

diagnosis of patients studied. In a cohort selected according to ALS diagnostic

criteria, pathology may be more concentrated in motor areas, while in a FTD cohort,

frontal or temporal areas may be the most affected. Furthermore, the threshold

for clinical detection of pathology may be lower in the motor cortex than in a

non-motor region. While motor system involvement remains a cardinal feature and

studying this system likely to yield useful biomarkers of disease, the sampling bias

driven by clinical diagnosis is an important limitation of this thesis.

Cohorts that include participants on neuropathological or genetic criteria may

be less prone to this type of bias. In large genetically stratified cohorts such as

GENFI, modelling structural MRI changes in a pseudo-longitudinal manner suggests

multiple FTD subtypes with predilection for frontal, temporal, both frontal and

temporal, or subcortical regions[134]. While still prone to selection bias favouring

cognitive phenotypes, it was notable that the frequency of subtype differed markedly

between genotypes (C9orf72, GRN, and MAPT ). Future population-based studies

may definitively describe the spectrum of pathology associated with TDP43 or

C9orf72 pathology, but some spatial selectivity remains likely.

1.3 Motor network excitability in ALS

1.3.1 Cortical disinhibition is consistently found in ALS

Direct in-vivo evidence of early cortical pathology in ALS patients further solidifies

the idea of cortical vulnerability. The development of non-invasive transcranial

magnetic stimulation (TMS) in the 1980s177 allowed in-vivo stimulation of the cortex.

Concurrent measurement of the resulting peripheral muscle twitches - motor evoked

potentials (MEPs) - reflects overall corticospinal excitability. Overall corticospinal
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excitability (minimum stimulation intensity to evoke twitches of a given size) can

be paradoxically normal or high in early ALS despite weakness, while accumulating

motor neuron loss produces an expected decline in late disease178. In paired-pulse

experiments, a key physiological inhibitory phenomenon is notably absent in ALS

patients179. Short-interval cortical inhibition (SICI) in healthy individual consists

of a decrement in muscle twitch size when two pulses are applied at intervals of

1-5 milliseconds. In ALS however, this decrement is lost. This finding is more

pronounced in early disease and even precedes overt weakness in presymptomatic

SOD1 mutation carriers180. Cortical disinhibition is also more pronounced over

the motor cortex controlling the site of disease onset in patients with very early

disease - suggesting a focal origin corresponding to disease onset181. It is important

to briefly note that other cortical foci may exist, but lack as developed a readout as

the motor evoked potential. Sensory cortex182 and frontal foci of disinhibition183

require further exploration. For this discussion, however, we will consider motor

cortex disinhibition the prototypical pathology in ALS and explore it further.

Underlying mechanisms of cortical disinhibition

Why does SICI occur and what does its loss tell us about ALS? The threshold-

tracking TMS data suggest broad loss of SICI across different inter-stimulus intervals,

with average SICI being the most reliable differentiator between ALS patients and

controls184,185. However, averaging across intervals blurs together slightly different

underlying mechanisms. For 2.5ms SICI, drug-TMS studies implicate signalling via

the α-2 or α-3 subunit containing GABAA receptor, though none of the drugs used

is perfectly selective186–188. These receptors are most abundant in a parvalbumin-

positive interneuron network located in more superficial layers (II/III) in the primary

motor cortex189. This is corroborated in healthy human MEG studies by the finding

that 2.5ms SICI is tightly correlated with the peak activation frequency of the

low gamma frequency band190 - which originates in more superficial layers in the

motor cortex191. The mechanism underlying 1ms SICI remains controversial - it



1. Introduction 21

may be associated with extracellular GABA concentration as measured by magnetic

resonance spectroscopy192, but reproduction has been challenging193.

Inhibitory motor cortex microcircuits are disrupted in ALS

Within the motor cortex, excitatory pyramidal cells and inhibitory interneurons

form multiple microcircuits incorporating both horizontal (within-layer) and vertical

(between-layer) connections194. Excitatory inputs to upper layers (2/3) of the motor

cortex are processed and amplified within these layers. Disrupted 2.5-3ms SICI

strongly suggests dysfunction of this processing. However, this isn’t the only site

where physiological inhibitory circuitry is damaged in ALS.

The layer II/III interneuron network converges on pyramidal cells’ apical dendrites,

which carry motor signalling deeper to layer V195. There, pyramidal cell bodies

are densely innervated by inhibitory connections mediated by the α1 subunit of

the GABAA receptor from parvalbumin-positive (PV+) interneurons in deeper

layers. With long horizontal projections and fast-spiking properties that allow

ongoing inhibition of multiple pyramidal cells, this interneuronal network produces

functional properties such as surround-inhibition, spike-timing synchronisation and

tuning to stimulus properties in various cortical regions196,197.

Within the mouse motor cortex, some PV+ interneurons demonstrate increased

firing immediately prior to the onset of voluntary movement, suggesting a role

in shaping motor output by gating premature or inappropriate output198. The

importance of physiological inhibition shaping motor cortex output is demonstrated

by pharmacological disinhibition, which results in runaway epileptiform events195.

Evidence for disruption of this deeper inhibitory filter in ALS comes from

neuropathology, where parvalbumin-positive cells are depleted in the primary

motor cortex across all layers by ∼40%199. This proportion remains relatively

constant across a marked range of Betz cell loss (down to near complete absence).

Layer-specific in-situ hybridisation histopathology also shows decreased α1 subunit
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mRNA expression across all layers, with corresponding upregulation of glutamic

acid decarboxylase (GAD), the enzyme that produces GABA200. Superficially, this

evidence of interneuronal damage at various motor cortex sites seems discordant

with the observation that TDP43 aggregates are rarely found in interneurons97. A

potential unifying explanation is that a vulnerable pool of PV+ interneurons is

lost in early ALS with no opportunity to sequester TDP43 in inert aggregates. As

interneurons demonstrate considerable variability in gene expression, morphology,

connectivity and firing frequency201, highly vulnerable and highly resistant pools

may coexist. Disrupted inhibitory signalling might then trigger a cascade of ongoing

degeneration in the pyramidal cell (corticomotoneuron), a more structurally and

functionally homogeneous population.

Measuring local inhibition and excitation in-vivo

MR spectroscopy has been used to assess overall intracortical excitation and

inhibition through total glutamate and GABA respectively in-vivo in ALS - though

these are at best proxy measures (Section 4.1.4). GABA was reduced in the left motor

cortex in ALS patients202, together with elevated combined glutamate and glutamine

(Glx) when riluzole-naive203. Findings on glutamate are conflicting with findings

of increase204, no change205–207, and decrease in ALS reported208–210. Glu/GABA

ratio in the supplementary motor cortex was elevated in patients with ALS211. Non-

invasive measurement of local inhibition and excitation in ALS and presymptomatic

disease is one core goal of this thesis. I explore this method further in Section 2.3

describing a novel method to map excitation and inhibition in the motor network.

I validate this technique in healthy individuals in Chapter 4, and apply it to

established ALS and presymptomatic carriers of the C9orf72 -HRE in Chapter 5.

1.3.2 Wider motor network excitability and connectivity

Local changes in motor cortex excitability may have knock-on effects in other

brain regions, particularly other parts of the motor network. Several functional

changes might be expected to result.
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Transcallosal projections subtly tune contralateral motor cortex output

Projections across the corpus callosum to contralateral structures may be partic-

ularly relevant to motor function and disease212. Each motor cortex fine-tunes the

outputs from the other through interhemispheric projections that interact with the

inhibitory interneuron network in the other motor cortex to produce subtle surround-

inhibition effects213. Callosal degeneration and resulting motor dysfunction have

also been specifically implicated in ALS141,214.

The supplementary motor area is a close functional neighbour to M1

The primate supplementary motor area (SMA) adjoins the medial primary motor

cortex, contributes to ∼10% of the corticospinal tract215,216, forming direct connec-

tions to α motor neurone pools in the contralateral ventral horn of the cervical spinal

cord217. DWI also shows that the SMA predominantly connects posteriorly to M1

and inferiorly to corticospinal tracts218, allowing substantial functional overlap with

M1. Connectivity between SMA/premotor area and M1 was a significant predictor

of better motor outcome in stroke in patients with significant corticospinal tract

lesions219, implying a capacity for motor compensation that could be relevant in ALS.

The thalamus as a connectivity hub in the human brain

In humans, the thalamus has a fan-like structural connectivity pattern to most

cortical regions that can be used to subdivide it into regions corresponding to its

histological nuclei220. The general architecture of a thalamo-cortical loop - with

cortical layer 6 and pyramidal tract neurons projecting to the thalamus, while

‘core’ type thalamo-cortical projections project back to several cortical layers, most

prominently layer 4221. This canonical brain circuit may have been repurposed

extensively for different sensory and motor brain functions. The role of the thalamus

in relaying sensory information is best described with visual input through the

lateral geniculate nucleus to the primary visual cortex. However, despite lacking a

histological granular layer 4, a ‘functional’ layer 4 is still found to receive inputs

from the thalamus and form intra-columnar outputs to layer 2/3222,223. Thalamic
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atrophy across various nuclei has been reported in both ALS224 and FTD225, with

pulvinar atrophy uniquely found in C9orf72 expansion carriers. The consequence

of disruption to the thalamo-cortical loop is not well explored in ALS, though

abnormal coupling in this circuit has been invoked to explain motor dysfunction

in Parkinson’s disease models226.

1.3.3 fMRI measures both local activation and wider net-
work function in ALS

Functional magnetic resonance imaging using blood oxygen level dependent (BOLD)

contrast, though strongly affected by vascular properties227, can be used as a proxy

for neuronal activation across the whole brain (Section 2.2). BOLD-fMRI data

acquired at rest can be decomposed into resting state networks, showing correlated

activity over seconds to minutes228. Anatomically similar motor networks can be

reproduced when performing motor tasks229 (Figure 4.1).

Figure 1.7: Spatial maps derived from independent component analysis that correlate
with subjects’ metadata from visuospatial and motor tasks. Lower dimensionality (d20)
shows brain-wide networks, which become fractionated into constituent nodes at higher
dimensionality (d70) - figure reproduced from Ray et. al. Frontiers 2013230, (CC-BY).

Some consistent findings include spreading cortical activation associated with

sustained hand movement231,232, hyper-activation in early disease233, and the reorgan-

isation of brain functional networks234–236 in both task and resting conditions. Brain

network connectivity alterations may even predate symptom onset in genetic ALS237.

Functional connectivity evolves with disease progression235,238, with developments

ongoing to refine this into a clinically useful biomarker239. The second overall aim

of this thesis is to apply fMRI using a finger movement task to measure local motor
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network activation and wider motor network connectivity changes in ALS. I study

motor network connectivity changes in established disease in a large multimodal

MRI dataset of ALS and PLS patients in Chapter 3.

1.3.4 Unpicking motor network excitability in ALS

By studying individual modalities, I will explore the landscape of motor network

excitability along several separate axes that represent a many-to-many correspon-

dence (Section 6.1.1) between modalities (task fMRI, MRSI) and disease properties

(local motor cortex excitability, wider motor network dysfunction). In Chapter

6, I integrate multiple noisy measures to generate composite markers reflecting

underlying disease properties in a dataset encompassing ALS patients, controls

and presymptomatic C9orf72 -HRE carriers.
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My dear Watson, try a little analysis yourself,
said he, with a touch of impatience. You know
my methods. Apply them, and it will be
instructive to compare results.

I cannot conceive anything which will
cover the facts, I answered.

— The Sign of Four — Sir Arthur Conan Doyle
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network excitability in ALS.

I focused on non-invasive magnetic resonance imaging techniques in this thesis

due to low patient risk, established clinical availability (albeit concentrated in high-

income regions240), and a high level of technology maturity and standardisation.

Several emerging techniques can measure proxies of neural activity and excitability.

This section summarises general principles of MRI, and elaborates on the two

specific techniques I applied - blood oxygenation level dependent (BOLD) functional

MRI and magnetic resonance spectroscopic imaging (MRSI).

2.1 General principles of magnetic resonance imag-
ing

MRI depends on the physical principle of nuclear magnetic resonance (NMR). Many

nuclei have a quantum property of ‘spin’, or angular momentum, around their axis

of magnetic polarity. Nuclei in a material have randomly distributed spins when

no magnetic field is applied. When surrounded by a strong static magnetic field

(denoted B0) a small proportion of spins become more aligned with its direction - a

lower energy state. In a magnetic field, the spin will additionally precess (analogous

to the rotation of a tilted spinning top) around the axis of the field. This has

a characteristic rotational frequency, the Larmor frequency (ω), proportional to

the strength of the static magnetic field and a constant unique to the nucleus

in question, the gyromagnetic ratio (γ).

Figure 2.1: Schematic representation of the precessing spin of a proton in a magnetic
field. The green arrow indicates the external magnetic field, the black arrow the particle’s
magnetic dipole moment. CC0, via Wikimedia Commons241
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2.1.1 Nuclear magnetic resonance

Most clinical MRI considers the special case of proton magnetic resonance. As the

most common nuclei (1H) in in the most abundant molecule (H2O) in the human

body, and present in many other biological molecules, techniques targeting the

characteristic frequencies of proton magnetic resonance yield highly biologically

informative data. If protons in a strong B0 field are exposed to a weaker oscillating

magnetic field (B1) transmitted into the sample as a radiofrequency (RF) pulse,

the precession is perturbed (or ‘flipped’) - analogous to tilting the top still further

away from the vertical.

Once perturbed, the nuclear spin tends to return, or ‘relax’ from the higher energy

misaligned state to lower energy alignment with B0. As it does so, it emits energy

in the form of radiofrequency energy, which can be detected as induced current in

a coil of conductive wire (the receive coil) positioned around the sample.

Figure 2.2: The brown line shows the path taken by the vector of a proton’s spin when
relaxing back into alignment with the B0 magnetic field. CC BY 3.0, via Wikimedia
Commons242. Link to video

2.1.2 MRI scanner principles

In any given human MRI experiment, the participant is positioned with the region

studied (i.e. brain) in the centre of the scanner bore. Immediately surrounding

the participant’s head is a coil that both transmits the B1 pulse and receives the

https://commons.wikimedia.org/wiki/File:Proton_spin_MRI.webm
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returning signal from the brain. Surrounding the scanner bore is a large cylindrical

superconducting magnet (coiled copper wire immersed in liquid helium) generating

the B0 field. Outside this are three sets of coils arranged to generate superimposed

gradients in the B0 field in the x, y and z directions.

2.1.3 Image formation

The returning signal is generally sampled while a gradient is applied (the direction

of the gradient is called the ‘frequency encode’ direction). Depending on a proton’s

position in the tissue, the field strength it experiences and therefore its Larmor

frequency varies according to the gradient applied243,244. Therefore the frequency

of the signal generated encodes its position (Figure 2.3).

Figure 2.3: Effect of a superimposed gradient field on the static B0 field. Adapted from
Bruce Rosen, and Lawrence Wald. HST.584J Magnetic Resonance Analytic, Biochemical,
and Imaging Techniques. Spring 2006. Massachusetts Institute of Technology: MIT
OpenCourseWare, https://ocw.mit.edu. License: Creative Commons BY-NC-SA.

A new variable, k245–247, is formulated to represent the possible phase cycles

resulting from each gradient application over time. Each time the return signal

is sampled its magnitude (or phase) can be plotted according to kx, ky (and kz)

forming a k-space image. This signal could originate from protons throughout the

sample studied. A subsequent (2d or 3d) Fourier transform of the k-space image

recovers position from spatial frequency, generating an map of signal magnitude

(or phase) in space (i.e. an image)248.
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Figure 2.4: Evolution of phase cycles over time as gradients are applied.

(a) k-space (b) image

Figure 2.5: An image of signal magnitude in k-space and the resulting image of signal
magnitude in space following 2D Fourier transform. Adapted from Bruce Rosen, and
Lawrence Wald. HST.584J Magnetic Resonance Analytic, Biochemical, and Imaging
Techniques. Spring 2006. Massachusetts Institute of Technology: MIT OpenCourseWare,
https://ocw.mit.edu. License: Creative Commons BY-NC-SA.

The MRI sequences used in research and the clinic result from variations on

these basic principles - pulse shape, sequence and gradient field application. In its

simplest form, the signal from a region of interest can be read into a spectrum that

allows quantification of water and a range of other proton-containing molecules.

Sequence design can also target physical processes occurring in the tissue itself e.g.

(diffusion of water, iron deposition). Vascular properties and blood flow underpin

another set of imaging techniques including functional MRI, arterial spin labelling
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and MR angiography. Biophysical models informed by prior knowledge of tissue

composition may be applied as in quantitative MRI or MR fingerprinting. Finally,

considerations of signal to noise ratio, spatial/temporal resolution and acquisition

time cut across all sequence designs. Image acquisition can be accelerated by parallel

acquisition using an array of receiver coils249, and/or sparse k-space sampling with

specialised reconstruction250. Mathematically informed designs can do more in

the same amount of time251,252. Finally, data quality has improved over the last

40-50 years as scanner technology has developed, with increasing field strength,

gradient field strength/slew speed and field homogeneity.

Scientists wishing to apply MRI are therefore able to acquire more and higher

quality data in less time, with a rapid pace of ongoing development. In the

following sections, I will discuss the key MR techniques I used, the sequence

optimisations involved, and the rationale for their application to ALS - functional

MRI and MR spectroscopic imaging.

2.2 BOLD functional MRI - powerful, but im-
perfect

In this section I will discuss functional magnetic resonance imaging, a technique

applied in every experiment described in this thesis. I will discuss the underlying

haemodynamic response, its complexities in age and disease, and the importance

of the participant’s mental state.

2.2.1 Principles of the haemodynamic response function

Seiji Ogawa and colleagues at Bell Labs first demonstrated the contrast between

veins and other brain tissues due to the paramagnetic properties of de-oxygenated

haemoglobin causing rapid T2 decay (Figure 2.6)253,254.
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Figure 2.6: Radial dark lines (as indicated by the green arrowhead) show loss of signal
in cortical veins in the rat. Adapted from Ogawa et. al. 1990253

They showed a dependence on vessel orientation, size, inhaled CO2, and glucose

metabolism. They proposed its application for functional human brain imaging

in brain parenchyma, and two independent demonstrations soon followed at the

Massachusetts General Hospital and at the Center for Magnetic Resonance Research

(CMRR), University of Minnesota255,256.

Why does blood oxygen level dependent (BOLD) contrast vary in the parenchyma?

With neural activation, tissue oxygen consumption increases, recruiting increased

local blood flow through pre-capillary arterioles. Small veins, which contain most

of the tissue blood volume, distend with oxygenated blood, diluting de-oxygenated

haemoglobin. This reduces its effect on the magnetic susceptibility of surrounding

tissue, causing less rapid signal decay. This “Balloon model” was formulated and

described by Buxton and colleagues in 1998257 (Figure 2.7).
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Figure 2.7: The evolution of various components of the Balloon model over time in
response to a stimulus. Reproduced with permission from Buxton et. al. 2008.

With a simplified gamma function that mimics the shape of this model, and some

elaboration to account for stimuli that occur close enough in time for their haemody-

namic responses to be correlated258,259, this conceptual framework underpins most

modern fMRI data analysis. In task fMRI, a canonical haemodynamic response

function (Figure 2.8) is generally convolved with an input stimulus time-course,

and the data time-course from a given voxel correlated against this, followed by

statistical testing on a voxel-wise basis generally with a linear model or permutation

inference, from which a 3d map of p-values emerges. Notably, this is not a necessary

assumption for data driven approaches, such as independent component analysis

in resting state (or task) fMRI260,261.
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Figure 2.8: The canonical function used to model the haemodynamic response in the
SPM toolkit, SPM-wiki, CC BY-SA 3.0, via Wikimedia Commons

The simple HRF models used in modern image analysis toolkits have been

applied extensively. More generally, the simple assumption that neural activity

produces a haemodynamic response proportional to the duration and intensity

of stimulus usually holds262.

2.2.2 BOLD-fMRI detects brain activation associated with
stimuli and at rest

BOLD-fMRI has delivered key advances across a wide range of neuroscience fields.

Considering the motor system alone - it has been applied to study motor system

physiology (lateralisation263–265, bimanual control266, childhood development267,

motor learning268269, between species differences270, ageing271) as well as in clinical

applications (pre-surgical mapping272, disease characterisation273–275, clinical trial

outcome measures276).

BOLD-fMRI is the best available tool for non-invasive measurement of brain

activation with sufficient spatial resolution to study different motor system regions

and network excitability properties. Thirty years of cumulative refinement in scanner

engineering and sequence design have produced major advances in scan duration,

spatial resolution and temporal resolution. The current sweet-spot is at 3 Tesla,
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with better scanner availability, lower cost, reduced need for specialised institutional

expertise, and proximity to clinical translation vs. 7T.

The Human Connectome Project277 and UK Biobank278,279 have prepared and

published imaging and analysis protocols used to generate datasets with tens of

thousands of participants. I selected the UK Biobank 2d-EPI sequence for my

data collection (Chapters 4, 5, and 6). This sequence achieves isotropic spatial

resolution of 2.4mm, temporal resolution of 0.735s, and whole brain coverage thanks

to multiband imaging with 8x acceleration according to the CMRR multiband

acquisition280. Findings using this sequence would be testable and clinically

translatable at multiple centres thanks to openly available sequence/reconstruction

code and multi-site harmonisation data. This sequence also represents an

improvement over that used in the retrospective dataset analysed in Chapter 3

(Section 3.2.2), which had similar spatial resolution, but much lower temporal

resolution (3s).

2.2.3 Elaborating the vascular model

However, BOLD fMRI has several key limitations. First, simple vascular models have

been challenged and elaborated. Two-photon microscopy experiments in rodents

show that arterioles distend much more than veins with short stimulation281–283.

Further single-vessel imaging experiments have decomposed the bulk BOLD response

into a rapid arterial component driven by volume change and a slightly slower venous

component due to changing oxygen saturation284. Scaling models up to a vascular

network on a cubic millimetre scale further illustrates the contributions from different

vascular components285. This also predicts substantial variation of BOLD signal

dependent on cortical folding since pial veins run parallel to the cortical surface.

Venules may drain variable tissue volumes, and drainage patterns differ regionally

according to cytoarchitectural profile227. In summary, the vascular nature of the

BOLD signal makes vascular properties an intrinsic confound.
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2.2.4 Neuro-vascular (un)coupling?

Furthermore, the haemodynamic response may not always be tightly coupled to

neural activity. The type of neuron activated matters - applying optogenetics to

selectively stimulate sub-populations of neurons in the rodent sensory cortex suggests

differing roles for inhibitory interneurons and pyramidal neurons286. Interneurons

may readily recruit blood flow via a nitric oxide mediated mechanism, while

pyramidal cell activity is the main driver of oxygen metabolism. The direction of

effect may also be inconsistent. In the rodent striatum, paradoxical vasoconstriction

and lack of haemodynamic response occurs with noxious stimulation despite

increased neural activity287. This might plausibly be a regional quirk of the

striatum. However, even in the cortex, neurovascular coupling might be stronger

in conditions of strong or persistent activation, and less pronounced or absent

at rest. For example, BOLD signal is only weakly correlated to neural activity

in the awake mouse somatosensory cortex when periods of spontaneous whisker

or body movement are excluded288. Even during blocked tasks, anticipation and

entrainment of vascular changes may confound the link between visual cortex

haemodynamic response and neural activity289.

2.2.5 Generalisability

Finally, simple HRF models may not generalise well to ageing or disease. Healthy

older adults are likely to have subclinical comorbidities affecting the brain vascula-

ture, such as diabetes, hypertension and small vessel atherosclerotic disease. The

BOLD signal rose more slowly, with a lower peak, in response to a finger tapping

task in the sensorimotor cortex of individuals with a previous (distant) subcortical

lacunar stroke compared to healthy controls290. In otherwise healthy older adults,

the BOLD response is prolonged and lower in amplitude with increasing age291,292,

and more noisy than in healthy controls293.

In ALS, despite a large literature applying BOLD-fMRI, disease effects on the

HRF have not been extensively investigated. There is some evidence that the
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HRF rise is delayed to visual and auditory stimulation in ALS, and the overall

response prolonged to somatosensory stimulation294.

There is limited work on vascular changes as a result of ALS in the context of the

BOLD signal. An unpublished study295 presented at the 2006 ISMRM conference

found both contralateral motor cortex BOLD hyper-activation in ALS and reduced

BOLD signal reactivity to breath-holding in the same patient group. This may

suggest reduced vascular reactivity in ALS as a contributory mechanism. However,

there is substantial interest in alterations of the blood-brain-barrier in ALS296,297,

with evidence of pericyte degeneration and microvascular leakage, with uncertain

implications for vascular properties in-vivo.

Various techniques exist to disentangle the contributions of neural and vascular

mechanisms to the BOLD signal298. Other MR modalities such as arterial spin

labelling directly measure brain perfusion and flow. Cerebral blood flow as measured

by ASL has been shown to be reduced in small groups of ALS and FTD patients299,300.

While reduced blood flow would not in itself explain BOLD hyperactivation, altered

vascular reactivity might. This can be assessed through CO2 inhalation or breath

hold, though these can be more challenging to perform in ALS patients with some

degree of respiratory muscle weakness.

Direct measurement of the neural signal of interest through techniques sensitive

to electrical or magnetic fields is possible using techniques such as EEG301 or

MEG302,303. In the dataset I collected (Chapters 5 and 6), some MEG data was

concurrently collected, though the dataset is incomplete due to a planned MEG

scanner replacement. Future directions include comparing the same finger movement

task assessed with both BOLD fMRI and MEG.

Completely disentangling the contributions of neural activity, vasculature, and

glutamatergic or GABA-ergic signalling may not matter for clinical application, as

long as the measured changes contain meaningful clinical information. However,

the generally assumed link between the HRF and neural activity should be treated

with caution in ALS.
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2.2.6 State of mind during fMRI

I will now discuss experimental design to search for fMRI biomarkers of motor

network excitability in ALS. The brain’s dynamic activity can be measured in

a range of differing conditions. In humans, measurement during anaesthesia304,

sleep305, ‘resting’ conditions and active task conditions addresses corresponding

experimental questions. Even resting conditions vary - standard conditions include

awake with eyes closed or fixation cross viewing306. More ‘naturalistic’ conditions

such as movie watching or music listening307,308 have been proposed as alternatives

that increase the power to distinguish brain states309.

Resting state fMRI Decomposing resting state data using independent com-

ponent analysis yields ‘resting state networks’. Each RSN is a statistically in-

dependent (maximally non-Gaussian) component of the data, a spatial map of

voxels with similar activity over time. This can be due to correlated underlying

neuronal activity (functional connectivity) or alternatively to structured noise

(e.g. vascular pulsatility).

Regions activated during task fMRI are spatially similar to resting state networks310

suggesting that they might be functionally related. The high temporal resolution

of magnetoencephalography suggests dynamic recruitment of ‘resting state’ sub-

networks for task performance even predicting task responses from features of

resting state data311–313.

As analysis techniques improve, resting state neuroimaging is increasingly

appealing in patient groups, promising to map a functional connectome that is

reliable (with 500 rs-fMRI timepoints314), does not impose differential demands on

patients and controls, and is comparable between sites, scanners and studies. BOLD

functional MRI (exploratory) end-points are increasingly published in clinical trials

for neurodegenerative diseases276 and registered on clinical trial databases315.

I have analysed resting state data and the resting state motor network in

Chapter 4 in a large consolidated dataset of participants in different studies who
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did not do the same motor task. The identical resting state sequence used allowed

consolidation of healthy individuals data across multiple studies.

Motor task fMRI In Chapters 3, 5 and 6 I have used data from motor task

conditions to increase the motor network signal of interest and to allow data to

be directly linked to behaviour that might be meaningful for a patient. Even in

healthy controls, the statistical confidence (z-scores) for sensorimotor task activation

maps are substantially greater than for sensorimotor networks derived from resting

state fMRI316. Using motor tasks in the scanner also allows data correlation with

detailed behavioural data including response time and accuracy. The ambition for

ecologically valid science317 will undoubtedly make task design more challenging

- I tried to balance task difficulty across patient and healthy groups of different

ages, and considered in detail the impact of design on experimental power to detect

significant differences (Sections 3.2.3, 6.2.3).

2.2.7 Reliability of fMRI measures

Several factors are likely to affect the reliability of the fMRI sequences used in

this thesis. Eyes fixated conditions (as used in Chapters 4, 5, and 6) improve

the reliability of within-network and intra-session motor network connectivity

measures306. The reliability of most fMRI measures appears to be proportional

to 1/
√

t, where t is the scan time318. Therefore, while increasing scan time brings

diminishing returns, 15-30 minutes of fMRI data would provide a significant increase

in reliability over shorter protocols. In practice, however, total scan time is limited

by tolerability in patients, and desire to collect data of multiple modalities. In

Chapter 3, I worked with a total of 20 minutes of task fMRI data at a temporal

resolution of 3 seconds (∼400 averages), while in Chapters 5 and 6, I worked with 6

minutes of task fMRI data at a temporal resolution of 0.735 seconds (∼490 averages).

Nevertheless, BOLD fMRI is intrinsically limited in retest-reliability, with a

large systematic review suggesting intra-class correlation coefficient (ICC) ∼0.3 for

individual resting state functional connectivity measures319, and ∼0.4 for motor
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task fMRI measures in general320. This therefore represents a significant limitation

for the use of individual data in correlation with other modalities/clinical data

or in making individual level predictions.

While I have applied state-of-the-art neuroimaging approaches for clinical

translation in this thesis, in future, emerging techniques such as MEG with optically

pumped magnetometers and functional near-infrared spectroscopy may allow more

free participant movement321 and wider scope for both real and virtual reality

task design322, with complex movement tracking enabled by machine learning323.

The future may include functional neuroimaging of daily tasks such as walking,

climbing stairs, food preparation/feeding, writing and phone/computer use. This

might eventually open the door to testing therapeutic interventions directly against

patient function or rehabilitation.

2.3 MR spectroscopy - direct quantification of
neurochemicals

The second key technique I have applied in this thesis is magnetic resonance

spectroscopic imaging. I will discuss the general principles of magnetic resonance

spectroscopy and rationale for the sequence I have used to achieve mapping of excita-

tory and inhibitory neurochemicals in the motor system with high spatial resolution.

2.3.1 General principles

The simplest possible nuclear magnetic resonance spectroscopy experiment involves

analysis of the frequency content of the return radiofrequency signal from a sample

placed in a strong static magnetic field with a radiofrequency pulse applied at right

angles. The return signal originates from the sum of the precessing magnetisations

of nuclei in the sample. Isidor Isaac Rabi and colleagues demonstrated that charac-

teristic resonance frequencies corresponding to lithium and chloride nuclei could

be measured from a sample of LiCl in vacuum in 1938 at Columbia University324.

Shortly thereafter the same effect was independently demonstrated in paraffin and

water respectively by teams headed by Edward Purcell325 and Felix Bloch326. Proton
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MR spectroscopy applies the same principle to measure the frequency associated

with protons in the human brain, applying a Fourier transform to the return RF

signal (or free induction decay [FID] - Figure 2.9a).

(a) Example return RF signal. (b) Representative spectrum from a
single voxel. The x-axis is conven-
tionally reversed and frequency is ex-
pressed as parts per million (∆Hz /
MHz)

As the vast majority of protons in the brain are present in water molecules, the

corresponding frequency dominates the generated spectrum. Signal corresponding

to protons in other molecules in the brain appear as small peaks offset in frequency

from the main peak. The water signal is generally suppressed or subtracted. A

range of chemical and quantum properties determine the exact number, frequency

and splitting properties of the peaks corresponding to a given organic molecule

with multiple protons. This results in a signature of peaks corresponding to a

given molecule, with peak height proportional to the power at that frequency, or

the molecule’s abundance (Figure 2.9b).

MR spectroscopy experiments typically involve suppression of the water signal

in some form and localisation of the signal from a given region of interest. The

resulting spectrum is a composite of all the peaks originating from all the non-water

protons in the region of interest. This spectrum can be analysed to measure the

peak height and therefore quantify the abundance of the corresponding molecules.
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Historically this was done manually, however modern analysis toolkits optimise the

fit of a pre-specified set of peaks at known frequencies corresponding to molecules

of interest (Figure 2.10).

Figure 2.10: Selected metabolite basis spectra for 3T semi-LASER MRSI with 32ms
TE.

I applied this technique to directly and non-invasively quantify brain molecules

(specifically neurochemicals involved in excitatory and inhibitory signalling) in-vivo.

2.3.2 Limitations of single voxel spectroscopy

MR spectroscopy experiments in humans are commonly performed as single-

voxel spectroscopy, where localisation pulses dephase signal that does not originate

from a volume of interest, typically a 2 × 2 × 2cm cube. This increases the signal-

to-noise ratio, making the measurement of low abundance molecules feasible. While

single voxel MR spectroscopy (SVS) has been a powerful tool in in-vivo neuroscience,

several factors have limited its utility in understanding the neurochemical basis

of motor network function.

The large voxel size exacerbates partial-volume effects due to different tissue

types contained within the region-of-interest, making quantification potentially

challenging. It is also limited to measuring the average value over the entire voxel,

with more fine grained analysis not possible.
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In addition, SVS typically acquires data from only one region at a time, whereas

it is reasonable to assume that functional connectivity between two brain regions

would be better characterised if neurochemicals in both regions could be quantified

simultaneously. While prior work using interleaved 2 voxel MRS has allowed

simultaneous data acquisition from both motor cortices327, newer techniques allow

simultaneous measurement of spectra across a region spanning both motor cortices

at higher spatial resolution.

2.3.3 Advancing MR spectroscopy methods

Improving scanner technology and protocol design help address these challenges -

since proof-of-principle studies in the 1980s, progressive gains in MRS data quality

and acquisition speed have occurred. Specifically, development of 2D and 3D

spectroscopic imaging sequences allow collection of spectral data at high spatial

resolution from separate voxels within an imaging plane or grid328. Historically,

the use of magnetic resonance spectroscopic imaging (MRSI) has been limited

by extended acquisition time and artefacts associated with subject motion and

scanner frequency drift.

I have applied a recently described sequence that mitigates these challenges

by combining several sequence design features - metabolite cycling, semi-LASER

localisation, and density-weighted concentric rings k-space readout.

Non-water suppressed metabolite cycling This sequence avoids the need

for separate water reference and water-suppressed metabolite acquisitions. Prior

to localisation, RF pulses invert the spectral range of metabolite signals to either

up-field or down-field with respect to water. Addition or subtraction of the

two acquisitions therefore produces a pure water spectrum or a pure metabolite

spectrum respectively.
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semi-LASER localisation This pulse sequence results in data semi-Localised

by Adiabatic SElective Refocusing329. Similarly to previous approaches to data

localisation using PRESS (Point RESolved Spectroscopy), a series of refocusing

pulses select signal from within the region of interest to be read out. However,

the bandwidth used for these refocusing pulses produces much less chemical shift

displacement artefact. This mitigates a major issue when regions near the edge

of the brain are studied as signal from the subcutaneous lipid surrounding the

skull is mislocalised into the region of interest.

Density weighted concentric rings k-space readout Finally, to achieve faster

data readout, a mathematically informed sparse k-space sampling scheme is used

consisting of concentric rings spaced progressively more widely (Figure 2.11)330. The

density-weighting approach also has the side benefit of reducing side lobe artefacts

by improving the shape of the spatial response function.

Figure 2.11: Comparison of k-space readout trajectories. With synthetic MRSI data,
density weighted concentric rings readout was efficient and mitigated side-lobe artefacts.
Adapted under Creative Commons (CC BY 4.0) from Chiew et. al. NMR Biomed 2018330

As a result of these design features, this sequence achieves high spatial resolution

(5mm × 5mm × 20mm - Figure 2.12) mapping of metabolites across a region
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of interest encompassing sensorimotor regions corresponding to both hands330,331.

This is achieved in a scientifically and clinically feasible time frame (∼15 minutes),

allowing spectroscopy to be performed alongside other imaging modalities (structural,

functional and diffusion MRI).

(a) Example volume-of-interest placement

(b) Glutamate+Glutamine concentration (relative to total creatine)

Figure 2.12: Example data from a single healthy control subject. The volume-of-interest
is manually placed to encompass both primary motor cortices. The image of metabolite
concentration has spatial resolution of 5mm × 5mm × 15mm.

2.3.4 The challenges of quantifying glutamate and GABA

Both GABA and glutamate pose additional technical challenges in quantification.

The spectral peaks associated with GABA are small due to its low abundance,

multiplet splitting, and overlap with signals from more abundant metabolites332.

MRS-quantified GABA likely reflects extracellular GABA rather than synaptic

GABA in vesicles where protons are shielded from the static magnetic field due to

macromolecule binding333. Extracellular GABA likely mediates basal inhibitory

tone by acting on extra-synaptic GABAA receptors334,335. Tonic inhibitory signalling
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dampens the excitability of nearby neurons, perhaps acting alongside local release

of inhibition to sharpen/tune excitatory cortical outputs by allowing only preferred

stimuli to drive membrane potential above threshold197.

Glutamate quantification has been shown using both single voxel and 2D

spectroscopy336,337, but linking glutamate concentration to function remains chal-

lenging. Glutamate is distributed across multiple pools (neuronal cytoplasm, pre-

synaptic vesicles, and within the synapse). Furthermore, it is closely related to

its metabolic precursor glutamine, with rapid astrocytic uptake of extracellular

glutamate and conversion to glutamine338.

Resolving the overlapping peaks of glutamine and glutamate at 3 Tesla is

challenging, and total Glu+Gln (or Glx) is often reported. When associated with

brain function, glutamate has been more typically associated with wider or more

distant brain network connectivity, though few studies have addressed the motor

network, and the technical limitations of single voxel spectroscopy remain339.

To advance this question, I will interrogate the functional significance of finely

spatially resolved GABA and glutamate in a multimodal dataset from various

studies in healthy physiology. This will test the link between local neurochemical

excitability and motor network function. I will also apply this technique in a cohort

of patients with ALS, as well as presymptomatic carriers of high-risk genes for ALS,

integrating both fMRI and MRSI data to search for disease-related alterations in

motor system neurochemical and functional excitability.

2.4 Study design and analysis considerations

2.4.1 Clinical heterogeneity

The presence of a core ALS pathomechanism such as local M1 hyperexcitability in

early disease is likely to cut across variable patient populations. However, brain

motor networks are likely to differ between individuals314, and the effect of disease

is likely to depend on the body regions affected, rate of progression, duration of

disease, and degree of functional impairment. Though the scanner itself imposes
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some criteria for patient ability to transfer and lie flat safely, heterogeneity in ALS

neuroimaging studies is inevitable and can be mitigated by performing subgroup

analyses to isolate early disease232, or modelling multiple clinical parameters as

covariates340,341. In Chapter 3 I have used ALSFRS-R, disease duration, and rate

of progression as covariates, and collected detailed clinical data including side of

onset, cognitive screening, and full neurological examinations.

Examples of subgroup-focused studies include bulbar342, extrapyramidal343, and

predominantly upper-motor-neuron ALS344. In Chapters 5 and 6, I inspect a

genetically homogeneous subgroup associated with C9orf72 repeat expansions.

Single-centre neuroimaging studies are, however, generally underpowered to

explain clinical heterogeneity. While combining clustering and modelling disease

progression can produce plausible subtypes and staging from cross-sectional data in

ALS, this requires hundreds of datasets134, generally sourced from large multi-

centre collaborations. Similar benefits could be obtained without subsuming

individual research questions and priorities through preparation of open datasets

for collaborative analyses incorporating specific technical expertise345.

2.4.2 Opening the presymptomatic window

Chapter 6 will focus on the development of integrated multimodal biomarkers

of motor network excitability in currently healthy individuals who may carry

C9orf72 expansions. Large multi-centre cohorts ‘enriched’ for genetic risk to future

disease have been constructed in Huntington’s disease346, Alzheimer’s dementia347,

and FTD348 with the aim of discovering early disease biomarkers, modelling their

progression to phenoconversion, and guiding therapeutic trial recruitment349. In ALS

too, various cohorts have been organised nationally (USA - pre-fALS, and France -

PREV-DEMALS), with ongoing work on international harmonisation (NiSALS).
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Already, a burgeoning literature has highlighted differences in white matter

microstructure350, subcortical structure volume351, regional metabolism352 and

network functional connectivity353,354 in asymptomatic C9orf72 -HRE carriers. These

differences span decades before disease onset, and may even extend to developmental

differences in the motor system influenced by the mutation. In Chapters 5 and 6, I

will test the hypotheses that cortical hyperexcitability is present prior to disease

onset in C9orf72 -HRE carriers in a ‘transition’ stage. Furthermore, I will investigate

the relationship between motor cortex hyperexcitability and wider motor network

connectivity in C9orf72 -HRE carriers.

2.4.3 Power analysis

Given practical considerations such as resource constraint, scanner availability, and

access to clinical populations, neuroimaging studies have often been performed as

(underpowered) samples of convenience. Power analysis is helpful to guide study

design in maximising power to detect a given effect size355. Though post-hoc use

has been criticised356, power analysis can also be used to contextualise results,

especially negative findings or replication failures. In Chapter 3, I analysed an

existing dataset. I have reported a post-hoc power analysis in section 3.4.2. In

Chapter 5, I have presented a power analysis for the dataset collected. This dataset

is likely to contribute to future consolidated multi-centre datasets of patients with

C9orf72-associated disease and presymptomatic individuals.

2.4.4 Analysing and sharing data

The analyses presented in this thesis are generally of large and noisy data types. I

have considered how to perform statistical analysis most robustly within my work,

as well as how to make the work openly scrutable in future.

Where I have performed statistical analyses of voxel-wise or region-wise data,

I have considered type I errors - demonstrated by post-mortem salmon brain

‘activity’357. I have addressed these concerns by choosing analyses guided by prior
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hypotheses and using validated statistical tools that apply multiple comparison

correction358 or mitigate the issue through non-parametric permutation inference359.

I will also aim to produce open data artefacts from my thesis work360, including

code361,362, anonymised statistic maps, and analysis pipeline notes/READMEs363.

As discussed in Chapter 6 and the final conclusions, the clinical translation of

neuroimaging findings will increasingly depend on efforts to generalise and validate

complex statistical and machine learning techniques.
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3.1 Background

3.1.1 Cortical and motor network excitability in ALS

Abnormal cortical excitability is a consistent finding across ALS subtypes. Paired-

pulse TMS shows lost physiological short-interval cortical inhibition (SICI) in

the motor cortex in early ALS178,179,181, prior to the onset of lower motor neuron

deficit, and shortly before symptom onset in high-risk gene carriers180. Reduced

extracellular GABA levels in the ALS motor cortex are shown directly through MR

spectroscopy202 and reduced GABAA receptors through 11C-flumazenil binding364.

Post-mortem data also point to selective depletion of GABAA-ergic interneuronal

signalling199,200.

While GABA signalling is generally inhibitory at a given synapse, it has an

important role in maintaining the synchronous excitability of the motor cortex

when the ‘inhibitory gate’ is lifted for voluntary movement (Section 1.3.1). GABA

signalling also mediates complex tuning of motor system output between hemispheres

for bimanual and planned tasks (Section 4.1.3).

Glutamatergic excitation induced toxicity is also implicated in ALS. CSF

glutamate is elevated in 40% of ALS patients - a subgroup characterised by spinal

onset, greater functional impairment and rapid progression365. In model systems,

hyperexcitability produces motor neuron toxicity through pathways including upreg-

ulation of calcium permeable AMPA receptors366, calcium-dependent endoplasmic

reticulum stress, and mitochondrial dysfunction.

Altered excitability may not be limited to the motor cortex, with somatosensory

cortex367 and more widespread excitability alterations reported368. In addition to

local disinhibition, wider brain dysfunction could occur through disruption of long

range, often inhibitory, projections in the motor system194. Dynamic compensatory

network re-organisation or recruitment may also occur with disease progression238.
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3.1.2 What has fMRI revealed about ALS?

As summarised in Section 1.3.3, work using functional imaging has had a major

impact in ALS, demonstrating BOLD hyper-activation in early disease233, evolution

with disease progression235,238, and working towards integrated clinically useful

biomarkers239. Both the resting state and a range of hand, bulbar, and cognitive

tasks have been studied. As discussed in Section 2.2.6, tasks specifically drive

networks of interest, while resting state protocols are feasible in individuals with

more functional impairment. Resting state typically has lower signal-to-noise ratio

and analysis is more complex. As my focus is on motor network excitability, I

chose to work with a task fMRI dataset in this chapter.

3.1.3 Choosing an analysis technique - model-based vs.
data-driven

Hypotheses relating to the amplitude of activation in relation to finger movement

can be relatively simply tested using model-based techniques. In task fMRI

data analysis, this is a well validated technique. Voxel-wise analyses generally

fit the data in each voxel against a model generated by convolving the assumed

haemodynamic response function against the hypothetical timecourse of activation

generated by the task. This is a simple and powerful technique that is well suited

to localising the activation corresponding to a given function and performing group

level comparisons358. However, there are advantages to loosening the assumptions

made regarding the timecourse of activation. A data-driven technique such as

independent component analysis allows multiple statistically independent signal

components to be separated without the need for a timecourse to be specified260,369.

This technique can extract components corresponding to a task, and may in this case

be more resilient to between-group haemodynamic function variability370 - though

the probabilistic ICA technique used still builds in some biological assumptions

regarding tissue type and haemodynamic response function shape260. Applying

ICA to decompose the BOLD signal spatially and temporally additionally allows

network analysis of fMRI data - specifically of within-motor network connectivity371.
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Defining network nodes in this way may further reduce the risk of bias versus

manually specified regions-of-interest. In summary, I applied both model-based and

data-driven approaches to address different questions regarding motor activation

and motor network connectivity in task fMRI data in ALS.

3.1.4 Hypotheses

In this study we revisit task-fMRI in ALS, analysing a large, well characterised,

dataset including patients with ALS, those with PLS, and healthy controls. Studying

this large dataset allowed several key outstanding issues in the field to be addressed.

Given the challenges in replicability, and previous findings in small, highly selected

cohorts, I initially tried to replicate previous findings of spreading activation in

ALS. Given the ongoing uncertainty of the status of PLS (a useful model of ‘pure’

UMN ALS vs. a separate clinical entity), I compared task-related activation in

this group too. My key hypotheses were as follows:

1. Cortical disinhibition causes higher overall motor cortex activation and more

widespread activation with finger movement in ALS and PLS.

2. Cortical disinhibition causes higher widespread activation in movement inhi-

bition in ALS and PLS.

3. The activation associated with finger movement and movement inhibition are

reduced with disease progression and functional decline in ALS and PLS.

4. ALS and PLS are both associated with increased within-motor network

functional connectivity in task-fMRI data.

5. The functional connectome derived from motor task-fMRI undergoes reor-

ganisation with disease progression and loss of function in both ALS and

PLS.



3. Motor system excitability and function are remodelled with ALS disease
progression 55

3.2 Methods

3.2.1 Participants

Study participants were recruited to the Oxford Study for Biomarkers in MND

(BioMOx2). ALS and PLS patients were reviewed (MRT and KT) and diagnosed

according to consensus criteria (2000 revised El Escorial “definite”, “probable” and

“possible” ALS) at a tertiary referral centre21. Healthy control participants had no

history of neurological or psychiatric disease, and no family history of ALS. Demo-

graphic and clinical characteristics of all participants are summarised in Table 3.1.

ALS Healthy control PLS
n 45 19 10

Age, mean (SD) 60.3 (9.9) 61.4 (12.8) 62.5 (14.4)
Sex, n F 10 11 2

M 35 8 8
Handedness, n L 5

R 35 19 9
Missing 5 1

ALSFRS-R
mean (SD)

39.2 (5) 38.5 (3.7)

Disease duration
(months), mean (SD)

30.7 (23.4) 144.3 (164.3)

Progression rate
(∆ ALSFRS-R / month)

mean (SD)

0.4 (0.3) 0.2 (0.2)

Site of onset, n Both legs 3
Bulbar 10
LLL 7 5
LUL 7
RLL 9 1
RUL 10

Right side 1
Unknown 1 1

Table 3.1: Demographics table for participants with task-fMRI data from BioMOx2
study.

3.2.2 MRI data acquisition

MRI data was acquired on a single Siemens 3T Magnetom TrioTim scanner at

the Oxford Centre for Clinical Magnetic Resonance Research (OCMR), using a
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32-channel head coil. A T1-weighted magnetisation prepared rapid gradient echo

(MPRAGE) sequence was acquired with 1mm isotropic resolution (TR=3000ms,

TE=4.71ms, flip angle=8. Whole-brain blood oxygen level dependent (BOLD)

MRI data was acquired during the performance of a motor task using a 2D EPI

sequence (TR = 3000ms, TE = 28ms, 3mm isotropic resolution, 10min duration x

2 blocks). A fieldmap was also acquired using a gradient echo imaging sequence

(3.5mm × 3.5mm × 3mm).

3.2.3 Motor task

Participants were instructed to perform a Go-NoGo motor task designed to inves-

tigate motor activity in relation to lateralised motor preparation and execution.

An initial lateralisation cue with a shaded indicator pointing towards the side on

which to prepare to move was presented for 200ms 3.1. After an interval of either

1 (short wait) or 2 (long wait) seconds, in 80% of trials a Go (green circle) was

presented, with NoGo (red target) cues in the remaining 20%. In response to a

Go cue, participants were instructed to press a button using the index finger of

the hand on that side, and not to move in case of a NoGo cue. A randomised

inter-trial interval followed (beta distribution [α = 2, β = 5], interval 2 - 6 seconds).

Trials were delivered in a random counterbalanced order of Left/Right directions,

and short/long inter-stimulus intervals. Stimuli were presented and cue/response

timings recorded using the Psychtoolbox3 MATLAB toolkit372. Two blocks of 80

trials each were performed for each participant.

3.3 Analysis

3.3.1 Image preprocessing

Image analysis was performed using the FMRIB software library (FSL)373. First,

structural T1 images were bias field corrected, brain extracted and registered to

MNI152 standard space as part of the fsl_anat pipeline. BOLD images were

preprocessed using the FEAT tool259. This included motion-correction, brain

extraction, high-pass temporal filtering at 100s full width half maximum (FWHM),
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Figure 3.1: On-screen visual cues for the Go/NoGo task. The figure illustrates a trial in
which the left hand is cued (inside of diamond is filled) followed by a Go target (NoGo
targets coloured red).

unwarping using fieldmap data, and two-step image registration to MNI152 standard

space. Diffusion-weighted imaging data used in exploratory analyses was also

registered to MNI152 standard space by combining linear registration from native

DWI to native structural space using epi_reg with the nonlinear registration

generated by fsl_anat.

3.3.2 Voxel-wise statistics using a general linear model
(GLM)

For the FEAT analysis, the task was modelled in the following parts. Separate

explanatory variables (EVs) for right and left pointing cues were modelled by

convolving the time window between lateralisation cue delivery and the response

time (button press) for correct Go trials on that side with the haemodynamic

response function. This task model encompassed both movement preparation and

execution, which occurred within a short enough timescale for the haemodynamic

response to be overlapping. For correct NoGo trials, the EV was modelled using

a time period after the NoGo cue was calculated using the mean response time

on correct Go trials for that participant. Incorrect trials were modelled as EVs of

no interest - i.e. a time-course corresponding to incorrect trials was not included

in of subsequent statistical testing.
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The contrast parameter estimate (COPE) maps for each lower level contrast

were combined across the two task runs using a fixed-effects FEAT analysis.

Group level statistics was then performed using a mixed effects analysis (FLAME

1+2)358. This would account for differences in reaction time between participant

groups by allowing different group variances. Contrasts for each group mean

(ALS, PLS, control), between-group differences, and covariate effects of ALSFRS-R

and disease duration within the ALS group were modelled. Where significant

findings involved lower level contrasts that subtracted EVs e.g. Go(Right) -

Go(Left), the direction of change is ambiguous. Therefore, the mean time-series

associated with each EV being subtracted was extracted from the largest significant

cluster and plotted.

Z (Gaussianised T/F) statistic images were thresholded using clusters determined

by Z > 3.1 and a (corrected) cluster significance threshold of p = 0.05374.

3.3.3 Independent component analysis

In this task design, multiple neural processes of interest (movement preparation,

execution and response inhibition) are likely to overlap temporally. To address this,

I performed a data-driven independent component analysis (ICA). This technique

separates mixed data into independently distributed spatial activity patterns without

explicitly requiring a time-series model260. While typically used with resting-state

fMRI data, it can be applied to more complex task designs where explicit time-series

specification is challenging or undesirable.

Preprocessing steps prior to ICA were similar to those performed prior to GLM

analysis with the exception of image registration - this was not performed at this

stage. First, functional data was decomposed using single subject independent

component analysis (FSL MELODIC)375. This tool decomposes each subject’s data

(space x time) into a set of maximally statistically independent spatial components

(space x components) with associated time-series (components x time). At this

stage, the dimensionality is automatically calculated by the tool to maximise

explained variance.



3. Motor system excitability and function are remodelled with ALS disease
progression 59

Each subject’s independent components (ICs) were classified and noise compo-

nents removed using FMRIB’s ICA-based X-noiseifier (FIX)376,377. FIX was run

with a classification threshold of 20, and removal of motion confounds enabled.

Classifier weights used were those derived from training on the Whitehall II imaging

study “Standard” dataset. This dataset is similar to ours in both participant

characteristics (older adults) and acquisition parameters (TR = 3s, resolution =

3mm isotropic, no spatial smoothing, 100s FWHM highpass temporal filtering).

The cleaned output from FIX was then smoothed using a 5mm FWHM Gaussian

kernel, and aligned to standard space using the affine matrix and nonlinear warp

output by FEAT for the GLM analysis.

Group-level ICA was also run using MELODIC using a temporal concatenation

approach. This approach concatenates all subjects cleaned, smoothed functional

data in the temporal direction (space x time). The data is decomposed into

a set of maximally statistically independent group-level spatial maps. At this

stage, dimensionality was set to 100 to allow sufficient separation of large-scale

brain networks to allow network analysis without decreasing reliability378. Similar

dimensionality has been used in previous work, albeit with larger datasets379.

This value was chosen based on this previous literature in a clinical dataset, and

produced plausible splitting of the motor network into sub-components in my

analysis. This dimensionality allowed the study hypotheses regarding reorganisation

of the functional connectome to be tested. Example IC spatial maps are shown in

Figure 3.2. Group ICs were then mapped onto individual subjects’ preprocessed

and cleaned fMRI data using the first stage of dual-regression380. This produces one

time-series per group IC per subject, allowing the network of correlations between

these time-series to be investigated within and between individuals.
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Figure 3.2: Selected independent component spatial maps (z-statistic images) resulting
from group ICA.

3.3.4 Network modelling and cross-subject statistics
Generating single-subject and mean functional connectomes

Functional connectivity network analysis was performed using FSLNets (v0.6.3)381.

Group level ICs were inspected and 72 were manually categorised as noise compo-

nents based on their spatial distribution (white matter, physiological noise, MRI

or movement artefacts) while the remaining 38 ICs were designated nodes in the

network matrix (netmat or connectome). The network matrix is a Node x Node

correlation matrix, with each element representing the correlation between the

corresponding time-series of activity in this pair of nodes. I used partial correlation

coefficients to regress out confounding correlations between groups of similar nodes

to generate estimates of direct node × node functional connectivity. These partial

correlation coefficients are derived through Ridge Regression in FSLNets (rho =

0.01) and converted from Pearson correlation r-values into z-statistics with Fisher’s

transformation382. The 38 nodes were reordered according to a hierarchical clustering
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of the group-average full correlation netmat using Ward’s method implemented

in Matlab to generate the functional connectome.

Between-group statistics and clinical correlation

Using FSLNets, each subject’s connectome was unwrapped into a single row with

each element representing a network edge between two nodes. Rows for all subjects

were stacked to create a Subject × Edges matrix. Each column (i.e. each network

edge) in this matrix was tested for between-group differences, and covariate effects

of disease duration (from symptom onset), functional score (ALSFRS-R) and disease

progression rate (∆ALSFRS-R from onset/time from onset) were tested using a

linear regression in FSLNets. As patients with PLS tend to have much longer disease

duration than those with ALS, they were not included in the clinical covariate

tests. Non-parametric permutation inference using the FSL randomise tool with

5000 permutations was used to correct for multiple comparisons (family-wise error,

FWE) across all edges. Results that are significant at FWE-corrected p < 0.05 are

reported. Followup analyses of cortical thickness and white matter tract integrity

corresponding to these findings were performed - these are described in Section 3.6.1.

3.3.5 Exploratory follow-up analyses

After finding motor network nodes underwent changes in connectivity with loss of

function in ALS, I performed several exploratory analyses to test the following hy-

potheses in brain regions corresponding to motor network nodes whose connectivity

is remodelled with loss of function in ALS (Selected motor network nodes):

• Selected motor network nodes show reduced cortical thickness (as a marker of

disease severity)

• Selected motor network nodes show altered corticospinal tract integrity

• Loss of corticospinal tract integrity is correlated to within-motor-network

functional connectivity

Full details of the exploratory analyses performed are summarised in Section 3.6.
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3.4 Results

3.4.1 Behavioural outcomes

Mean response time and response accuracy (Button press for Go, no button press

for NoGo) were calculated for each trial type. For Go trials, accuracy was high

for all three groups (ALS - 97%, Healthy control - 98%, PLS - 97%). NoGo trial

accuracy was lower but above 90% for all three groups. Response times were slower

in the patient groups for Go trials (ALS - 0.58s, PLS - 0.63s, Healthy control -

0.53s). The results split by trial type are summarised in Figure 3.15.

3.4.2 Task related cortical activation

Go conditions All groups showed a pattern consistent with motor activation

(Figure 3.16). Consistent with previous work, I observed that areas activated

were qualitatively more widespread in ALS than in healthy controls. However, in

the movement (Go) conditions, there were no significant differences between the

groups after multiple comparison correction. Representative slices of the group

mean activation maps in the Go-Left, Go-Right and NoGo conditions are shown

in Figures 3.3, 3.16, and 3.17.

(a) Healthy controls (b) ALS

(c) PLS

Figure 3.3: Mean activation in the Go - Right condition.
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To contextualise this negative result, I performed a power analysis to compare

this result to Mohammadi et. al 2011232. They demonstrated an effect size of

16.6% in contralateral motor cortex activation, reporting this as a significant result

with uncorrected p-values. I found a similar effect size of 19% (peak voxel t =

14.5 for ALS mean, t = 12.1 for control mean). However, with the group sizes

for this comparison (45 ALS, 19 healthy controls), this analysis achieved power

of 56% - calculated using G*Power383 for the t-values reported by Mohammadi

et. al., with standard deviation of 0.5.

NoGo conditions

There were significant differences in activation in successful NoGo trials between

participants with PLS and the other groups. These are summarised in Figures 3.4a

and 3.4b. Participants with PLS showed significantly increased activation in the

right insular cortex and left frontal cortex in comparison to controls during the

NoGo condition. For this condition, PLS patients also showed significantly increased

activation than ALS patients in the insula bilaterally and the left parietal cortex.

(a) PLS > controls

(b) PLS > ALS

Figure 3.4: Significant results for the NoGo condition, thresholded at z>3 and corrected
for multiple comparisons at p>0.05.

Clinical correlation

The activation associated with Go(Right) trials was associated with disease progres-

sion rate (∆ALSFRS-R / disease duration in months), with significant clusters in the

right anterior cingulate cortex/medial frontal cortex and left superior temporal gyrus
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(p < 0.05 after voxel-wise correction for multiple comparisons). These regions were

not activated (negative COPE) in slow progressions, but activated in ALS patients

with rapid disease progression. Locations of significant clusters and scatterplots

of mean contrast parameter estimate (COPE) for right finger movement against

progression rate are shown in Figure 3.5

(a) Right medial frontal gyrus (b) Left superior temporal gyrus

Figure 3.5: Regions where activation related to right finger movement is correlated with
disease progression rate in ALS.
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Furthermore, the difference condition Go(Right) > Go(Left) was negatively

correlated with disease duration in a region of the left cingulate gyrus (Figure 3.6)

(p < 0.05 after voxel-wise correction for multiple comparisons). This difference

resulted from decreased activation to right finger (contralateral) movement with

longer disease duration, while activation of this region to left finger (ipsilateral)

movement does not change.

(a) Thresholded statistic map.
(b) Largest cluster

(c) Go(Right) > Go(Left) vs. ALS
disease duration.

(d) Individual Go(Left) and Go(Right) conditions.

Figure 3.6: Results from voxel-wise correlation of Go(Right) > Go(Left) condition
with disease duration in ALS patients, thresholded at z > 3 and corrected for multiple
comparisons at p > 0.05. Scatterplots show mean COPE within largest cluster against
disease duration.

3.4.3 Between-region network connectivity with ICA/FSLNets

Across all subjects, the network connectivity matrix derived from task-fMRI data

showed a distinct clustering pattern to previous work applying the same technique

to resting state data379. Notably, nodes corresponding to motor areas in both

hemispheres were found in different clusters (Figure 3.7), likely reflecting the task

design (right and left movement occurred at different time points).
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Figure 3.7: The task functional connectome estimated for all participants. Z-statistics
for the full correlation (below the diagonal) and partial correlation (above the diagonal)
were computed for the nodes derived from ICA. Nodes are ordered according to hierarchical
clustering. Node thumbnails are shown above the correlation matrix.
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There were no significant differences in network connectivity found between

groups after multiple comparison correction. Several network edges were correlated

with ALSFRS-R scores (p < 0.05 after multiple comparison correction). The spatial

details of the significant nodes are summarised in Table 3.2.

Node Thumbnail Name Peak (x/y/z) Anatomical location

12 Secondary motor 59/62/65 Bilateral medial precentral
gyrus

16 Right primary motor 25/52/64 Right pre/postcentral gyri
“hand area”

14 Left primary motor 66/53/67 Left pre/postcentral gyri
“hand area”

21 Cerebellum 31/35/12 Inferior cerebellum

Table 3.2: Motor network nodes of interest derived from ICA

First, the connection strength between node 12 “Secondary motor” and node 14

“Right primary motor” increased with worse function in ALS patients. This edge

was negatively correlated in patients with better functional rating, and positively

correlated in those with worse function. Secondly, the connection strength between

node 12 “Secondary motor” and node 28 “Cerebellum” decreased in strength with

worse function in ALS patients. This edge was positively correlated in those with

better function and negatively correlated in those with better function.

Scatterplots of individual patient edge strength vs. ALSFRS-R for these two

significant edges are shown in Figure 3.8a and 3.8b along with the corresponding

value ranges for healthy controls and those with PLS.
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(a) Right primary motor ↔ Secondary motor

(b) Secondary motor ↔ Cerebellum

Figure 3.8: Scatterplot showing individual edge strength (Full correlation / z score)
against functional rating (ALSFRS-R), with a boxplot of healthy control values for
the equivalent edge shown for reference. Linear regression has been performed on the
scatterplot, with a 95% confidence interval shaded. Multiple comparison correction
was performed over all edges using non-parametric permutation inference - p values are
corrected.

3.4.4 Followup analyses of regions identified by network
analysis

Motor system cortical thickness

I next compared cortical thickness in each node identified by the previous functional

connectivity analysis (Table 3.2) between the participant groups (Figure 3.9).

Cortical thickness was reduced in the PLS group compared to the healthy controls
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in both left hemisphere ROIs as well as in the right hemisphere secondary motor

regions. Reduced cortical thickness was found in ALS compared to healthy controls

in the left hemisphere primary motor regions but not in the right hemisphere (where

the functional connectivity × ALSFRS-R relationship was found previously). No

significant correlation was found between cortical thickness in nodes of interest

and clinical parameters - ALSFRS-R, disease duration and rate of progression

(Figures 3.18, 3.19, 3.20).

Figure 3.9: Plot illustrating individual observations and spread of FreeSurfer-derived
cortical thickness values for each node across the different groups.

Motor system white matter tract integrity

White matter tract integrity (fractional anisotropy [FA]) was reduced in ALS

compared to healthy controls in the CST division supplying the Right primary

motor node (Figure 3.10). This corresponds to the functional connectivity change

previously described involving this node (Figure 3.8a). The integrity of the corpus
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callosum connecting the two primary motor nodes was also reduced in ALS compared

to healthy controls.

Figure 3.10: FA averaged across entire tract compared between ALS patients and
healthy controls.

3.5 Discussion

In this study, I applied task-fMRI to explore disease related cortical disinhibition

and brain network remodelling in a large cohort of ALS-spectrum patients.

Motor cortex hyper-activation in ALS may be a task-design dependent

phenomenon I first studied the magnitude of BOLD activation on a voxel-wise

basis - testing whether this differed between groups and in association with clinical

parameters. While I found similar magnitude of increase in peak activation in the

contralateral motor cortex in ALS versus healthy controls, this did not survive

cluster correction and rigorous correction for multiple comparisons. I performed

a power analysis to contextualise this finding in comparison to previous work in

the field, finding that even with the larger sample size I studied, power to robustly

demonstrate a similar effect size was low (56%). Previous studies demonstrating
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task-related hyperactivation have typically employed block designs232,236,384 with

some negative or qualified results384,385. Those employing event-based designs have

not consistently shown hyperactivation. Stoppel et. al. showed a difference that

was not found in a second scanning session (130 trials per session). Mohammadi et.

al. found a significant motor cortex cluster for a complex difference contrast (Go

trial > successful stop) rather than simply activation386. EEG and MEG studies,

with finer temporal resolution, demonstrate biphasic differences rather than simply

hyper-activation - shallower beta trough with movement but also reduced power

in the subsequent rebound387,388. Our findings add to the literature, and suggest

that future studies on BOLD properties in ALS should consider consolidating

datasets to achieve sufficient power, and consider comparing tasks with different

temporal profile of activation.

Lateralised hyperactivation in a cingulate motor area in early ALS The

voxel-wise analysis demonstrated that a region corresponding to the left posterior

cingulate gyrus adjacent to the supplementary motor area activated substantially

more to right finger movements than to left finger movements in ALS patients

in early disease, but this diminished with disease progression (Figure 3.6). This

region’s activity was not consistently lateralised in healthy controls. In both monkeys

and humans, this region has been implicated in hand movement, with a role for

integrating movement and decision making suggested389,390. The relationship with

disease duration in ALS may point to either pathological hyperexcitability spreading

to secondary motor regions in early disease, or an effective compensatory response

that is lost with progressive motor system degeneration.

Hyper-activation in non-motor regions in rapidly progressive ALS Acti-

vation to right finger movement was higher in several non-motor regions (anterior

cingulate, medial frontal, superior temporal cortex) in faster progressing disease

(Figure 3.5). The balance of activation between right and left finger movement

changed with disease progression within the supplementary and cingulate motor

areas. This finding fits with the existing literature suggesting that increased
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functional connectivity in ALS is related to disease duration and corticospinal

tract integrity234,302,303. Our data builds on these findings to suggest that this

is most pronounced in aggressive disease - rapid degeneration might break down

the inhibitory projections that separate functional networks, with task-related

activation breaking through in non-motor regions.

A distinct structural and functional signature in PLS Taken together, the

analyses of task-fMRI data, cortical thickness, and white matter tract integrity

demonstrate a distinct profile in PLS. There was substantial hyperactivation,

particularly in the insulae, in NoGo conditions. This is a novel finding in PLS.

While previous studies have demonstrated widespread increased global functional

connectivity391,392, this particular profile of localised hyperactivation has not been

reported in PLS. While I did not find significant alterations in the ALS group, a task-

EEG study in ALS has also reported hyper-activation of the insula bilaterally with

response-inhibition368. The precise neural or psychological mechanism assessed by

the NoGo condition in Go/NoGo remains controversial. In particular, there is likely

a core difference in the cognitive mechanism between Go/NoGo and Stop signal tasks

- as demonstrated by the ability of other visual cues to modulate performance393.

Response inhibition in this context is likely a dynamic executive control process

involving choice between several different actions394. Interpretation is therefore

challenging and may not simply reflect an inhibitory process. I also found evidence

for reduced cortical thickness vs. controls in several key motor system nodes in

PLS. Taken together, these findings argue for a robust compensatory process that

is able to maintain some functions (accuracy of response and response inhibition)

in the face of slowly accumulating cortical damage. One notable limitation of

this study’s findings in PLS is the very long disease course in the participants

recruited. Long disease duration has been reported in other neuroimaging work on

PLS344 - this is likely a limitation resulting from the enrichment of slow-progressing

disease with extended followup in tertiary services. The resulting survivorship

bias is a limitation of this work.
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Motor system remodelling correlated to loss of function in ALS Then, I

studied the functional connectivity between regions, using data-driven parcellation

with ICA. testing whether the functional connectome differed between groups and

in association with clinical parameters. I found evidence of reciprocal changes

correlated to the functional rating scale in ALS. A node encompassing secondary

motor regions is more tightly connected to right hemisphere primary motor regions

in patients with worse function, and less connected to a cerebellar node. In the

contralateral hemisphere, the corresponding edge strength is associated with integrity

of the corticospinal tract division leading to the supplementary motor area. The left

primary motor cortex was more affected in ALS in my data, concurrent with previous

studies137,395. Taken together, these findings suggest a hemisphere-specific pattern

of remodelling. The interpretation of this result is limited given the heterogeneity

of clinical onset in the included patients (Table 3.1). Future directions include

subgrouping patients by side of onset or side more severely affected.

Spread of motor-task related activation to secondary motor regions - premotor,

supplementary and cingulate motor regions has been previously reported231,232,238,396.

My findings dissect this process, identifying a specific remodelling process that, if

consistently demonstrated, could be a target for intervention. While non-invasive

brain stimulation has thus far been targeted at primary motor areas in ALS1,

novel techniques promise to modulate between-region connectivity397, a necessary

area to explore in ALS.

Overall, my findings further elaborate the heterogeneity of excitability found at

different disease stages in time and severity. I applied a task-design that incorporated

finger movements under direct monosynaptic cortical control - proposed as the

source of a uniquely human vulnerability in ALS. In a large, heterogeneous patient

cohort I demonstrated strong clinical correlation of task-fMRI data, implicating

non-motor regional activation in rapidly progressing disease, and within motor

network remodelling with loss of function. I further contextualised these findings

with multimodal imaging data reflecting grey and white matter damage.
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3.5.1 Limitations

My analysis is limited in its pseudo-longitudinal design - in a condition where

longitudinal imaging data collection is severely limited by progressive respiratory

weakness and secretion clearance. As with Braak neuropathological staging, lon-

gitudinal trends are being inferred from cross-sectional data. For fMRI to be

clinically translated in ALS will require subtyping and staging of degenerative

and compensatory processes in large, multi-centre datasets including frequent

longitudinal neuroimaging - as done in other neurodegenerative conditions134,398.

There may be a high degree of inter-individual variability in the specific spatial

patterns of compensation that occur in ALS.

Another limitation is the difference in sex distribution between the ALS group

and the control group. While activation maps to finger tapping tasks are largely

similar in right handed males and females, subtle differences have been reported399,

and future analysis could include sex as a covariate to test for confounding.

Overall, this chapter demonstrates the complexity and variability of task-related

fMRI changes in ALS and PLS, adding to the wider process of linking clinical

and imaging metrics in fMRI400.
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3.6 Supplemental materials

3.6.1 Cortical thickness and tractography analyses

To follow up the finding of motor network remodelling with functional decline we

explored whether this finding could be explained by disease-associated structural

damage within the motor system. Neurodegeneration within the nodes identified

could result in cortical thinning and altered BOLD properties. Disease associated

white matter tract damage might also affect long-range motor projections such

as excitatory corticospinal projections or transcallosal projections fine-tuning the

output of contralateral nodes. Studies of resting state functional connectivity in ALS

have been characterised by difficulty in interpreting findings causally - with equipoise

maintained between disease effects and compensatory change. Multimodal MRI data

allows this to be unpicked, and multiple lines of causal evidence to be assembled.

Defining nodes of interest

The z-statistic images for the cortical nodes (12, 14, and 16) significantly correlated

with ALSFRS-R were thresholded at 80% of the peak value and binarised. As one

node (12) encompassed the supplementary motor area and premotor area in both

hemispheres, I split this ROI at the midline. The resulting four regions of interest

are referred to as nodes of interest for the following analyses (Figure 3.11).

Cortical thickness measurement within nodes of interest

First, I assessed grey-matter integrity in the network nodes identified by measur-

ing cortical thickness. Cortical reconstruction and volumetric segmentation was

performed from the T1 image with the FreeSurfer image analysis suite (version

7.1.1)401,402, including brain extraction, registration to standard space, tissue-type

segmentation, tessellation of the grey-matter/white-matter boundary and modelling

of the surface geometry. The nodes of interest were transformed from MNI standard

space into the FreeSurfer standard space (fsaverage) and mapped to the fsaverage

grey matter surface (Figure 3.12). For each subject, cortical thickness data was

registered to fsaverage space and averaged within each node ROI for each subject.
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Figure 3.11: Thresholded and binarised masks of regions identified by network
connectivity analysis. Cyan - Right motor, Yellow - Left motor, Red - Secondary motor
(Right hemisphere), Green - Secondary motor (Left hemisphere).

Tractography using nodes of interest

Then, to assess within motor system tract connectivity, I selected tracts known

to be particularly affected in ALS - the corticospinal tract and corpus callosum.

The tracts were identified using probabilistic tractography using the XTRACT tool

(version 1.4.4) for automating tractography using the probtrackX2 engine from the

FSL library. The standard XTRACT protocol for corticospinal tract identification

was modified using the cortical network nodes of interest as target masks in separate

runs, identifying two divisions of the corticospinal tract (Figure 3.13). The default

XTRACT corticospinal tract protocol was otherwise unchanged, including brainstem

seed region, exclusion mask and probtrackx2 settings (3000 streamlines, loopback

checking, step length 0.5mm, 2000 steps). A representative visualisation of the four

divisions of the corticospinal tract generated is shown in Figure 3.14.

The seed, exclusion and target masks are transformed from standard space

into each subject’s native space using registrations described in section 3.3.1.

Tractography is then run in native space as specified. Summary statistics (volume,

length, median fractional anisotropy, median mean diffusivity) were generated

for each tract using the xtract_stats tool with a threshold of 0.02 applied to

the tract probability map.
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Figure 3.12: Surface ROIs in fsaverage space generated from volume masks in Figure
3.11. Cyan - Left primary motor, Yellow - Right primary motor, Red - Secondary motor
(Left hemisphere), Green - Secondary motor (Right hemisphere).

To identify divisions of the corpus callosum corresponding to the nodes of

interest, analogous node masks in each hemisphere (e.g. L hemisphere ‘motor’ node,

R hemisphere ‘motor’ node) were designated as seed and target masks in a custom

XTRACT protocol. Exclusion masks were drawn to terminate streamlines travelling

down through the internal capsule, as well as across the midline except for a window

around the corpus callosum. Tractography was run in both directions (right →

left and left → right) and combined. Default probtrackx2 settings were used (5000

streamlines, loopback checking, step length 0.5mm, 2000 steps).

Statistics for exploratory analyses

Statistical analysis was performed using a linear mixed effects model using the

pymer4 Python frontend (version 0.7.6)403 to the lme4 R package (version 1.1_21)404.

Cortical thickness was modelled as the outcome variable. Group, node and

their interaction were modelled as fixed effects, while subject was modelled as

a random effect.
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(a) Protocol for left primary motor CST.

(b) Protocol for right secondary motor CST.

(c) Protocol for primary - primary motor corpus callosum.

Figure 3.13: Standard space masks defining the seed (yellow), exclude (green), and
target (cyan) regions for tractography.

thickness ∼ group ∗ node + (1|subject)

For the diffusion data, mean tract FA was modelled as the outcome variable,

with fixed effects of group and tract, and random effects of subject.

FAmean ∼ group ∗ tract + (1|subject)

Overall factor effects were estimated using Type III Sums of Squares and

Satterthwaite approximated degrees of freedom. For significant effects, post-hoc
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(a) 3d render - oblique (b) 3d render - front

(c) axial views

Figure 3.14: Representative tractography results for corticospinal tracts, colour coded
by termination in Primary (Blue) or Secondary (Yellow) motor nodes.

pairwise comparisons were performed using the Tukey HSD method and corrected

for multiple comparisons using the FDR method.
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3.6.2 Supplemental figures

(a) Mean response time / s (b) Fraction of correct trials

Figure 3.15: Heatmap of behavioural outcome by group for each trial type.

(a) Go - Left - Control (b) Go - Left - ALS (c) Go - Left - PLS

Figure 3.16: Mean activation in the Go - Left condition for all three groups.

(a) NoGo - both sides - Con-
trol (b) NoGo - both sides - ALS (c) NoGo - both sides - PLS

Figure 3.17: Mean activation in the NoGo condition for all three groups.

Figure 3.18: Scatterplots of cortical thickness against ALSFRS-R in nodes of interest
for ALS patients. Least-squares linear regression and 95% confidence intervals are shown
for each plot.
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Figure 3.19: Scatterplots of cortical thickness against disease duration in nodes of
interest for ALS patients. Least-squares linear regression and 95% confidence intervals
are shown for each plot.

Figure 3.20: Scatterplots of cortical thickness against disease progression rate in nodes
of interest for ALS patients. Least-squares linear regression and 95% confidence intervals
are shown for each plot.
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If you can meet with Triumph and Disaster
And treat those two impostors just the same;

— If, by Rudyard Kipling
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4.1 Background

Almost all human behaviour is controlled by communication within functionally-

connected networks of anatomically-disparate brain regions. How connectivity

between these regions is controlled, and how this relates to motor function, is

incompletely understood. I investigated how local inhibitory and excitatory neu-

rochemical concentrations are distributed spatially across the motor system, and

whether this influences motor network connectivity. Of most relevance here are

glutamate and γ-aminobutyric acid (GABA), the major excitatory and inhibitory

neurotransmitters in the human brain.

4.1.1 Motor function arises from a brain motor network

Functional magnetic resonance imaging using blood oxygen level dependent

(BOLD) signal contrast, though strongly affected by vascular properties227, can

be used as a proxy for neuronal activation across the whole brain. BOLD data

acquired at rest can be decomposed into resting state networks (RSNs), showing

correlated activity over seconds to minutes228. Anatomically similar motor networks

can be reproduced through motor task functional magnetic resonance imaging

(fMRI)229 (Figure 4.1).

How are these resting networks co-ordinated, and how does network activity

relate to motor function? While long range white matter connections define a
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Figure 4.1: Spatial maps derived from independent component analysis that correlate
with subjects’ metadata from visuospatial and motor tasks. Lower dimensionality (d20)
shows brain-wide networks, which become fractionated into constituent nodes at higher
dimensionality (d70) - figure reproduced from Ray et. al. Frontiers 2013230, (CC-BY).

network in space405, the precise mechanism of functional synchronisation is less

well understood. One proposed explanation is that the balance of inhibition and

excitation within several key nodes, the primary motor cortices in particular for

the motor network, controls wider network function197. In this chapter, I will use

“node” to refer to a region that is functionally connected to the motor network as

a whole. A formal definition of how these regions are derived from a multimodal

atlas is given in section 4.3.6.

4.1.2 Inhibition within the motor cortex likely primarily
gates excitatory outflow

Within the motor cortex, excitatory pyramidal cells and inhibitory interneurons

form multiple microcircuits incorporating both horizontal (within cortical layer)

and vertical (between layer) connections194. I previously discussed the layer-specific

properties and their disruption in ALS in Section 1.3.1. Excitatory inputs to

upper layers (2/3) of the motor cortex are processed and amplified within these

layers. Excitation descends to deeper layers via pyramidal cells’ apical dendrites195.

Pyramidal cell bodies are densely innervated by inhibitory connections mediated

by the α1 subunit of the GABAA receptor from parvalbumin-positive (PV+)

interneurons. With long horizontal projections and fast-spiking properties that allow

ongoing inhibition of multiple pyramidal cells, this interneuronal network produces
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functional properties such as surround-inhibition, spike-timing synchronisation

and tuning to stimulus properties in various cortical regions196,197. Some PV+

interneurons demonstrate increased firing immediately prior to the onset of voluntary

movement, likely gating premature or inappropriate output198.

4.1.3 Transcallosal projections tune contralateral motor
cortex output

The role of inhibitory signalling in motor function is not confined to the motor

cortex, as it both sends and receives information from other motor regions. Specifi-

cally, pyramidal cells in the motor cortex project predominantly to the corticospinal

tracts, but also to other brain regions. In turn, various motor regions, such as the

thalamus, supplementary motor area, premotor cortex, parietal cortex, will send

inward projections to influence motor cortex function.

Projections across the corpus callosum to contralateral structures may be par-

ticularly relevant to motor function and disease212. Each motor cortex fine-tunes

the outputs from the other through interhemispheric projections that interact

with the inhibitory interneuron network in the other motor cortex213. Callosal

degeneration and resulting motor dysfunction have also been specifically implicated

in neurodegenerative motor system disease141,214.

4.1.4 Measuring local inhibition and excitation in-vivo

In-vivo, these processes can be non-invasively studied using magnetic resonance

spectroscopy. The chemical structure of a molecule influences the interaction

between hydrogen nuclei (protons) in the molecule and the static magnetic field of

the MRI scanner. This shifts the resonant frequency of these protons, producing

characteristic spectral peaks distinct from the main water signal that can be

analysed to yield molecular concentration.
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MRS allows quantification of total concentration of a given neurochemical -

across multiple pools including neuronal cytoplasm, pre-synaptic vesicles, within

the synaptic cleft, and in the extracellular compartment. This provides a proxy

measure of inhibitory and excitatory tone (Section 4.1.4).

4.1.5 What is the role of local inhibitory and excitatory
tone in the motor network?

These proxy measures of inhibitory and excitatory tone within a given brain region

have been shown to be related to behaviours critically dependent on that region. For

example, GABA concentration in primary motor cortex (M1) has been correlated

to reaction times in healthy controls192, and decreases in M1 GABA concentration

correlate with learning on a subject-by-subject basis406,407. Similar relationships

have been demonstrated in a number of other brain regions as well408–410.

Functional MRS studies have demonstrated that excitatory tone as measured

by glutamate concentration increases during motor task performance411,412. The

underlying mechanism remains controversial - changes occurring at timescales

greater than several seconds are likely due to altered flux in pathways of energetic

metabolism413. An alternate explanation for more rapid apparent increase in

glutamate is its release from a vesicular compartment where it is less “visible” to

MRS due to faster T2* relaxation rate414. While this theoretical speculation

regarding T2* relaxation rate in humans is not directly correlated with direct

quantification in-vivo, some data from guinea pig brain slices may support the idea

of “shielded” glutamate415. This remains a controversial area in need of more work.

Does inhibitory tone within a brain region influence the connectivity
of that region to wider networks?

Local GABA not only relates to behaviour; there is evidence that long-range

functional connectivity within networks relates to both GABA and glutamate

concentration within key network nodes. For example, functional connectivity

within the brain-wide motor resting state network is associated with the degree of
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inhibition within the primary motor cortex416,417. More generally, local GABA or

glutamate concentration within a network node can predict the intrinsic connectivity

of associated resting state networks. This has been reported in the default

mode network418, central executive network419, and in relation to the coupling

between networks420.

In this dataset, I will examine both the baseline spatial distribution of inhibitory

tone and its relationship with wider functional network connectivity.

Here, I applied a MRSI sequence that achieves high spatial resolution (5mm

× 5mm × 15mm - Figure 4.2) mapping of metabolites across a region of interest

encompassing sensorimotor regions corresponding to both hands330,331 (Section

2.3.3). This is achieved in a scientifically- and clinically-feasible time frame (∼15

minutes), allowing spectroscopy to be performed alongside other multimodal imaging

(structural, functional and diffusion MRI).

This rich dataset with spatially-precise neurochemical mapping allows us to

better characterise baseline excitability in motor regions of the human brain. More

generally, multimodal data allows me to investigate the link between excitability

and motor function in normal physiology, ageing and disease (Chapter 5). My

specific hypotheses are listed in Section 4.1.6.

Specific design choices and the accompanying rationale are presented in Section

4.2.2.

4.1.6 Hypotheses

As this is a novel approach, I will test a set of basic hypotheses in relation to

previously described findings of neurochemical concentration variation by tissue

type, brain region, and age to check that my results are plausible. With higher

spatial resolution, I will also be able to extend previous analyses into novel domains.
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(a) Example volume-of-interest placement

(b) Glutamate+Glutamine concentration (relative to total creatine)

Figure 4.2: Example data from a single healthy control subject. The volume-of-interest
is manually placed after structural imaging is acquired to encompass both primary motor
cortices. The image of metabolite concentration has spatial resolution of 5mm × 5mm ×
15mm.

I will test the following hypotheses in my dataset. Metabolite concentration is

analysed in relation to total Creatine ([Metabolite] / [total Creatine]).

Defining the normal range of excitatory and inhibitory neurochemicals
in the motor system

Tissue type determines neurochemical profile in the motor system

Differences between grey and white matter have been systematically reviewed for

abundant metabolites421. NAA, Creatine and myo-Inositol concentrations are higher

in grey matter than white, while Choline concentration is higher in white matter.

However, these studies have not specifically addressed the motor system. Partial

volume effects also produce variability in metabolite quantification that is usually

addressed by tissue composition correction422.
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I tested the following hypotheses aiming to replicate previous studies’ findings

using voxels placed predominantly in grey or white matter. As there is a wide range

of tissue fractions covered by the MRSI region of interest, I tested for associations

between tissue fraction and neurochemical concentration as follows:

• Grey matter fraction is associated with higher concentrations of NAA, myo-

Inositol, glutamate, and GABA than white matter.

• White matter fraction is associated with higher total choline (GPC+PCho)

concentration than grey matter.

Neurochemical profile differs between motor network sub-regions

Brain-wide differences in local neurochemical concentration have previously been

described using either 2d spectroscopic imaging approaches or placement of multiple

single-voxels421,423–429. Lateralisation between hemispheres is also of interest in

investigating regional functional specialisation in the motor system, though findings

have been inconsistent421,425. Presumably, cortical dominance explains differences

between hemispheres, however as left handed individuals are rarely studied, and

under-represented in this dataset too, this remains speculative. I extended this

work in the context of the motor network excitation/inhibition balance by testing

the following hypotheses:

• Neurochemical profile differs between motor network nodes (primary motor

cortex, supplementary motor area, primary somatosensory cortex) and other

control regions (cingulate cortex, parietal cortex).

– NAA concentration is higher in the primary motor cortex than other

regions. Based on Tedeschi et. al. 1995, with limited literature found

comparing primary motor cortex to other brain regions.

– Glutamate concentration is higher in the primary motor cortex than

other regions. A best estimate based on Tedeschi et. al. 1995, with

limited literature found comparing primary motor cortex to other brain

regions.
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– GABA concentration is lower in the primary motor cortex than other

regions. A best estimate due to limited literature on GABA variation in

different brain regions.

• Neurochemical profile in the motor system is lateralised between the hemi-

spheres (higher glutamate and lower GABA concentrations in the left hemi-

sphere than the right hemisphere).

These hypotheses were pre-registered prior to analysis3.

Exploring the functional role of excitation and inhibition in the motor sys-
tem

This protocol allows us to correlate neurochemical quantification and functional

imaging in the same participants to test the following hypothesis.

• Greater motor network functional connectivity is associated with increased

excitatory tone and reduced inhibitory tone on a voxel-wise basis in motor

network nodes.

Neurochemical profile changes with age and disease

Changes in neurochemical profile with ageing and neurodegeneration have also

been described. With age, NAA decreases and myo-Inositol increases430–432. In

the neurodegenerative condition amyotrophic lateral sclerosis (ALS), the most

consistently reported findings are similar - with reduced NAA and increased myo-

Inositol433. In the context of this dataset, I tested the following hypotheses related

to ageing, and considered ALS and presymptomatic risk-gene carriers in Chapter 5.

• Neurochemical profile in the motor system is correlated with age.

– Increasing age is correlated with lower NAA, lower glutamate, and higher

myo-Inositol concentration in grey matter, white matter, primary motor

cortex, and supplementary motor area.

– Increasing age is correlated with lower NAA, lower glutamate, and higher

myo-Inositol concentration on a voxel-wise basis.
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4.2 Study participants and MRI protocol

4.2.1 Consolidated MRSI dataset

Data was collected across several study protocols and two Siemens Prisma 3T

scanners at the same centre. Individual study aims and study populations are

summarised in table 4.1.

Study aim Condition Field of
view /

mm

Sequence
time /
min

N Participants

ALS
biomarkers

Resting
state

85×35×15 13:30 36 18 ALS patients, 18
age matched healthy

controls

Drug
challenge

Placebo
resting
state

85×35×15 9:00 15 15 young healthy
individuals

Motor task Pre-task
resting
state

85×35×15 9:00 15 15 young healthy
individuals

Motor task Pre-task
resting
state

85×35×15 13:30 16 10 stroke patients, 6
age matched healthy

controls

Table 4.1: Individual dataset summary. Healthy control / placebo / pre-task data was
used for this analysis.

4.2.2 MRI protocol

MR spectroscopic imaging A novel MRSI protocol was developed to allow

rapid acquisition of high resolution MRSI data331. Metabolite cycling (incorporating

both upfield and downfield signal acquisition) produces simultaneous water and

metabolite images. This improves image quality by allowing correction of artefacts

due to eddy currents, B0 drift, and subject motion. Fast k-space traversal is achieved

through a density-weighted concentric rings sampling trajectory. This also mitigates

side lobe artefacts and spatial autocorrelation.
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The resulting protocol achieves an in-plane resolution of 5mm × 5mm, sufficiently

high spectral quality to quantify low-abundance metabolites (such as glutamate,

glutamine), within a feasible time for clinical application. Compared to Steel et.

al. 2018, I used a smaller volume-of-interest (VOI) (85mm × 35mm × 15mm) to

achieve sufficient signal-noise-ratio for GABA quantification within the acquisition

time. Individual voxel dimensions are 5mm × 5mm × 15mm, and the VOI was

placed to encompass both primary motor cortices (hand knobs) when scanning. An

example of VOI placement is shown in Figure 4.2a. For resting conditions, subjects

were instructed to lie still with their eyes open, a visual rest screen was played on the

MRI scanner display (landscape scenery in study 1, 2, 4, fixation cross in study 3).

MRSI data was collected along with structural (T1) and resting state BOLD

data. Both T1 and fMRI sequence parameters were matched to UK Biobank

sequences as follows.

Structural and functional imaging Structural images were acquired using

a 3D T1 MPRAGE sequence matched to UK Biobank acquisition parameters278.

These include 1 × 1 × 1mm spatial resolution, 208 × 256 × 256mm field of view,

and in-plane acceleration factor (iPAT) of 2.

Resting state functional MRI was also performed using gradient echo EPI

sequences matched to UK Biobank acquisition parameters278. These include 2.4 ×

2.4 × 2.4mm spatial resolution, 88 × 88 × 64 field of view matrix, 490 timepoints over

6 minutes, TR = 0.735s, TE = 39ms, 8 × multi-slice acceleration, and flip angle 52°.

4.3 Analysis

4.3.1 MRSI processing

The MRSI data analysis pipeline is summarised in Figure 4.3. After reconstruction

of the non-Cartesian kt-space data, preprocessing steps of coil combination, phase-

frequency alignment, averaging and residual water removal were performed. These
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preprocessing steps utilise a custom binary for this MRSI protocol. NIfTI images

incorporating preprocessed spectra are generated, allowing fitting and quantification

to be performed separately. Then, using the open source FSL-MRS spectroscopy

analysis toolbox434, a linear combination of basis spectra was fitted to the data

using Markov chain Monte Carlo (MCMC) optimisation.

MRSI
Siemens raw ‘twix’

Structural
NIfTI

Bias correction
Brain extraction

fsl_anat

Tissue segmentation
mrsi_segment

Reconstruction and preprocessing
binary

Fitting spectra and quantification
fsl_mrsi

Metabolite map
NIfTI

Figure 4.3: Flowchart of MRSI preprocessing and fitting steps

Quality control

Quality control metrics (signal-to-noise ratio, Cramér-Rao lower bound (CRLB)

and full-width half-maximum) derived from the FSL-MRS toolkit were reviewed for

each metabolite globally. Metabolite quantification was performed using relative

referencing (to total Creatine) in FSL-MRS. Best-practice guidance in this field435

highlights caveats with both relative and ‘absolute’ or tissue water referencing.

Relative referencing may not be appropriate in clinical populations and limits

comparison between studies. However, referencing to tissue water is also limited
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Name Brodmann areas Atlas values Atlas labels

Motor 4 8 4

Somatosensory 3, 1, 2 9, 51, 52 3b, 1, 2

Parietal 5 36, 37, 39 5m, 5mv, 5L

Cingulate 4 38, 40, 41 23c, 24dd, 24dv

Premotor 6 54, 55, 56, 96 6d, 6mp, 6v, 6a

Table 4.2: Summary of atlas regions selected for subsequent ROI-based analyses

by wide confidence intervals in estimating tissue relaxation time parameters. As

such I chose relative water referencing for this thesis analysis.

4.3.2 Structural MRI processing

Structural images were analysed using the mrsi_segment tool built into the FSL-

MRS package. This applies the fsl_anat structural processing pipeline in the FMRIB

software library (FSL) to perform pre-processing steps including bias correction,

brain extraction436, registration to standard space437,438 and tissue segmentation439.

The resulting tissue composition estimates are used to correct for tissue partial

volume effects within the MRSI VOI.

4.3.3 Atlas derived regions of interest

I derived the following regions of interest from the volumetric HCP-MMP1 atlas

in MNI space440,441 by combining the specified labels in Table 4.2. This atlas

was chosen for ROIs that are tightly circumscribed to cortical grey matter. In

results figures, the regions of interest are labelled as follows - Motor, Premotor,

Somatosensory and Parietal in each hemisphere.
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Figure 4.4: Representative slices of standard space ROIs used. Red - Motor, Green -
Somatosensory, Yellow - Parietal, Beige - Cingulate, Blue - Premotor. The left hemisphere
ROIs are slightly darker than right hemisphere ROIs. The black lines show a region with
coverage of at least 10 participants.

4.3.4 Registration technique comparison

Both the native space resolution of the MRSI data (5mm × 5mm × 15mm) and

partial-volume effects make inferring differences between tissue types or structures

challenging. Furthermore, as discussed above, an atlas with tightly defined cortical

grey-matter ROIs was chosen. Imprecise registration could therefore dilute the

power of my standard space analyses. I tested registration from native to standard

space using the following techniques:

• FNIRT (both default and optimised UK Biobank configurations)

• ANTs (SyN) (default python configuration)

• AFNI @SSwarper pipeline

– default settings (wsinc5 interpolation algorithm)

– linear interpolation

To compare the techniques in a practical manner for this dataset, a semi-

automated analysis was performed. Grey matter regions of interest corresponding

to both hand areas (hand knobs) were drawn manually on a single representative

axial slice of each subject’s T1 image. These masks were then transformed to
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standard space using each technique. The techniques were compared using an

overlap heatmap generated by summing the standard space masks. The same

process was done with a mask of the MRSI volume-of-interest to visually assess the

degree of deformation. For this dataset, the AFNI @SSwarper tool with default

settings performed best, and so is used for further analyses.

4.3.5 Resting state fMRI processing

Resting state fMRI was analysed using the FMRIB software library (FSL). Pre-

processing steps including brain extraction, motion correction and fieldmap un-

warping were performed through FEAT. Independent component analysis of the

single subject data was performed and components classified as noise were removed

(MELODIC, FIX)376,377. Resting state fMRI data was co-registered through two

steps - linear registration of subject functional data to the subject structural image

(align_epi_anat), followed by non-linear registration from subject structural space

to MNI152 standard space (3dNwarpApply using the AFNI @SSwarper output

warp). Smoothing was performed with a 5mm full-width-half-maximum (FWHM).

Group level resting state networks (spatial independent component maps) were

generated through independent component analysis of concatenated subject data

(MELODIC). Subject specific RSNs were produced using dual regression380,442. This

two stage process regresses the group spatial maps into each subject’s 4d data

to give a subject time-course for each RSN (stage 1). Then those time-courses

are regressed into the same 4d dataset to get a subject-specific spatial map of

correlation with each RSN (stage 2).

4.3.6 Statistical analysis
Defining the normal range of excitatory and inhibitory neurochemicals
in the motor system

Neurochemical concentrations differ globally between grey matter and

white matter To display the global trends in neurochemical I plotted neurochemi-

cal concentration against tissue fraction for all voxels passing quality control. Tissue

fraction was derived from the fsl_anat pipeline used in section 4.3.1. I then fit a
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resting state BOLD data
NIfTI

Structural
NIfTI

Bias correction
Brain extraction

fsl_anat
Motion correction

MCFLIRT

Independent component analysis
MELODIC

Noise component classification
FIX

Registration to standard space
align_epi_anat, @SSwarper

Spatial smoothing fslmaths

Group level ICA
MELODIC, dual_regression

Subject specific ICs including resting state motor network

Figure 4.5: Flowchart of rs-fMRI processing

linear mixed effects model with metabolite concentration as the outcome variable,

fixed effect of metabolite, metabolite * white matter fraction and metabolite *

grey matter fraction interactions, and nested random effects of participant and

voxel location in MRSI region of interest. I reported significant effect sizes for the

interactions tested where relevant to specified hypotheses.

Neurochemical concentrations differ between motor network nodes The

ROIs were compared using a linear mixed effects model, with metabolite con-

centration as the outcome variable, fixed effect of ‘metabolite’, random effect of
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‘node’, and a node * metabolite interaction. I performed post-hoc t-tests using the

Satterthwaite approximations to degrees of freedom if significant to identify the

specific metabolites contributing to differences and the direction of effect.

Neurochemical profile changes with age I tested for a correlation between

metabolite concentration and age on a voxel-wise basis for metabolites meeting

quality control criteria using non-parametric permutation inference with the FSL

tool PALM, treating multiple metabolites as different modalities359. This produced

per-metabolite probability maps of those brain regions showing correlation with age.

Investigating lateralisation of neurochemical profile in the motor system

I tested for lateralisation of the neurochemical profile by comparing ROIs across

both hemispheres using a linear mixed effects model, with metabolite concentration

as the outcome variable, fixed effect of “hemisphere”, fixed effect of “metabolite”,

random effect of “node”, hemisphere * node and node * metabolite interactions. I

performed post-hoc t-tests using the Satterthwaite approximations to degrees of

freedom if significant to identify the specific metabolites contributing to differences

and the direction of effect.

Exploring the functional role of excitatory and inhibitory tone in the
motor system

Glutamate and GABA were quantified on a voxel-wise basis for each MRSI dataset.

These maps, representing voxel-wise excitatory and inhibitory neurotransmitter

tone, were analysed along with the corresponding motor resting state network using

the FSL tool PALM359. Using non-parametric permutation inference, this tool tests

for significant correlation between the input glutamate and GABA maps and motor

network connectivity represented as a voxel-wise EV. This analysis is performed at

2mm resolution due to the standard space and reference chosen for group ICA.
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4.4 Results

4.4.1 Registration technique comparison

The standard space overlap obtained after warping native space hand-labelled

ROIs is shown by technique in Figure 4.6. While all techniques tended to produce

good overlap in the standard space hand area, the best result (qualitatively -

tightest overlap or quantitatively - largest value at peak) was obtained using

the default @SSwarper tool.

(a) @SSwarper with linear interpola-
tion

(b) @SSwarper with wsinc5 interpola-
tion

(c) ANTs (d) UK Biobank FNIRT config

(e) Default FNIRT config

Figure 4.6: Comparison of registration techniques. A manually masked hand knob
slice in each hemisphere was transformed to standard space for each structural scan.
The number of masks overlapping is represented by colour. Panels using @SSwarper are
overlaid on the AFNI MNI152 standard space.

Similarly, the standard space overlap of the entire MRSI volume is shown in

Supplemental Figure 4.22. This shows qualitatively the degree to which different

techniques deform the region of interest. ANTs is the least aggressively deforming,

@SSwarper the most, with FNIRT intermediate. While there are tradeoffs between

these techniques in performance between cortical and subcortical regions443, I chose

@SSwarper for this dataset going forward due to its better performance (both in

terms of peak overlap and qualitatively) in the motor system hand area.
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4.4.2 Quality control
Selecting metabolites with good data quality

To select the metabolites with sufficiently good data quality for further analysis, I

first derived the mean relative Cramér-Rao lower bound (CRLB) for each metabolite

across the entire dataset (Table 4.3). Metabolites with a 75th percentile relative

CRLB greater than or equal to 25% were excluded from further analysis. Metabolites

surviving this step are highlighted in the table.
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relative Cramér-Rao lower bound (CRLB)
mean 50th percentile 75th percentile 90th percentile

Ala 470.26 174.61 999.00 999.00
Asc 133.44 27.03 53.28 452.31
Asp 29.05 13.22 17.08 25.95
Cr 32.56 10.40 13.67 21.83
Cr+PCr 8.06 3.52 4.36 5.75
GABA 42.54 16.30 23.66 42.68
GPC 19.26 6.26 8.21 15.54
GSH 31.47 10.25 13.36 22.47
Glc 88.91 23.11 39.75 106.27
Glc+Tau 38.27 13.94 20.48 34.84
Gln 58.46 16.77 24.67 53.40
Glu 31.58 7.30 9.92 15.45
Glu+Gln 23.15 5.81 7.46 10.68
Gly_1 408.58 105.45 999.00 999.00
Ins 12.69 5.98 7.37 11.35
Lac 419.60 138.38 999.00 999.00
MM09 22.06 12.75 17.12 28.68
MM12 236.30 69.03 183.29 999.00
MM14 203.35 62.31 149.45 999.00
MM17 105.97 33.87 59.05 143.78
MM21 297.26 60.50 529.33 999.00
NAA 13.08 4.24 5.11 6.92
NAA+NAAG 13.65 3.95 5.03 6.70
NAAG 173.21 26.89 67.88 999.00
PCho 817.48 999.00 999.00 999.00
PCho+GPC 8.31 4.73 5.82 8.97
PCr 42.19 11.55 15.70 27.19
PE 282.61 51.70 357.14 999.00
Scyllo 39.89 13.37 19.34 35.08
Tau 574.42 999.00 999.00 999.00

Table 4.3: Table showing mean and 50th/75th/90th percentiles of relative Cramér-Rao
lower bounds for each metabolite fitted by default in FSL-MRS with this basis set. Those
highlighted in green meet my overall quality control criterion (75th percentile CRLB <
25%) and are kept for further analyses.

Filtering individual voxel data

Then, I proceeded to check data quality at the level of the individual voxel. Absolute

CRLB was chosen for voxel-wise filtering as the overall dataset including Chapter 5

includes a clinical subgroup as well as a wide age range. Filtering using a relative

CRLB threshold has been criticised due to the potential of both introducing between-

group biases, and obscuring true between-group differences444. I plotted a histogram

for each metabolite of absolute CRLB values from each voxel across the entire

dataset (Figure 4.7 shows selected metabolites, with all metabolites in Supplemental

figure 4.23). As expected, the distribution of absolute CRLB was skewed for all
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metabolites, with high confidence in fitting for most voxels and a long tail indicating

voxels with lower confidence. Due to the skewness of these distributions, I selected

a threshold of the 90th percentile of the absolute CRLB for each metabolite and

excluded voxels with a CRLB greater than or equal to this from further analyses.

Figure 4.7: Histogram of absolute CRLB (concentration relative to total creatine
multiplied by relative CRLB%) for all voxels in the dataset - separated by metabolite.
Within each graph the vertical green line shows the 90th percentile value.

Spatial variation in data quality

To test whether there was any systematic spatial variation in data quality, a standard-

space heatmap of voxels failing quality control using absolute CRLB (Section 4.4.2)

was generated. Results for two selected metabolites on either side of the central

frequency (NAA and PCho+GPC) are shown in Figure 4.8. This consistently showed

lower data quality in voxels on the right-most edge of the MRSI region of interest.
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(a) NAA

(b) PCho+GPC

Figure 4.8: Heatmap of voxels failing quality control for two representative metabolites
on either side of the central frequency.

On visual inspection of the MRSI data, the spectra in voxels failing QC showed

characteristic spectral abnormalities for lipid-related chemical shift displacement

artefacts (Figure 4.9). In collaboration with the institutional spectroscopists, work is

in progress to review the reconstruction tool and add lipid-correction post-processing.

However in the interim, I have proceeded with further analysis using the voxels

passing quality control. This could introduce a bias in the ROI based analysis by

sampling ROIs on the right side of the brain less than on the left, as a result I

performed follow-up analyses of the occupancy (total number of voxels with QC

passing data per subject per ROI) to test this.
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(a) QC passing voxel (b) Good quality spectrum

(c) QC failing voxel (d) Lipid-related artefact

Figure 4.9: Example spectrum associated with low data quality in the voxels on the
rightmost edge of the region of interest.

4.4.3 Neurochemical profile variation by tissue type

Here I have summarised significant findings in selected metabolites from the linear

mixed effects model specified in Section 4.3.6. As the region of interest was

deliberately placed within the brain parenchyma, the range of CSF tissue fraction is

low, and therefore general conclusions about CSF cannot be drawn from this analysis.

NAA

I predicted that NAA would be higher in grey matter than white matter. However,

there were significant interactions between NAA concentration and both white



106 4.4. Results

matter (estimate 0.2, p < 0.001) and grey matter tissue fraction (estimate 0.1, p <

0.001). Both effect sizes were positive and small, suggesting that NAA is positively

correlated with both grey matter and white matter fraction. This relationship is

plotted in Figure 4.10 where NAA was present at similar concentration in both

grey matter and white matter voxels.

Figure 4.10: Scatterplot of NAA concentration against tissue fraction for all voxels.
The red trendline shows locally weighted linear regression (lowess).

Glutamate and glutamine

I predicted that glutamate would be higher in grey matter than white matter.

There were significant interactions between glutamate (Figure 4.11), glutamine and

total glutamate+glutamine (Supplemental figure 4.24) with both grey matter (Glu

- estimate 0.17, p < 0.001, Gln - -0.08, p < 0.001, Glu+Gln - estimate 0.08, p

< 0.001) and white matter fraction (Glu - estimate -0.29, p < 0.001, Gln - -0.12,

p < 0.001, Glu+Gln - estimate -0.43, p < 0.001). The effect size was greatest

for glutamate, which was higher in grey matter predominant voxels and lower in

white matter voxels. Glutamine levels were lower with smaller effect sizes for the

interactions with both grey and white matter fraction.
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Figure 4.11: Scatterplot of Glutamate concentration against tissue fraction for all voxels.
The red trendline shows locally weighted linear regression (lowess).

GABA

I expected that GABA would be higher in grey matter than white matter. However,

I found higher GABA levels in white matter predominant voxels than in grey

matter voxels. There were significant interactions between GABA (Figure 4.12)

and both grey matter (estimate 0.05, p = 0.02) and white matter fraction (estimate

0.199, p < 0.001).

Figure 4.12: Scatterplot of GABA concentration against tissue fraction for all voxels.
The red trendline shows locally weighted linear regression (lowess).

myo-Inositol

I expected that myo-Inositol would be higher in grey matter than white matter.

However, myo-Inositol was higher in white matter predominant voxels and lower in
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grey matter predominant voxels (Figure 4.13). There were significant interactions

between the glial marker myo-Inositol and both grey (estimate -0.07, p < 0.01)

and white matter fraction (estimate 0.13, p < 0.001).

Figure 4.13: Scatterplot of myo-Inositol concentration against tissue fraction for all
voxels. The red trendline shows locally weighted linear regression (lowess).

total Choline

I predicted that total Choline would be higher in white matter than grey matter.

There were significant interactions between total choline concentration and white

matter fraction (estimate 0.09, p < 0.001) but not grey matter fraction. There

was a nonlinear relationship between total choline and grey/white matter fraction,

suggesting lower levels in grey matter but a floor level in predominantly grey

matter voxels (Figure 4.14).
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Figure 4.14: Scatterplot of total Choline concentration against tissue fraction for all
voxels. The red trendline shows locally weighted linear regression (lowess).

4.4.4 Neurochemical profile of motor network nodes

I went on to address my hypotheses relating to neurochemical differences between

motor network nodes (Section 4.1.6). The linear mixed effects model showed a

significant main effect of metabolite (F = 5039, p < 0.001) and the metabolite *

hemisphere * node interaction (F = 11.13, p < 0.001). The results of post-hoc

pairwise testing are shown in the boxplots below for selected metabolites. All

p-values were corrected for multiple comparisons for the total number of post-hoc

tests conducted using the Holm-Bonferroni method.

Glutamate and total Glu+Gln I predicted that glutamate concentration was

higher in the primary motor cortex than other regions, and higher in the dominant

hemisphere. However, this was not the case for glutamate (Figure 4.15) or total

Glu+Gln (Figure 4.16). Pooled across both hemispheres, glutamate and total

Glu+Gln were lower in the Premotor region than in other regions. When split

by hemisphere, glutamate and Glu+Gln concentration was greater in the right

hemisphere for Motor and Somatosensory regions, but greater in the left hemisphere

in Parietal and Cingulate regions.
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(a) Pooled across both hemispheres. (b) Separated by hemisphere.

Figure 4.15: Glutamate quantified across regions. *** p < 0.001, ** p < 0.01, * p < 0.05.

(a) Pooled across both hemispheres. (b) Separated by hemisphere.

Figure 4.16: Total glutamine + glutamate quantified across regions. *** p < 0.001, **
p < 0.01, * p < 0.05.

GABA I predicted that GABA concentration would be lower in the primary

motor cortex than other regions, and lower in the left hemisphere than the right.

I did not find lower GABA in the primary motor cortex, however I did find the

expected lateralisation between hemispheres. GABA concentration was lower in

the Parietal region than in all other regions, and lower in the Cingulate region than

the Motor region. GABA concentration was not lateralised in the other regions.
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(a) Pooled across both hemispheres. (b) Separated by hemisphere.

Figure 4.17: GABA quantified across regions. *** p < 0.001, ** p < 0.01, * p < 0.05.

NAA I predicted that NAA would be higher in the primary motor cortex than all

other regions. The highest levels of NAA were found in the primary motor, primary

somatosensory and parietal cortices. NAA concentration was lower in the Cingulate

region than all other regions. It was also lower in the Premotor region than in the

Somatosensory region. NAA was not found to be lateralised between hemispheres.

(a) Pooled across both hemispheres. (b) Separated by hemisphere.

Figure 4.18: NAA quantified across regions. *** p < 0.001, ** p < 0.01, * p < 0.05.

4.4.5 Voxel-wise correlation with age

I predicted that increasing age would be associated with lower NAA, lower glutamate

and higher myo-Inositol on a voxel-wise basis. I found reduced NAA with increasing

age in the cingulate cortex and in adjacent white matter in the left hemisphere
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(Figure 4.19). Glutamate concentration in a similar region was also lower with

increasing age. Lower glutamate with age was also found in the right hand knob

and adjacent somatosensory cortex.

(a) NAA (b) NAA

(c) Glu (d) Glu

Figure 4.19: Spatial maps of statistically significant voxels (p < 0.05) for correlation
with age. p-values are given as −log(p) so a threshold of > 1.30 corresponds to p < 0.05.
p-values are corrected for family-wise error and spatial maps are corrected using threshold-
free cluster enhancement.

4.4.6 Voxel-wise correlation with motor resting state net-
work

Group ICA of all subjects resting state data was performed with dimensionality

25. This dimensionality was chosen in order to avoid splitting the motor network

into sub-components. The aim of this analysis was to test the correlation of

local neurochemical excitatory and inhibitory tone with within-motor-network

connectivity on a voxelwise basis. Previous work using this dimensionality forms

the basis of whole-network resting state fMRI data analysis in the UK Biobank
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dataset279. Selected IC spatial maps are shown in Figure 4.20. Of these, IC 3 was

selected as the representative sensorimotor network due to greatest similarity with

sensorimotor resting state network derived from large datasets369.

Figure 4.20: Representative axial and orthogonal slices of the thresholded spatial map
of IC 3.

Subject specific spatial maps of connectivity to the group motor IC were

generated using dual regression (stage 2 outputs). To test the hypotheses that

local inhibitory and excitatory neurotransmitter tone are associated with motor-

network connectivity on a voxel-wise basis, a PALM analysis was performed with

GABA and Glu spatial maps as inputs, and the subject specific motor connectivity

maps as a voxel-wise explanatory variable. Statistical testing is done using non-

parametric combination to perform joint inference across multiple inputs. For

each input metabolite, an parametric distribution of the test statistic is generated

through permutation. This allows z-score transformation of the input, and spatial
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statistics to be performed. In this analysis, correction using threshold-free cluster

enhancement was performed.

The resulting spatial maps (uncorrected for family-wise error) showed that

voxel-wise glutamate concentration was correlated to motor network connectivity in

the left motor hand area, adjacent somatosensory cortex, and in the left posterior

cingulate cortex. This relationship was also found in the right hemisphere motor

hand area, with a smaller cluster (Figure 4.21a).

GABA concentration was correlated to motor network connectivity in the left

motor and sensory hand area alone (Figure 4.21c).

(a) Glu (b) Glu

(c) GABA (d) GABA

Figure 4.21: Spatial maps of significant voxels (uncorrected p < 0.05) for correlation
with motor network connectivity. Spatial maps are corrected using threshold-free cluster
enhancement.
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4.5 Discussion

In this chapter I have applied a novel neurochemical imaging technique to a

healthy population to characterise excitatory and inhibitory tone in the resting

motor network. I have checked the underlying data quality and performed quality

control filtering on a voxel-wise basis. I have compared registration techniques to

maximise the power of this technique in exploring local variation in neurochemical

concentration. I tested the hypotheses set out earlier, with the following key findings.

4.5.1 Neurochemical concentration varies by tissue type

Various metabolites concentration varied with tissue fraction, prominently glutamate,

GABA, myo-Inositol and total choline. As expected from previous work, Glu was

concentrated in grey matter. However, the finding of higher GABA concentration

in white matter predominant voxels was counterintuitive, as was the finding of

similar NAA concentration in both white and grey matter. Furthermore, the

relationship between tissue fraction and metabolite concentration was not necessarily

linear. These findings could reflect protocol-specific variation in reconstruction

and fitting. Reconstruction is technically challenging to review - this work is

ongoing with institutional spectroscopists. I chose to fit the reconstructed spectra

using FSL-MRS for this analysis. While the fitting techniques used are analogous

to other widely used toolkits in the field, refitting the data with a tool such as

LCModel could be considered in future work to test the role of fitting in generating

this particular finding. This is a significant limitation to be considered in the

interpretation of further results in this thesis relating to GABA. However, given

previous studies have generally utilised smaller numbers and single-voxel techniques,

this suggests that avenues still remain for MRSI studies establishing region and

tissue-type specific baseline values.
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4.5.2 Excitatory neurochemical tone is regionally lateralised
in the healthy human brain

My region-of-interest analysis demonstrated regional variation the excitatory neu-

rotransmitter glutamate, as well as the glutamate+glutamine metabolite pool. I

found lower glutamate in the premotor cortex without hemispheric lateralisation.

It is challenging to align this data to previous glutamate MRS literature338 - large

single voxels were generally placed encompassing mixed tissues, with standard

space alignment generally not attempted.

Glutamate has not previously been shown to be lateralised across multiple human

brain regions. Previous work involving sequential placement of single voxels in both

motor cortices involved small numbers of participants, with between-hemisphere

differences not reported445. A study of glutamate transporter expression in mice

showed lateralisation in the cingulate cortex (L>R), but not in premotor or motor

regions446. In more obviously lateralised systems such as the language system, both

post-mortem447 and population genetics448 studies suggest that glutamate-system

genes are lateralised, and that their lateralisation contributes to brain function.

4.5.3 Reduced excitatory neurochemical tone in the right
sensorimotor hand area is associated with increas-
ing age

Lower glutamate has been reported in adults aged 45-55 in the motor leg area at 4T

using single voxel MR spectroscopy compared to younger adults (age ∼25)449. Lower

glutamate levels in older adults than young adults have also been reported in the

hippocampus, occipital, cingulate cortex, and deep brain structures337,450–453. Some

uncertainty remains, and the magnitude of difference may differ across brain regions,

and between men and women451,454. My findings elaborate the understanding of

glutamate change with age, showing with fine spatial resolution that this relationship

is particularly strong in the posterior cingulate cortex and right sensorimotor hand

area. The absence of a significant relationship with age in the left hand area in

this dataset may be due to a smaller effect size in the dominant hemisphere, or
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may suggest resilience or compensatory changes on that side. Findings such as

these further underscore the need for reliability and validation studies in older

populations to place positive findings in clinical populations in context, and allow

meaningful clinical translation.

4.5.4 Excitatory and inhibitory neurochemical tone in the
sensorimotor hand areas is associated with resting
motor network connectivity

Higher resting state glutamate and lower GABA has been linked to default mode

network activity in the in the anterior and posterior cingulate cortex418,455,456. A

common mechanism has been proposed - that the balance between local neu-

ral/neurochemical excitation and inhibition in a given network node drives its

long range connectivity197. In the motor system, the literature is inconsistent.

Lower hand motor area GABA concentration has been associated with both wider

motor network and M1-M1 connectivity, while glutamate was not416. In relation

to long term motor tasks, this relationship may be modulated by the intensity of

practice, with left hand area GABA levels and motor network connectivity inversely

related269. I found lower GABA in association with increased resting motor network

connectivity in the left sensorimotor hand area, but not the right. However, I

also found that lower glutamate was correlated with increased motor network

connectivity in both hand areas, with greater cluster extent in the left hemisphere.

Lower glutamate (but not GABA) in the posterior cingulate cortex was also

associated with higher motor system connectivity. Taken together, this supports

the theory that GABA-ergic tone in the motor cortex normally gates motor output,

and suggests that baseline differences in total GABA may be related to motor

network function. However my findings suggest that motor cortex glutamate is also

functionally relevant. Lower levels of glutamate in the right hemisphere, distant

motor cortex regions, and adjacent default mode network nodes compared to the left

hemisphere could reflect reduced excitatory tone (noise) within the motor network

and competition from other networks, allowing the physiological release of inhibition

in the left motor cortex (signal) to proceed cleanly.
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Could this relationship be mediated by age? The literature on motor network

connectivity changes with aging is conflicting. While the left prefrontal and right

cingulate areas may show reduced within-motor-network resting state motor network

connectivity in older adults457, a more complex picture of compensatory increases of

within-motor-network connectivity in age 50-60, followed by a precipitous decline,

has also been reported458. To address this limitation, future work will include

age as a covariate in this analysis.

4.5.5 Limitations

Several technical and methodological limitations are important to consider alongside

these findings. The z-resolution of the imaging region of interest remains coarse

(15mm). This necessary tradeoff to maintain SNR results in significant volume

averaging in the z-direction. The resulting voxel-wise correlation of low-resolution

input data (2.4mm isotropic functional data and 5 × 5 × 15mm MRSI data)

makes balancing power to detect spatial variation and performing robust multiple

comparison correction challenging.

Harmonising data across multiple datasets in an opportunistically performed

study is challenging. In this combined dataset, all data was collected with an

identical pulse sequence, but on two Siemens Prisma 3T scanners on different

sites. As discussed in the Methods section there were also differences in study

design and participant characteristics. This is a significant limitation of this

work, which could be addressed in future work by including study as a regressor

in the statistical modelling.

To summarise, in one of the largest MR spectroscopic imaging datasets to

date, I found significant baseline variation the landscape of excitation in key motor

network nodes in health and ageing. The high spatial resolution offered by this

novel technique illustrates an interplay between both neurochemicals and functional

connectivity that implicates both excitatory and inhibitory influences in determining

motor network connectivity. In subsequent thesis chapters I will explore whether

this neurochemical landscape differs in ALS and carriers of ALS-risk genes, and
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whether integrated neurochemical and functional motor network data may yield

biomarkers of early disease activity.
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4.6 Supplemental materials

Registration method comparison

(a) @SSwarper with linear interpolation

(b) @SSwarper with wsinc5 interpolation

(c) ANTs

(d) UK Biobank FNIRT config

(e) Default FNIRT config

Figure 4.22: Comparison of registration techniques. The native space MRSI region of
interest mask was transformed to standard space. The number of subjects overlapping at
each voxel is represented by colour. Panels using @SSwarper are shown overlaid on the
AFNI version of the MNI152 standard space.
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Quality control - filtering by absolute CRLB

Figure 4.23: Histogram of absolute CRLB (concentration relative to total creatine
multiplied by relative CRLB%) for all voxels in the dataset - separated by metabolite.
Within each graph the vertical green line shows the 90th percentile value.
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Tissue fraction relationship to metabolite concentration

Figure 4.24: Tissue fraction relationship with metabolite concentration for total Glu+Gln
and Gln.
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Figure 4.25: Tissue fraction relationship with metabolite concentration for all metabolites
passing quality control.
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With the right computer algorithms, I can hack you
back in time...

— Hackerman, Kung Fury (2015)
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5.1 Introduction

In the previous chapter I described the normal variation in local neurochemical

tone as measured using magnetic resonance spectroscopic imaging. I described

the effect of tissue type, brain region, associations with age, and the interaction

with the resting state motor network. In this chapter, I will apply the same MRSI

technique to describe cortical excitability in relation to neurochemical tone in both

established ALS and presymptomatic disease.

5.1.1 MRS provides promising biomarkers of neurodegen-
eration in ALS

Unlike functional MRI, MR spectroscopy has an established history of clinical

application in brain tumour diagnosis and physiological characterisation459. The

application of single voxel MR spectroscopy in ALS research began in the late

1990s with the demonstration of reduced n-acetylaspartate (NAA) in the motor

cortex and other brain regions460–463. NAA is required for neuronal mitochondrial

function, and therefore is non-specifically localised throughout neurons464. This

highly abundant, neuron-specific metabolite was therefore the most suited to

exploration in initial studies at 1.5 Tesla. NAA loss has been further shown to

be correlated with upper motor neuron disease burden and progression rate in

ALS465,466. Through multi-centre imaging consortia, this is one promising avenue

for clinical translation of MRS in ALS433.

5.1.2 MRSI in ALS - localisation of a spatially varying
disease process?

I have previously discussed the potential benefits from MR spectroscopic imaging at

higher spatial resolution (Section 2.3.3). MRSI has provided key insights into ALS,

a disease process characterised by selective vulnerability of different brain regions.

At 1.5T, imaging several brain slices allowed demonstration of NAA reduction

in both M1 and the corticospinal tract in the same patients, allowing a comparison

between hemispheres467. MRSI studies at higher field strength have demonstrated
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that NAA reduction is asymmetric468, tracks widespread grey and white matter

damage469,470, can be correlated in the corticospinal tract to loss of function471, and

responds variably to riluzole treatment between regions472. Other markers such as

GSH, a marker of oxidative stress and glial damage, have also been studied with

MRSI. GSH is reduced in the left motor cortex and corticospinal tract, correlated

with disease duration473.

5.1.3 Applying MRS to investigate cortical excitability

MRS and MRSI could also be applied to investigate cortical hyper-excitabilityin ALS.

However, metabolites classically associated with neural signalling and excitability

such as glutamate and GABA are much less abundant than NAA in the human brain.

While GABA and glutamate pools as quantified by MRS are proxy measures at best

(Section 4.1.4), they are functionally relevant and non-invasively assessable. With

compounding advances in field strength, scanner capabilities and sequence design,

these have also been studied in ALS. The application of spectral editing techniques

suggested diminished GABA in the left motor cortex in ALS patients202, together

with elevated combined glutamate and glutamine (Glx) when riluzole-naïve203. Data

on glutamate in the left motor hand area are conflicting, with findings of increase204,

no change205–207, and decrease all reported in ALS208–210. Glu/GABA ratio has

been described as an index of cortical excitability - and was found to be elevated

in the supplementary motor cortex of patients with ALS211.

5.1.4 Measuring neurochemical cortical excitability in es-
tablished ALS and presymptomatic disease

Cortical hyperexcitability/disinhibition has been demonstrated in ALS using TMS474,

activation-PET364, and in the context of some task fMRI designs232. This even

extends to a disinhibited ‘hot-spot’ in the earliest phase after symptom onset181,

and loss of physiological inhibition in presymptomatic gene carriers just prior to

symptom onset180. However, neurochemical alteration in presymptomatic disease is
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less well studied. Spinal cord NAA is lower in SOD1 mutation carriers475, however

published work and openly available data is lacking for C9orf72 476.

In this chapter, I have applied a novel MRSI technique designed to measure

glutamate and GABA as measures of cortical excitability in ALS. I recruited a cohort

including ALS patients (both sporadic and C9orf72 -HRE carriers), healthy controls,

and a large (for a single study) number of first degree relatives of individuals with

C9orf72 -HRE associated disease. I have tested the following in this MRSI dataset:

• NAA, glutamate and glutamine are reduced in ALS vs. healthy controls

across various motor network regions (Left/Right Motor, Premotor and

Somatosensory regions as defined in Chapter 4).

• NAA, glutamate and glutamine are reduced in C9orf72 -HRE positive vs.

C9orf72 -HRE negative relatives across Left/Right Motor, Premotor and

Somatosensory regions.

• The hemispheric lateralisation of these metabolites described in Chapter 4 is

disrupted in ALS and C9orf72 -HRE+ relatives.

• The relationship between local neurochemical excitatory and inhibitory tone

and resting state motor network connectivity described in Chapter 4 is

disrupted in ALS and C9orf72 -HRE+ relatives.

5.2 Methods

5.2.1 Study participants and recruitment

ALS patients were recruited from a single neurology tertiary referral centre between

2019 and 2021. All patients had a diagnosis of ALS made according to consensus

criteria (2008 Awaji guidelines)22by an experienced sub-specialist neurologist (KT or

MRT). The study was advertised to families where a patient had received a positive

test for the C9orf72 hexanucleotide repeat expansion (with patient consent), or

where a family was aware of a positive test in a deceased patient. Healthy first and

second-degree relatives of the C9orf72 -HRE carrier were eligible to take part. An
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initial screening interview was performed to ascertain study eligibility, review study

procedures, and confirm MRI safety. Participant demographics are summarised

in Table 5.1 - prepared with the tableone477 Python package.

5.2.2 Power calculation

Power calculation for this dataset was challenging given the variety of imaging

data collected, including structural, functional, and neurochemical MRI data. For

MRSI data, the power also varies between different metabolites. To illustrate this, I

performed two power calculations383 with two metabolites with differing confidence

levels in quantification - glutamate and GABA. I estimated the following based on

normative data and previous publications using single voxel MRS in ALS202,203. For

Glu, assuming group means of 1 in controls, 0.9 in ALS, and standard deviation of

0.1, 80% power would be achieved with a sample size of 14 ALS patients and 14

healthy controls. In contrast, for GABA, assuming group mean of 1 in controls, 0.9

in ALS, and standard deviation of 0.2, 80% power would require a sample size of 32

participants in each group. This dataset is therefore well powered to find group

level differences in metabolites where higher quality data is available. In contrast,

for metabolites with noisier data, power is a significant limitation.

Genetic testing

All healthy family members were consented to genetic testing under a double blind

protocol. Blood samples were taken for DNA isolation and Southern blot analysis

for the C9orf72 -HRE. The genetic test results were stored with a third party genetic

data guardian. On analysis of the dataset, group level analyses were performed

using a double-key system to allow statistical analysis while not revealing individual

subject genetic status to either researchers or study participants.

5.2.3 Imaging methods

The novel MRSI sequence, design considerations, and technical parameters were

as discussed in Section 4.2.2. In summary, spectra were acquired in a region-of-

interest measuring 85mm × 35mm × 15mm placed to encompass both primary
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ALS C9orf72 -
HRE+
relative

C9orf72 -
HRE–

relative

Healthy
control

n 17 18 20 20

sex, n F 6 11 11 8

M 11 7 9 12

age, mean
(SD)

56.6 (13.0) 48.5 (15.5) 40.7 (15.8) 55.0 (10.0)

Disease
duration
(months),
mean (SD)

20.0 (13.6)

Site of onset,
n

LLL 6

LUL 2

RLL 3

RUL 3

bulbar 3

Table 5.1: Demographics for Oxford C9orf72 cohort study participants with completed
MRI scans.

motor cortex hand knobs. Individual voxel dimensions are 5mm × 5mm × 15mm.

Subjects were instructed to lie still in the MRI scanner with their eyes open, while

landscape scenery images were displayed.

Structural and functional imaging Structural images were acquired using

a 3d T1 MPRAGE sequence matched to UK Biobank acquisition parameters278.

These include 1 × 1 × 1mm spatial resolution, 208 × 256 × 256mm field of view,

and in-plane acceleration factor iPAT=2.

Resting state functional MRI was also performed using gradient echo EPI

sequences matched to UK Biobank acquisition parameters278. These include 2.4 ×

2.4 × 2.4mm spatial resolution, 88 × 88 × 64 field of view matrix, 490 timepoints over
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6 minutes, TR = 0.735s, TE = 39ms, 8 × multi-slice acceleration, and flip angle 52°.

Structural image preprocessing, segmentation and registration to standard space

were performed as described in Chapter 4. Functional image preprocessing, denoising

with single subject ICA, and resting state network derivation with independent

component analysis and dual regression were performed as described in Chapter 4.

5.2.4 MRSI processing

MRSI data reconstruction, preprocessing (coil combination, phase-frequency align-

ment, averaging, and residual water removal) were performed using the same pipeline

described in Chapter 4, utilising a custom binary developed for this protocol. The

output NIfTI images incorporating preprocessed spectra were then processed using

the open source FSL-MRS toolkit, with a linear combination of basis spectra fitted

using Markov chain Monte Carlo (MCMC) optimisation.

5.2.5 Atlas derived regions of interest

As in Chapter 4 I derived the following regions of interest from the volumetric

HCP-MMP1 atlas in MNI space440,441 by combining the specified labels in Table 4.2.

In results figures, the regions of interest are labelled as follows - Motor, Pre-motor,

Somatosensory and Parietal in each hemisphere.

Figure 5.1: Representative slices of standard space ROIs used. Red - Motor, Green -
Somatosensory, Yellow - Parietal, Beige - Cingulate, Blue - Premotor. The left hemisphere
ROIs are slightly darker than right hemisphere ROIs. The black lines show a region with
coverage of at least 10 participants.
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5.2.6 Statistical analysis
Group level differences in neurochemical concentration and symmetry
- ROI based

Regions of interest as specified above were compared using a linear mixed effects

model, with metabolite concentration as the outcome variable, fixed effect of

"metabolite", fixed effect of “group”, random effect of “node”, and a node * metabolite

interaction. I calculated estimated effects of “node”, “group”, “metabolite” and

node * metabolite interaction, followed by post-hoc t-tests using the Satterthwaite

approximations to degrees of freedom if significant to identify the specific metabolites

contributing to differences and the direction of effect.

Combining control groups As region-of-interest analyses were prepared as

inputs to the work on dimensionality reduction and application of statistical

classifiers in Chapter 6, the two healthy groups (unrelated healthy controls and

C9orf72 -HRE– family members were combined into a single control group). This

was done because the distinction between two healthy groups is not directly relevant

to the overall aim to find disease biomarkers, and would dilute the power of group

classification to demonstrate validity. This is a future avenue for enquiry - while

C9orf72 -HRE– family members are not known to have a greater than population

risk for ALS, if there were significant differences from unrelated healthy controls

this would be unexpected and interesting. As such the use of these individuals

as controls, though not unprecedented in this literature478, is a limitation of the

analyses in this Chapter and Chapter 6.

Group level differences in neurochemical concentration - voxel-wise

Group level differences in NAA, Glu, and GABA were tested on a voxel-wise basis

using the FSL tool PALM359 for the following comparisons - ALS patients vs.

healthy controls, and C9orf72 -HRE+ vs. C9orf72 -HRE– family members. Each

metabolite was treated as a separate input modality. Non-parametric inference and

combination were performed. Cluster correction was performed using threshold-

free cluster enhancement.
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Relationship between local neurochemical measures of excitability and
motor network connectivity

Glutamate and GABA maps in standard space, representing voxel-wise excitatory

and inhibitory neurochemical tone, were analysed along with the corresponding

motor resting state network using the FSL tool PALM359. Using non-parametric

permutation inference, this tool allows testing for significant correlation between

neurochemical data and functional connectivity data on a voxel-wise basis.

5.3 Results

5.3.1 Region of interest results
NAA

NAA/Cr was reduced in the Motor, Premotor, Somatosensory, and Cingulate regions

in ALS compared to healthy controls. NAA/Cr was reduced in the Motor and

Somatosensory regions in C9orf72 -HRE+ individuals compared to healthy controls.

Finally, in the Motor region, NAA/Cr was lower in ALS than in C9orf72 -HRE+

individuals (Figure 5.2). These findings were symmetrical between hemispheres

(Supplemental Figure 5.13).

Figure 5.2: NAA variation across regions, separated by group.



134 5.3. Results

Glu+Gln, Glu and Gln

Total Glu+Gln was reduced in Motor, Somatosensory regions in ALS patients

compared to both healthy controls and C9orf72 -HRE+ individuals (Figure 5.3).

Glu+Gln was also lower in the Parietal and Cingulate regions in ALS patients

compared to healthy controls.

Figure 5.3: Glu+Gln variation across regions, separated by group.

These findings were related to hemispheric lateralisation. In healthy controls,

in the previous chapter I demonstrated that Glu and Glu+Gln were higher in

the right Motor region than the left. The reduction in ALS was seen in the right

Motor region but not the left, while the size of reduction was greater in the right

Somatosensory region than the left (Figure 5.4).

When Glu and Gln were considered alone, reductions in ALS were seen in the

right Somatosensory region but not the left (Supplemental figure 5.14a).
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Figure 5.4: Glu+Gln variation across regions, split by hemisphere, separated by group.

GABA

GABA was reduced in the Motor region in ALS compared to healthy controls (Figure

5.5). When split by hemisphere this reduction appears to be more prominent in

the left Motor region than the right (Supplemental figure 5.15).

Figure 5.5: GABA variation across regions, separated by group.
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5.3.2 Voxel-wise results

Group level differences - ALS patients vs. controls

NAA There was a widespread reduction in voxel-wise NAA between patients and

controls. This was more concentrated towards the posterior part of the region of

interest. There was no clear white or grey matter predominance of this result.

(a) Healthy controls (b) ALS patients

Figure 5.6: Control NAA/Cr > ALS NAA/Cr. Significant regions p < 0.05. Spatial
maps cluster corrected using threshold-free cluster enhancement.

Glu Glu was lower in ALS patients in the right hemisphere motor hand area but

not the left. Glu reductions were also seen bilaterally in the postcentral gyrus,

and medial parts of the precentral gyrus.
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(a) Healthy controls (b) ALS patients

Figure 5.7: Control Glu/Cr > ALS Glu/Cr. Significant regions p < 0.05. Spatial maps
cluster corrected using threshold-free cluster enhancement.

GABA GABA was lower in ALS patients in the left hemisphere motor hand

area but not the right. GABA was also reduced in the left precentral gyrus,

and both postcentral gyri. Significant regions were more extensive on the left

side than the right.

(a) Healthy controls (b) ALS patients

Figure 5.8: Control GABA/Cr > ALS GABA/Cr. Significant regions p < 0.05. Spatial
maps cluster corrected using threshold-free cluster enhancement.
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Group level differences - C9of72 -HRE+ vs. C9orf72 -HRE– healthy rela-
tives

NAA Figures 5.9a and 5.9b show the group mean standard space NAA/Cr map

for presymptomatic C9orf72 -HRE+ and C9orf72 -HRE– individuals. However,

there was no significant difference after voxel-wise multiple comparison correction.

(a) C9orf72 -HRE negative relatives

(b) C9orf72 -HRE positive relatives

GABA

GABA was lower in the left motor hand area in the C9orf72 -HRE+ group than

in the C9orf72 -HRE– group. GABA level was not significantly correlated with

participant age - this data is not plotted with identifiable data points to maintain

blinding of individual research participants’ to genetic status.
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(a) C9orf72 -HRE– relatives (b) C9orf72 -HRE+ relatives

Figure 5.10: C9orf72 -HRE+ vs. C9orf72 -HRE– groups. GABA/Cr. Significant regions
p < 0.05. Spatial maps cluster corrected using threshold-free cluster enhancement.

Glu There was no significant voxel-wise difference in Glu/Cr between C9orf72 -

HRE+ and-HRE– relatives.

Voxel-wise correlation with motor network connectivity

Glu x motor network The voxel-wise correlation between local glutamate and

motor network connectivity showed a similar pattern in the healthy controls as in

the previous Chapter’s results (Figure 5.11). Glutamate was negatively correlated

to motor network connectivity in both motor hand areas. In ALS patients however,

this pattern was disrupted, with widespread positive correlations between local

glutamate and motor network connectivity in the postcentral gyrus and left medial

precentral gyrus. In C9orf72 -HRE positive individuals, a mixed picture of both

positive and negatively correlated clusters was observed. In this group, glutamate in

the left hand area and cingulate gyrus was positively correlated with motor network

connectivity, while there were negatively correlated clusters in the left premotor

cortex and right medial motor cortex (Figure 5.11). Interpretation of statistical

comparisons between the correlation maps in these four groups is challenging as
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this is a difference condition (correlation in Group A > correlation in Group B) -

further voxelwise stats and interpretation are avenues for future work.

(a) Healthy controls (b) ALS patients

(c) C9orf72 -HRE negative relatives (d) C9orf72 -HRE carrier relatives

Figure 5.11: Voxel-wise correlation of Glu/Cr with subject resting state motor network
connectivity.

GABA x motor network In healthy controls, local GABA was negatively

associated with motor network connectivity in the left hand area, with a small

cluster in the right sensory hand area. In the medial motor cortex and cingulate

cortex bilaterally, there were positively correlated clusters (Figure 5.12). In ALS

patients, there were no significant clusters in the motor hand regions, and no clear

pattern. In C9orf72 -HRE– individuals these medial structures were negatively

correlated with motor network connectivity. In C9orf72 HRE+ individuals, local

GABA was positively correlated with motor network connectivity in the left sensory

hand area and left cingulate cortex, and negatively correlated in the left premotor

area. Interpretation of statistical comparisons between the correlation maps in

these four groups is challenging as this is a difference condition (correlation in

Group A > correlation in Group B) - further voxelwise stats and interpretation

are avenues for future work.
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(a) Healthy controls (b) ALS patients

(c) C9orf72 -HRE negative relatives (d) C9orf72 -HRE carrier relatives

Figure 5.12: Voxel-wise correlation of GABA/Cr with subject resting state motor
network connectivity.

5.4 Discussion

In this chapter I have performed a novel multimodal analysis of neurochemical

markers of regional excitation and inhibition in both established and presymptomatic

ALS. The combination of high-resolution spectroscopic imaging of excitability

markers along with a genetically characterised presymptomatic cohort is novel

in the ALS literature.

ALS is a neurochemically asymmetrical disease I found reduced NAA

in widespread motor regions in ALS, consistent with previous work. There was

also widespread reduction of glutamate in both the precentral and postcentral

gyrus in ALS, with notable sparing of the left hemisphere hand area. GABA was

also reduced in ALS in primary motor and somatosensory regions, with notable

sparing of the opposite (right) hemisphere hand area. These findings add weight

to the view that ALS is a (slightly) asymmetric disease process, as suggested

by cortical thickness data137,395, and my earlier network functional connectivity

changes (Chapter 3). The greater depletion of GABA in the left hemisphere may
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therefore be a marker of degeneration, while the maintenance of glutamate may

be a marker of compensation. Future MRS studies of glutamate or GABA in

ALS, along with clinical translation projects, may need to account for differing

neurochemical profile in the right and left hand areas.

As discussed in Chapter 3, the interpretation of this result is limited given the het-

erogeneity of the site of onset in the included patients (Table 5.1). Future directions

include subgrouping patients by side of onset or side more severely affected.

A disinhibited hot-spot in the left motor hand area in C9orf72 -HRE+

individuals I found a region of reduced GABA in the left motor hand area

in C9orf72 HRE+ individuals. This is a novel imaging finding in this patient

group, and in presymptomatic ALS as a whole. This would concur with previous

neurophysiological findings of a disinhibited hot-spot in early disease, but could

widen the window for early detection. As there is no increasing trend with age,

however, it is unclear whether this marker reflects a different initial state of the motor

system in C9orf72 -HRE+ individuals, or a marker/driver of neurodegeneration.

Disrupted patterns of motor network connectivity in ALS There was a

clear change in the link between local Glu, GABA and motor network function

in ALS. The relationship with glutamate changed direction across various parts

of the motor system, while the relationship with GABA was lost. This might

support the view of GABA change as a marker of direct damage by disinhibition

to motor network function, while the glutamate changes are secondary. The fMRI

network connectivity field has been divided on whether network alterations show

direct degenerative processes or compensation234,396,479. This adds evidence to

that debate and suggests that neurochemical interactions may elucidate whether

a change is damaging or compensatory.

Higher spatial resolution MRS data increases interpretability of findings

The fine spatial resolution of this technique allowed the disruption of physiological

asymmetry and network connectivity relationships of inhibitory and excitatory
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tone to be studied. While tissue volume averaging remains a problem, and new

challenges with multiple comparison correction are created by this technique, it

enabled powerful voxel-wise inference showing previously unknown spatial trends.

Can GABA be reliably quantified using MRSI at 3T? GABA quantification

has been consistently challenging, and its quantification at 3T without using spectral

editing or short echo time imaging remains controversial. In this dataset, individual

GABA measurements had greater uncertainty (relative CRLB) than more abundant

metabolites (Table 4.3), however, this is comparable to previous MEGA-PRESS

or SPECIAL MRS datasets210. Previous analyses with this technique support

its validity for quantifying GABA480.

As previously noted in Section 4.1.4, caution is advisable in treating GABA

and Glu measurements as markers of inhibitory or excitatory neurotransmission,

rather they may reflect a more generalised excitability “tone”.

Possible confounds in C9orf72 -HRE carriers There are also several variables

that could affect my findings in C9orf72 -HRE carriers. Variable penetrance and

age of onset481 have been consistently described, as well as within-family variation

in clinical manifestation482. The pathology may also be shaped by protective

genetic variants483. These factors are likely to contribute to variation in which

brain regions abnormalities could be first detected. With larger datasets, high

spatial resolution MRSI may allow sub-stratification of presymptomatic changes

in different brain regions.

In summary, high resolution excitatory and inhibitory neurochemical mapping

generates a range of novel insights into the ALS disease process and a candidate

presymptomatic signature. In the following chapter I will integrate these measures

with previously discussed functional imaging measures to derive a composite

multimodal imaging biomarker of cortical excitability in ALS.
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5.5 Supplemental Figures

Figure 5.13: NAA variation across regions split by hemisphere, separated by group.
Somatosensory is abbreviated to SS.
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(a) Glu

(b) Gln

Figure 5.14: Separate plots for Glu and Gln variation across regions, split by hemisphere,
separated by group.

Figure 5.15: GABA variation across regions, separated by group.
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On two occasions I have been asked,“Pray, Mr.
Babbage, if you put into the machine wrong
figures, will the right answers come out?”
In one case a member of the Upper, and in the other a
member of the Lower, House put this question. I am
not able rightly to apprehend the kind of confusion
of ideas that could provoke such a question.

— p.67, Passages from the Life of a Philosopher,
Charles Babbage
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6.1 Introduction

6.1.1 A many-to-many correspondence between imaging
modalities and disease properties

Cortical hyperexcitability is a key pathophysiological theme in ALS (Section 1.3.1).

In previous chapters I have described group level differences between ALS, healthy

controls and presymptomatic C9orf72 -HRE carriers in motor system excitability

as measured using functional MRI and MR spectroscopic imaging.

Task-related BOLD fMRI activation was higher with lower ALS disease duration

in a cingulate/SMA motor region while increased between-region connectivity of

primary and secondary motor areas was correlated in the right hemisphere with

loss of function (Chapter 3). This builds on previous literature on fMRI trajectories

in ALS, suggesting increased/more diffuse activation as an early disease on a

background of ongoing compensatory connectivity changes.

MR spectroscopic imaging shows lateralisation of inhibitory (GABA) and

excitatory (Glu) tone in the healthy motor system (Chapter 4) - both GABA

and glutamate levels are lower at rest in the left primary motor cortex than the

right - suggesting that the right and left motor cortices are physiologically tuned

to different excitability levels.

In ALS, glutamate reduction was widespread in the motor and somatosensory

cortices and maintained in the left motor hand area (Chapter 5). On the other hand

GABA reduction was more concentrated in the left hemisphere and motor hand

area in ALS, and focal GABA reduction in the left motor hand knob was found

in C9orf72 -HRE carriers. These findings suggest that selective GABA depletion

may be present before disease onset, and that these findings may be highly focal.

Ongoing neurodegeneration produces an abnormal pattern of excitability that may

have toxic pathogenic implications as well as reflecting compensatory mechanisms.

Thus far, I have linked data from several modalities (rs-fMRI, t-fMRI, MRSI) to

several facets of motor system excitability individually - baseline inhibitory/excitatory
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“tone”, task-related activation, and between-region connectivity - with the aim of

breaking down the umbrella concept of cortical hyperexcitability. I have shown that

this is a many-to-many correspondence with multiple modalities allowing fuller

characterisation of multiple pathologies. Integration of multiple noisy individual

modalities and data reduction to specific measures of underlying disease properties

may facilitate successful generalisation in research and translation to the clinic.

6.1.2 Why integrate multiple modalities?

Many studies in ALS consider data derived from a single modality to represent

a single pathogenic process (e.g. cortical thickness reduction cell body death,

DTI FA reduction axonal loss in long tracts), however the value of combining

modalities has been shown extensively. The literature on combining modalities in

ALS reflects wider themes in neuroimaging - hypothesis falsification with spatial

statistics, granular description with multiple modalities, and harnessing multiple

modalities using machine learning for making predictions484.

6.1.3 Hypothesis driven disease mechanism exploration

Between-modality correlation typically tests the interaction between two different

features in relation to an underlying disease process - usually phrased with a null

hypothesis of no correlation between the pair. For example, studying resting state

fMRI and DTI together links structural and functional network damage supporting

a pathological role for network excitability485. TMS and resting state fMRI

together illustrate the functional consequences of abnormal cortical excitability486.

Other studies have applied multiple techniques concurrently in ALS to study

the Papez circuit487, cerebellar dentate nucleus488, and model local vs distant

network excitability489.

6.1.4 Granular description of cohorts using multiple modal-
ities

Some multimodal studies are descriptive, seeking imaging correlates of ALS sub-

groups or clinical properties - for example along the ALS-FTD spectrum341 or
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according to C9orf72 -HRE status351 without necessarily applying the findings to an

underlying hypothesis or desired outcome. A variant on this theme is the description

of change over time in ALS using multiple modalities490.

6.1.5 Harnessing multiple modalities for better predictions

Finally, many studies begin with a desired outcome, and harness multimodal data

in a more agnostic manner, aiming to optimise performance. Most simply this can

be head to head comparison of modalities in detecting abnormality491,492. Many

studies have compared classification accuracy between ALS and healthy controls

using a range of statistical tools - linear models, support vector machines, and

multi-layer perceptrons493–497. In addition to classification, this class of tools can

make quantitative estimates through regression of measures such as survival in

ALS498,499 or response to therapy in clinical trials500.

Exploring multimodal data reflecting cortical excitability

In this chapter, I will synthesise my findings to explore the disease theme of cortical

excitability. I will select features according to the work previously presented in

this thesis, and perform dimensionality reduction using linear discriminant analysis

to compare and consolidate features. Finally, I will use the task of participant

classification as a test-bed for the validity of this approach, aiming to draw insight

into the role of different cortical excitability properties in presymptomatic and

established ALS.

6.2 Methods

6.2.1 Study participants

Details of study participants, recruitment, inclusion criteria and demographics

are summarised in Section 5.2.1.
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6.2.2 MRI imaging

In addition to the T1 weighted and MR spectroscopic sequences discussed in Section

5.2.3, I analysed the task-fMRI data collected during the same scanning session.

Task functional MRI was performed using gradient echo EPI sequences matched to

UK Biobank acquisition parameters278. These include 2.4 × 2.4 × 2.4mm spatial

resolution, 88 × 88 × 64 field of view matrix, 490 timepoints over 6 minutes, TR =

0.735s, TE = 39ms, 8× multi-slice acceleration, and flip angle 52°.

6.2.3 Task design and analysis

Participants were instructed to perform a cued motor task designed to investigate

motor activity in relation to lateralised motor preparation and execution (schematic

in Figure 6.1). An initial lateralisation cue with a letter L or R indicating the side

on which to prepare to move was presented for 200ms (Figure 3.1). After a random

interval evenly distributed between 0.8 and 1.2 seconds a Go cue (filled circle) was

presented for 200ms. In response to the Go cue, participants were instructed to

make a single movement of the index finger of the hand on the cued side towards

the thumb, but not touching it, followed by a return to the starting position. A

random inter-stimulus interval evenly distributed between 3 and 5 seconds followed.

Trials were delivered in a random counterbalanced order of Left/Right directions.

Stimuli were presented and stimulus and response timestamps recorded using the

Psychtoolbox3 MATLAB toolkit372. Stimuli were presented centrally on a dark

grey 32 inch TV screen with height × width of approximately 100 pixels (screen

height 1080 pixels). One block of 60 trials was performed for each participant.
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Figure 6.1: Schematic of task stimuli and timings.

6.2.4 Functional connectivity analysis

As in Section 3.3.3, I performed a data-driven independent component analysis

(ICA).

Data was preprocessed for motion correction (MCFLIRT) and highpass filtering

(FWHM 100s). Then, functional data was decomposed using single subject indepen-

dent component analysis (FSL MELODIC)375 with dimensionality automatically

calculated by the tool to maximise explained variance.

Each subject’s independent components (ICs) were classified and noise compo-

nents removed using FMRIB’s ICA-based X-noiseifier (FIX)376,377. FIX was run with

a classification threshold of 20, and removal of motion confounds enabled. Classifier

weights used were those derived from training on the UK Biobank imaging study

dataset. This dataset is similar to mine in participant characteristics (older adults)

and has identical acquisition parameters. The cleaned output from FIX was then

smoothed using a 5mm FWHM Gaussian kernel, and aligned to standard space using

the affine matrix and nonlinear warp generated using the AFNI @SSwarper tool.

Group-level ICA was also run using MELODIC using a temporal concatenation

approach. At this stage, dimensionality was set to 75 to allow sufficient separation of

large-scale brain networks to allow network analysis without decreasing reliability378.

Similar dimensionality settings have been used in previous work, albeit with larger

datasets379. Example IC spatial maps are shown in Figure 3.2. Group ICs were then

mapped onto individual subjects’ preprocessed and cleaned fMRI data using the
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first stage of dual-regression380. Following on from the findings of Chapter 3, three

nodes were selected for further functional connectivity analysis based on spatial

location over the primary and secondary motor regions respectively (Figure 6.2).

(a) Right Primary motor

(b) Left Primary motor

(c) Secondary motor

Figure 6.2: Selected independent component spatial maps (z-statistic images) resulting
from group ICA and assigned labels.

6.2.5 Feature selection

Having found clinically correlated functional connectivity involving primary mo-

tor secondary motor edges, the right and left hemisphere “Primary motor” ×
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“Secondary motor” functional connectivity were extracted from dual regression

stage 2 outputs, as was between-hemisphere “Primary motor” × “Primary motor”

functional connectivity.

Given previous findings in the literature of increased motor cortex activation

with movement, I selected the mean COPE for right and finger movement in the

region of the right and left primary motor area respectively.

Finally, I selected the mean concentration (relative to total creatine) of NAA,

GABA, Glu and Ins in the right and left primary motor area. In total, 8 MRSI

features and 7 task fMRI features were selected.

6.2.6 Data preprocessing and dimensionality reduction

Under certain conditions, the incorporation of multiple noisy inputs, even if partially

redundant, can be expected to yield an information gain501, and therefore improved

understanding of the underlying process or group difference. Non-redundant inputs

would be expected to yield insight into multiple different meaningful patterns. To

avoid the pitfalls of over-fitting, non-generalisability however, feature selection

should aggressively minimise the number of features studied in small datasets502.

From selected features, I subtracted the mean and scaled to unit variance -

zero centering and standardisation is required for subsequent analyses. I then

applied linear discriminant analysis using the scikit-learn Python package (version

1.0.2)503. This is a supervised technique for dimensionality reduction that projects

the raw data in a way as to maximise group separation using known labels. I

selected this technique because my dataset has known groups stratified by disease

status and genetic vulnerability.

6.2.7 Group separation - Linear support vector classifier

I tested the performance of the combined features generated by LDA using a linear

support vector machine classifier (SVC). I used the default implementation of

LinearSVC504 in the scikit-learn Python toolkit (version 1.0.2)503 [linear kernel,

default regularisation parameter (1.0), and default loss function (‘squared hinge’)].



6. Integrating multimodal measures of cortical excitability in ALS and
presymptomatic disease 155

To compare the performance of different initial feature sets I tested this using

MRSI-derived features only, tfMRI-derived features only, and both. Classification

performance is reported in terms of class-wise and average positive-predictive-

value and sensitivity.

6.2.8 Validation

To validate this classification technique I first performed leave-one-out cross vali-

dation using scikit-learn. This involves removing one (or more) participants from

the training data, re-training the classifier, and predicting the group label of the

held-out participant(s). This technique robustly estimates mean prediction error

and is computationally feasible in our dataset505. I additionally performed stratified

K-fold (K = 5) cross validation using scikit-learn - this trains the classifier on

smaller subsets of the data, which estimates generalisability to other datasets

with corresponding features.

6.3 Results

Dimensionality reduction The participants were plotted - colour coded ac-

cording to group - according to linear discriminants in Figure 6.3, for each set

of input features (MRSI only, task-fMRI only, and both). Group separation was

qualitatively best when both sets of input features were used.
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(a) MRSI features (b) task fMRI features

(c) Both

Figure 6.3: Pairwise plots of linear discriminants when using MRSI and task-fMRI
features alone and when combined.

The scaling factors for input features are shown in Supplemental figure 6.6

for individual modalities and Figure 6.4 for both combined. The first linear

discriminant was formed from a range of different inputs - NAA/Cr from bilateral

hemispheres, right hemisphere GABA, right hemisphere Gln, left hemisphere

Ins, and left hemisphere COPE for right hand movements. The second linear

discriminant was heavily loaded onto the left motor cortex COPE associated

with movements of either hand.
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Figure 6.4: Scaling factors applied to input data features in the generation of linear
discriminants plotted as a colour bar.

Support vector machine classifier Classification results when MRSI features,

tfMRI features, and both are included are shown in Figure ??. Notably, MRSI

features alone offer intermediate performance in classification between ALS patients

and other groups. However, classification performance improves when features

from both modalities are used. Task fMRI features alone do not perform well

at classification between ALS and controls. However, they do separate a subset

of the C9orf72 -HRE carrying relatives. The overall performance of the classifier

is summarised in Table 6.1.
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(a) MRSI features (b) task fMRI features

(c) Both

Figure 6.5: Group separation using LinearSVC using MRSI and task-fMRI features
alone and when combined. Each point represents an individual subject, with the first and
second linear discriminants plotted on the x and y axes respectively. The colour/style of
a point indicates its true group membership, while the shaded background segments show
the decision boundaries for the classifier.
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Group Performance metric Input modalities

tfMRI only MRSI only both

ALS
PPV 0.0 0.71 0.71

sensitivity 0.0 0.71 0.71

C9orf72 -HRE
PPV 0.44 0.67 0.64

sensitivity 0.58 0.22 0.50

Control
PPV 0.58 0.74 0.80

sensitivity 0.93 0.95 0.88

Overall
Leave-one-out accuracy 0.54 0.71 0.72

Stratified k-fold accuracy 0.53 0.69 0.72

Table 6.1: Summary of classification performance when using both MRSI and task
fMRI input features. Random chance would be expected to produce 3-group classification
accuracy of 0.33.

6.4 Discussion

In this chapter, I explored cortical excitability through integrating data derived from

multiple modalities. While in previous chapters I assessed individual techniques in

high spatial resolution using voxel-wise or region-wise statistics, here I aimed to

distil the features of cortical excitability that perform well at differentiating groups

with established ALS as well as presymptomatic disease. I trained a classifier to

test these features, with the aim of better understanding which features perform

best in this dataset, as well as extracting and validating generalisable principles

regarding MRSI and tfMRI changes in ALS.

6.4.1 A robust composite measure of pathology

MRSI alone allowed good separation of ALS patients from controls, with C9orf72 -

HRE+ individuals occupying an intermediate place on this axis (LD1) (Figure 6.5a).

This was not solely due to the inclusion of motor cortex NAA - typically seen as a

marker of neurodegeneration, but also reflective of mitochondrial energetics - shown
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by the spread of scalings across multiple inputs in Figure 6.6a. The composite

marker most successful at separating ALS patients (LD1, Figure 6.4) included NAA

in both motor cortices as well as GABA and Gln in the right motor cortex, as well

as left motor cortex activation to right hand movement. One possible explanation

for this is the accumulation of neurochemical and functional pathology with disease

progression - which might be sub-clinical in C9orf72 -HRE+ individuals.

6.4.2 Marked left M1 hyper-activation in a subset of C9orf72 -
HRE+ individuals

Differentiating C9orf72 -HRE carriers from other groups was more challenging, with

lower positive predictive value and sensitivity in classification. However, a notable

subset were separated according to predominantly fMRI changes, in particular left

motor cortex activation to finger movement on either side, as well as right motor

cortex activation to left index finger movement - LD2, Figure (6.4). This suggests

marked BOLD hyper-activation in the left motor cortex, perhaps reflective of a

transient period of hyper-excitability that is no longer seen in established disease.

One possible confound is greater attention, effort or anxiety from gene carriers

who are aware of the familial risks. In a previous finger movement task-MEG

study the SOD1 and C9orf72 mutation carrier groups had the fastest response

time, but higher error rate on NoGo trials388. However, this would not sufficiently

explain why this effect may be seen in the left primary motor cortex but not the

right in a task that involved both hands.

This work presents a novel combination of techniques, in a large, genetically

characterised cohort with individuals representing normal physiology, established

disease, and the presymptomatic stage. I chose to apply powerful and flexible

data science tools to explore cortical excitability further in this context, while

making conservative choices to avoid the “curse of dimensionality”, over-fitting,

and non-generalisability. Feature selection was curated based on prior work, and

aggressive dimensionality reduction performed. A simple classifier (linear support

vector machine) was chosen to facilitate interpretation and introspection.
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However, this dataset remains small in the context of the literature on classifi-

cation according to neuroimaging parameters in neurodegeneration. Validation is

therefore challenging - within this dataset, I have shown that classifier performance is

not clearly driven by outliers, or overfit to data subsets. Validation on a completely

new dataset was not possible - as no other dataset combining task fMRI and high

resolution spectroscopy in these patient groups exists.

Our findings argue strongly for the value of including spectroscopy, and in

particular, spectroscopic imaging, in MRI studies of ALS going forward. The

spatial resolution enables focused analyses in the most abnormal regions. Future

directions for validating these findings and advancing towards clinical application

for diagnosis and assessing disease progression might include performing multimodal

imaging as part of the diagnostic process in ALS, to demonstrate utility in a

real-world classification scenario. Higher field strength (7T) imaging as well as

longitudinal followup may better characterise the functional activation changes

in C9orf72 -HRE+ individuals and their implications for risk stratification and

recruitment to gene therapy clinical trials.

6.5 Supplemental Figures

(a) MRSI features (b) task fMRI features

Figure 6.6: Scaling factors applied to inputs in generation of linear discriminants.
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The whole of life is just like watching a film.
Only it’s as though you always get in ten minutes
after the big picture has started, and no one will tell
you the plot, so you have to work it out all yourself
from the clues.

— Thud! by Terry Pratchett
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This thesis makes several contributions to the study of motor network excitability

in healthy individuals, established ALS and presymptomatic disease. I extended

the known characterisation of task-fMRI activation changes in ALS in Chapter 3.

Then, in Chapter 4 I applied and validated a novel MRSI technique to describe

variation in excitation and inhibition across the motor system in normal physiology,

and its correlation with age and functional connectivity. In Chapter 5 I extended

this technique to study the change in this motor inhibition/excitation landscape
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7.1. Motor network excitability in ALS is dependent on disease stage and functional

impairment

in established and presymptomatic disease. Finally, I explored how integrated

biomarkers of cortical excitability might be interesting and useful.

Finally, I will consider the limitations of my cross-sectional work and possible

future directions in understanding biomarker trajectories for diagnosis, prognosis

and therapy trials. I will refer to the BEST framework506 published by the NIH and

FDA to describe candidate biomarkers and potential applications in this chapter.

7.1 Motor network excitability in ALS is depen-
dent on disease stage and functional impair-
ment

In Chapter 3 I investigated task fMRI in a large multimodal imaging dataset with

patients with ALS, PLS and healthy controls. There were several key findings.

First, I found abnormal extra-motor hyperactivation in ALS in rapidly progressive

disease. Together with a negative finding for previously reported findings of motor

cortex hyperactivation in ALS, this suggests that simple cortical hyperactivation

may occur primarily alongside early disease symptoms, and may diminish in more

advanced disease. This could be due to degeneration of the physiological inhibitory

synaptic plasticity that may segregate function507.

I also found between-region connectivity changes strongly correlated with

ALSFRS-R of a network node comprising “Secondary” motor regions (supplementary

and premotor areas). There were reciprocal changes in the connectivity of this

node with a cerebellar node (higher connectivity in better function) and the right

primary motor area node (higher connectivity in worse function).

Taken together, these findings indicated different axes to motor system connec-

tivity changes in ALS, with some changes confined to important subgroups (rapid

progressors) and clinical correlation with disease progression (though inference of

longitudinal trends from cross-sectional data must be done with caution).
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7.2 Neurochemical excitability is lateralised in
the healthy motor network

To extend the evaluation of motor network excitability beyond fMRI, I hypothe-

sised that measurement of local neurochemical indicators by magnetic resonance

spectroscopic imaging would yield additional insight into this core ALS pathology.

I demonstrated a novel analysis pipeline including data quality validation and

comparison of registration technique in a large pooled dataset of healthy controls.

I demonstrated good data quality for metabolites of interest (NAA, Glu,

Glu+Gln, GABA, Ins) in the dataset, and found clear associations in their con-

centration with both tissue type and age. Notably, I found clear interhemispheric

differences in metabolite concentration. Glu and Glu+Gln were lower in the left

primary motor and somatosensory cortices, but higher in the left parietal and

cingulate regions, while GABA was lower in the left primary motor region.

I further demonstrated that Glu concentration was negatively correlated with

resting state motor network connectivity in both motor hand areas, while this

relationship was only found in the left motor hand area for GABA. Finally, I

demonstrated age-associated reduction in local NAA concentration in the midline

motor regions, and reduction in Glu in the right hemisphere motor hand area.

This study, through fine grained neurochemical mapping, yields multiple novel

insights into motor system excitation and inhibition. The motor hand areas appear

to have different “set-points” for excitation and inhibition, which are relevant to their

functional connectivity, and differentially affected by healthy ageing. These changes

may be associated with hemispheric dominance, however this conclusion is limited

by inclusion criteria for right-handed study participants in most included datasets.
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presymptomatic individuals

7.3 Lateralised changes in local excitation and
inhibition occur in ALS and presymptomatic
individuals

Having characterised normal motor inhibition and excitation, I extended this

technique in a study including both patients with established ALS and healthy

individuals carrying a genetic mutation (C9orf72 -HRE) conferring a high risk

for ALS/FTD.

In this dataset, I found robust neurochemical evidence for neurodegeneration

(loss of NAA) with presymptomatic individuals lying in between healthy controls

and ALS patients. I found widespread loss of glutamate in the pre and post

central gyri in ALS vs. controls, but relative preservation of glutamate levels in

the left hand area. GABA was also widely depleted in motor regions, but with

relative preservation in the right motor hand area. Finally, in presymptomatic

individuals, there was lower GABA in a region tightly corresponding to left primary

motor cortex hand area grey matter.

In the context of our previous findings, this could represent further evidence

implicating early selective loss of physiological inhibition in ALS. TMS studies have

shown left motor cortex disinhibition shortly prior to disease onset in individuals

at risk of SOD1 ALS, and evidence of greater motor hand area disinhibition

contralateral to the side of disease onset in early disease. This, however, is the first

neurochemical quantification of a disinhibited “hot spot” in presymptomatic ALS.

Greater degeneration of inhibitory interneurons in the left hemisphere would concur

with previous findings that ALS is an asymmetric disease in cortical thickness loss -

and biased towards the dominant hemisphere. Disinhibition in the left hemisphere

could explain the preservation of glutamate levels in the face of more widespread

degeneration in ALS. Longitudinal studies are essential to test this hypothesis.
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7.4 Composite biomarkers may better detect es-
tablished disease and changes prior to symp-
tom onset

Both fMRI and MRSI yield noisy and imperfect individual measures that are ill-

suited to prediction on an individual level, and have been challenging to translate

across the field of neurodegeneration. I applied linear discriminant analysis using

data features selected to represent motor cortex excitability and network connectivity

to address this challenge by combining biomarkers. I used the task of group

classification to test the value of these composite measures. This approach allows

the information content of the input features to be compared - i.e. noisy features

with large overlap between groups will be weighted much lower than those that

differ between groups. These may be useful as diagnostic biomarkers506 as they

detect or confirm the presence of disease. Another advantage is to generate

composite markers that might reflect characteristics of different stages of the disease

process - i.e. established or late disease vs. presymptomatic disease/vulnerability

to future disease. With repeated longitudinal measurement, these would be

considered monitoring biomarkers.506

I found that the composite markers produced performed well at the task of

3-group classification, and were robust to perturbation of the input data by splitting

the dataset into test-train subsets, and leaving out subjects. The resulting measures

were indeed composites, reflecting the value of combining multiple noisy inputs

for noise reduction and maximising information content.

Composite features (particularly metabolites) perform well to detect

established disease The first composite measure performed best at separating

ALS patients from the other groups in the study, and was weighted more towards

MRSI inputs (notably across multiple metabolites). Notably, when splitting

the inputs by modality, MRSI-derived features alone performed much better at

characterising ALS than task fMRI-derived features alone. Presymptomatic carriers
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were intermediate between normal controls and ALS, supporting the view that this

measure detects degenerative processes which may be subclinical in this group.

Marked differences in left motor cortex task related BOLD activation

in a subset of C9orf72 -HRE carriers The second composite measure was

heavily loaded onto the metrics derived from task fMRI, much more in the left

motor cortex than the right. Incorporating both MRSI and tfMRI measures

yielded much better performance at identifying presymptomatic gene carriers than

either alone. Several presymptomatic gene carriers are significant outliers by task

fMRI metrics, suggesting a separate axis to the composite marker of degeneration

described above. This might reflect a pre-existing vulnerability to disease or a

hyper-excitable risk/transformation state, with confounds such as task-related

attention or anxiety possibly contributing.

7.5 Limitations and future directions

7.5.1 Cortical excitability is noisy and varies with space
and time

All of the individual candidate markers described in this thesis are individually

noisy metrics. To some extent this could be explained by the limitations of non-

invasive experimental techniques. However, previous work suggests that excitabil-

ity/inhibition related to motor activity is intrinsically variable across conditions

of preparation, learning, and adaptation, and has roles in reducing interference,

and refining outputs508–510. Physiological variability in cortical excitability is likely

to be highly relevant to attempts to harness cortical excitability in the study of

ALS. The underlying landscape of cortical excitability between different brain

areas in different individuals (Chapters 4 and 5) must be considered to minimise

confounding in clinical studies.
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Longitudinal studies - an ongoing challenge My thesis work is limited in its

cross-sectional design - while I have assembled an initial cohort of C9orf72 -HRE

carriers, longitudinal study is outside the scope of this thesis. Longitudinal MR

imaging in ALS is inherently challenging due to development of respiratory and

bulbar weakness. The COVID-19 pandemic has disrupted clinical trials globally511.

My findings argue strongly for the inclusion of MR spectroscopy and fMRI in

the design of these longitudinal studies. With enough data cortical excitability

could be described in relation to pre-existing vulnerability, disease progression,

and functional compensation.

In other neurodegenerative conditions, the assembly of large consortium datasets

and longitudinal study has allowed biomarkers to be compared and their trajectories

described. While theoretical frameworks often focus on an idealised sigmoid or

linear trajectory (Figure 7.1a), a variety of trajectories have been observed in

practice(Figure 7.1b)512.

(a) Idealised (b) Observed

Figure 7.1: Idealised and observed disease progression in Alzheimer’s disease. Reused
with permission from Jack 2013, Lancet Neurology512.

I will conclude by briefly discussing how this could impact the application of

composite biomarkers of cortical excitability.

7.5.2 Applying composite biomarkers of neurodegeneration

Composite markers of neurodegeneration have several potential applications. For

diagnosis, the value of such markers depends on their noisiness, and the strength
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of segregation against disease mimics or healthy controls. My findings suggest

that there is an underlying composite marker of cortical excitability alterations

and neurodegeneration in ALS. However, prospective data in a diagnostic clinic

for ALS may be required to test whether these changes are valuable in informing

the diagnostic process for individuals where there is clinical doubt. Longitudinal

or pseudolongitudinal analyses of larger datasets may clarify the trajectory of

these changes. A sigmoid transition around or before the time of disease onset

would facilitate diagnosis and be more robust to noise (Figure 7.2b), while a linear

trajectory may characterise the underlying process better for application to disease

staging and prognostication (Figure 7.2c), with potential improvement in diagnostic

performance with technological improvement (Figure 7.2a).

(a) Diagnosis - Detection threshold. (b) Diagnosis - Noise.

(c) Disease staging and prognosis.

Figure 7.2: Biomarker trajectory (red - linear, blue - sigmoid) and its effect for clinical
applications.

Another possible application is in sub-stratification or clinical trial selection. For

clinical trials aimed at modulating cortical excitability, whether pharmacological

or through non-invasive brain stimulation1, it may be reasonable to select patients

in whom cortical excitability is abnormal at baseline.
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7.5.3 Applying presymptomatic disease biomarkers

Group-level differences between presymptomatic carriers of the C9orf72 -HRE

mutation and healthy controls may reflect several different biomarker trajectories

(Figure 7.3). One possibility is that the difference long predates disease, perhaps

even originating in development (dashed green line). These sorts of differences

could explain how the stage is set for future neurodegeneration. Neurodevelopment

has been increasingly implicated in Huntington’s disease, another repeat-expansion

neurodegenerative disorder513.

Alternatively, there could be a detectable change during an individual’s adult

lifetime before disease onset. While this could be a unidirectional change (dotted

blue line), it might also be only transiently observable (red continuous line).

Understanding these trajectories will be necessary to apply these biomarkers in

presymptomatic disease to identify novel disease processes and target intervention514.

These could qualify as prognostic biomarkers506 if they were reliably able to identify

a clinical event (i.e. motor system decompensation or neuronal damage) to guide

the initiation or escalation of treatment.

Figure 7.3: Several possible presymptomatic biomarker trajectories.

Ongoing refinement of disease markers might allow disease related changes to

be detected, and therapeutic intervention planned. Some of these presymptomatic
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findings might also apply to sporadic ALS, where the presymptomatic phase is not

generally tractable to study apart from large population datasets515.

7.5.4 Identifying and treating early disease

With recognition of the pathogenic potential of ALS-causing mutations, pre-

implantation genetic diagnosis, in-utero genetic screening, and gene-editing may

lead to many fewer individuals being born with these risk factors. This is unlikely

to become universal, however. A range of other conceptual strategies have been

described for treating or preventing ALS at early stages516.

In principle, therapy aimed at the genetic target could be started at any

point, and be expected to reduce the risk of future disease conversion. Gene

therapy delivered using viral vectors have demonstrated this promise in spinal

muscular atrophy517. However, because the precise molecular genetic mechanisms of

disease are uncertain, the conceptual design of gene therapy interventions remains

challenging, and the therapeutic benefit uncertain. Gene therapy trials using

antisense oligonucleotides (ASO) delivered through lumbar puncture have begun in

individuals with ALS. The first Phase 1 trial in C9orf72 -associated ALS has met

safety and tolerability endpoints, but no evidence of clinical benefit or secondary

endpoint improvement518,519. There remain significant ethical concerns about

extending trials to presymptomatic individuals given the morbidity associated

with repeat lumbar puncture and adverse effects associated with early generation

ASOs. FDA approval has been granted for a phase 3 trial of a SOD1 -targeted

antisense oligonucleotide (tofersen) in presymptomatic individuals with elevation in

plasma neurofilament light chain triggering treatment initiation520. Neurofilament

light chain levels in plasma and CSF serve as response biomarkers506 potentially

indicating a biological response in individuals exposed to treatment.

Further study of cortical excitability in presymptomatic disease could identify

non-gene therapeutic targets. A disinhibited left hemisphere motor “hot-spot” and

primary secondary motor connectivity are two candidates that could be modulated

using a wide range of pharmacological521 or brain stimulation techniques522.
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