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Abstract
Amyotrophic lateral sclerosis (ALS), the commonest form of motor neuron disease

(MND), is a fatal, typically rapidly-progressive neurodegenerative syndrome without highly-
effective disease-modifying treatment. A diverse range of upstream cellular perturbations
converge on a common clinical pathway. A major impediment to the development of effica-
cious treatment is the lack of sensitive, objective measures of the disease process to enable
early diagnosis, stratification and monitoring necessary for therapeutic trials. The experi-
ments described in this thesis aim to develop novel biomarkers using mass spectrometry-
based proteomic analysis of cerebrospinal fluid (CSF) and, to provide improved access to
the intracellular compartment of central nervous system (CNS) cells, CSF-derived extra-
cellular vesicles (EVs).

A high-throughput proteomic analysis of individual whole CSF samples from patients
with ALS and healthy controls, patients with ALS-mimicking conditions and the upper
motor neuron only variant primary lateral sclerosis (PLS) was performed. This analysis
demonstrated elevation of three chitinase proteins, Chitotriosidase-1 (CHIT1), Chitinase-
3-like protein 1 (CHI3L1) and Chitinase-3-like protein 2 (CHI3L2) in the CSF of ALS
patients. Chitinase proteins correlated with the rate of progression of the disease and
the marker of axonal degeneraton phosphorylated neurofilament heavy chain (pNFH) and
changed little over time in longitudinal analysis.

The elevation of chitinase proteins was validated using a commercially-available enzyme-
linked immunosorbent assay (ELISA). Additional analysis of chitinase proteins and clinical
parameters identified correlations between the burden of upper motor neuron (UMN) signs
and degree of cognitive dysfunction with CHI3L1, whilst CHI3L2 and CHIT1 correlated
with the rate of symptom progression and axonal degeneration as measured by pNFH. This
provides evidence that the different chitinase proteins reflect different dimensions of the
glial response in ALS and supports their use as a measure of target engagement in trials
of therapies directed at non-cell-autonomous mechanisms.

In order to enhance access to the intracellular proteome, a method of extraction of
EVs from CSF based on size-exclusion chromatography was employed. Comparison of this
method with current standard methods showed improvement in EV recovery and proteomic
depth. Enrichment analysis comparing whole CSF and CSF EV-enriched proteomes sug-
gested that the EV proteome reflects intracellular processes, contrasting with the secreted
and plasma-derived proteome of whole CSF. Analysis of open access datasets suggests a
predominantly white matter and choroid plexus origin of the EV proteome and additional
overlap with the proteome of cortical and hippocampal neurons.

This optimised EV extraction method was applied to individual CSF samples from a
cohort of ALS patients and controls. This identified alterations in the levels of proteins
involved in proteostasis pathways in ALS CSF, in particular the hexameric proteasome-like
protease bleomycin hydrolase.

In conclusion, the work described in this thesis suggest that the whole CSF proteome in
ALS predominantly reflects a secretory glial response and provides promising biomarkers
of glial activity in ALS, whilst the CSF EV proteome is more reflective of core intracellular
events implicated in ALS.
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1. Introduction

1.1 Amyotrophic lateral sclerosis

Amyotrophic lateral sclerosis (ALS), the commonest form of MND, is a fatal adult-

onset neurodegenerative disease characterised by unmitigating progressive muscle

weakness due to degeneration of UMNs of the motor cortex and lower motor neurons

(LMNs) of the brainstem and spinal cord ventral horn (Brown et al. 2017; Lowe

1994). Most cases occur sporadically, though around 5% are associated with a

family history (Byrne et al. 2011; Zou et al. 2017). ALS has clinical, pathological and

genetic overlap with frontotemporal dementia (FTD) (Strong et al. 2011; Ringholz

et al. 2005; Phukan et al. 2012; Gijselinck et al. 2012; Murray et al. 2011; Renton et

al. 2011; Neumann et al. 2006). Despite two licensed disease-modifying treatments,

ALS remains one of the most aggressive neurodegenerative diseases, leading to death

typically within three years of symptom onset (Kiernan et al. 2011; Steenland et al.

2010).

Over 95% of cases are associated with inclusions of hyperphosphorylated, ubiquiti-

nated, and N-terminally truncated TAR DNA-binding protein 43 (TDP-43) (Neu-

mann et al. 2006). Despite multiple proposed mechanisms, the events leading to

motor neuron death and TDP-43 deposition in ALS remain enigmatic. Current

evidence points towards important roles for perturbations in RNA biology, protein

degradation and quality control, cellular stress and non-cell-autonomous mechanisms

(Taylor et al. 2016).

The development of effective treatment for ALS is hampered by the heterogeneity

of clinical manifestations, course and survival; effective biomarkers to enable strati-

fication, monitoring and diagnosis of patients are imperative to overcome this major
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challenge (Turner et al. 2015).

This introduction will give an overview of the epidemiology, clinical and pathological

features, diagnosis and genetics of ALS, and its proposed pathomechanisms. The

current state-of-the-art in ALS biomarkers will also be summarised, with particular

focus on CSF proteomic analysis.

1.2 Amyotrophic Lateral Sclerosis

1.2.1 Epidemiology of ALS

ALS is an uncommon disease. Its incidence has been best characterised in Europe,

where estimates mostly vary between 1.47-2.43 per 100,000 persons per year (Chio et

al. 2013a). Ascertainment elsewhere has been inconsistent, though estimates have

been similar. Some studies have reported differences in ALS incidence according

to ethnic origin, with lower incidence in people of Afrocarribean and Asian origin

compared with those of European origin in the United States of America (Cronin

et al. 2007).

The mean age of onset of ALS is in the seventh decade, though symptom onset before

age 20 has been observed (Chio et al. 2013a; Logroscino et al. 2010, Figure 1.1).

Incidence appears to taper beyond age 75, though whether this represents inaccurate

reporting or is a function of the disease process is unclear (Logroscino et al. 2010).

ALS is more common in men, with a male-to-female ratio of approximately 1.4:1,

though this approaches unity at older ages (Logroscino et al. 2010; Logroscino et al.

2005; Traynor et al. 1999).

The search for other risk factors of ALS has yielded inconsistent results. Preceding

head trauma, higher levels of physical activity, smoking, exposure to heavy metals,

military service and exposure to pesticides have all at times been associated with
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Figure 1.1: Age of symptom onset in ALS based on data from the Oxford MND
Centre clinic database. Histograms illustrating age of onset counts A stratified by
site of onset and B stratified by gender.

increased risk of developing ALS (Wang et al. 2017); the most consistent association

appears to be that of physical activity with risk of ALS (Visser et al. 2018).

1.2.2 Clinical features of ALS

Progressive weakness is the principal presenting symptom of ALS, beginning focally

in one limb in the majority of cases (over 60%), with the remainder beginning in

the bulbar territory with alteration in speech and swallowing (around 30%), or

rarely in the truncal musculature (limb or truncal onset together referred to as

spinal ; Chio et al. 2011; Gubbay et al. 1985). Onset site varies with age, bulbar

onset being more common in older age (Chio et al. 2011, Figure 1.1). Muscle

cramps are a common accompanying symptom (Gubbay et al. 1985). Although

widespread muscle fasciculation is a frequent examination finding at presentation

and may predate weakness, it is seldom the presenting complaint (Gubbay et al.

1985).

Weakness is accompanied by symptomatic frontal dysexecutive and behavioural dys-

function in under 5% of cases, although neurospychometric testing identifies a degree
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of cognitive dysfunction in up to 50% of patients (Strong et al. 2011; Ringholz et al.

2005; Phukan et al. 2012).

Mood-incongruent or excessive crying or, less frequently, laughter (known as pseu-

dobulbar affect) is common in patients with ALS, particularly those with bulbar

involvement (Gallagher 1989; Thakore et al. 2017). This occurs in effect as hyper-

reflexia of emotional responses due to degeneration of corticobulbar fibres (Swash

et al. 2017).

Sensory symptoms, in particular pain correlating with the degree of impairment,

are present in a minority of patients with ALS; paraesthesiae are rarely reported

at diagnosis and are not the predominant feature (Chio et al. 2012; Gubbay et al.

1985).

Clinical examination findings in ALS reflect the involvement of the two major com-

ponents of the monosynaptic coritomotoneuronal system. UMNs comprise cortical

pyramidal cells principally arising in cortical layer V of the primary motor, sup-

plementary motor and premotor cortical areas. They project axons through the

corticobulbar and corticospinal tracts to the brainstem nuclei and spinal cord ven-

tral horn (respectively), where they synapse directly with LMNs in the spinal cord

ventral horn, of which α motor neurons are the main effectors of voluntary muscle

contraction (reviewed in Martin 2005).

UMN dysfunction is appreciable on clinical examination as spasticity, hyperreflexia

of the deep tendon reflexes and upgoing plantar responses (reflecting loss of de-

scending inhibitory output from UMNs; Swash 2012). In ALS these may also be

accompanied by other pathological reflexes such as the glabellar response and jaw

jerk (Turner et al. 2013a; Strong et al. 2003). LMN dysfunction manifests as muscle

wasting, fasciculation and hyporeflexia (Swash 2012; Turner et al. 2013a). The rel-

ative burden of UMN and LMN involvement on clinical examination in ALS varies

widely between individuals, though establishing the extent of this is difficult since
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extensive LMN dysfunction may obscure UMN signs (Swash 2012).

ALS, PLS and PMA

ALS, with clinical involvement of both UMNs and LMNs, may be separated from

other forms of MND with exclusively UMN signs, known as PLS, and exclusively

LMN signs, known as progressive muscular atrophy (PMA). Whether the subclas-

sification of MND into ALS, PLS and PMA is worthwhile is a matter of debate.

PLS accounts for <5% of MND cases overall (Chio et al. 2011; Le Forestier et

al. 2001). Physical signs reflect exclusive involvement of upper motor neuons, with

spasticity and hyperreflexia in the absence of wasting or fasciculations (Pringle et al.

1992). The diagnosis of PLS requires the absence of physical and electrophysiological

evidence of LMN dysfunction for at least four years from symptom onset (Gordon et

al. 2006). Despite this delay, late onset of lower motor neuron signs (heralding ALS)

is described in over 20% of patients diagnosed with PLS after four years (Gordon

et al. 2006).

The relationship between PLS and ALS is debated. Patients with PLS rarely report

a family history and cases of PLS within ALS pedigrees are scarce (Brugman et al.

2005). Genetic studies have suggested that ALS-associated gene mutations are rare

in patients with PLS, and that mutations associated with other neurodegenerative

diseases are also observed in patients with PLS (Rheenen et al. 2012; Mitsumoto

et al. 2015). This suggests that, whilst a subset of PLS might represent extreme

UMN-dominant ALS, the underlying cellular processes leading to neurodegeneration

may differ from ALS in other cases.

The relationship between ALS and PMA is clearer. Fewer than 5% of patients

present with purely LMN signs (Chio et al. 2011). Of those manifesting only LMN

signs for the entire duration of the disease, around 50% have evidence of UMN

involvement post mortem (therefore actually representing cases of ALS; Ince et al.
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2003). In keeping with these findings, more extensive CNS involvement has been

demonstrated in vivo with the use of magnetic resonance imaging (MRI), showing

altered white matter integrity in PMA (Graaff et al. 2011).

Diagnosing ALS

A typical history of progressive, usually asymmetrical, weakness without significant

sensory loss, accompanied by findings indicative of LMN and UMN dysfunction in

the same anatomical territory, particularly when accompanied by florid fascicula-

tions, is sufficient to make a diagnosis of ALS (Turner et al. 2013a).

Neurophysiological testing may be used as an adjunct to clinical examination to seek

additional evidence of LMN dysfunction, for example identifying LMN dysfunction

where only clinical UMN dysfunction is present or LMN dysfunction in a region

clinically unaffected; or to identify features consistent with conditions known to

present in a similar way to ALS (so-called "mimic" conditions such as multifocal

motor neuropathy with conduction block (MMN) Brooks et al. 2000a; Carvalho et

al. 2008; Turner et al. 2013a).

Consensus diagnostic criteria based on clinical and neurophysiological findings were

initially established in 1990 and subsequently revised to improve upon the low sen-

sitivity of early versions (Brooks 1994; Brooks et al. 2000a; Carvalho et al. 2008),

particularly early in the disease and in patients with bulbar onset of symptoms (Car-

valho et al. 2009; Schrooten et al. 2011). Whilst these criteria may be useful in the

context of clinical research, they, along with distinctions into clinically definite, clin-

ically probable and clinically possible, are of limited use to patients suffering ALS,

for whom they may delay diagnosis and create uncertainty when compared to the

performance of an experienced clinician (Schrooten et al. 2011).

Additional ancillary investigations are typically employed in the exclusion of mimic

conditions, such as serum Creatinine kinase (CK) and muscle biopsy, where myopa-
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thy is suspected; MRI in order to exclude mimics such as cervical myeloradiculopathy

in upper limb-onset cases (noting that corticospinal tract hyperintensity at multiple

intracranial levels using fluid attenuated inversion recovery (FLAIR) MRI sequences

is observed in a proportion of patients with ALS, which might provide evidence of

UMN involvement in cases with clinical evidence of LMN dysfunction clinically;

Carvalho et al. 2008; Turner et al. 2013a; Hecht et al. 2001; Jin et al. 2016).

1.2.3 Natural history and prognosis of ALS

The weakness of ALS progresses both in degree at the site of onset and spatially to

contiguous anatomical segments (Ravits et al. 2007; Ravits et al. 2009). The rate of

accrual of disability and muscle weakness appears to change little once symptoms

are established, though whether the decline is linear is controversial (Proudfoot et al.

2016; Gordon et al. 2010; Munsat et al. 1988). Muscle weakness eventually involves

the diaphragm leading to progressive neuromuscular respiratory dysfunction, which

is the most frequent cause of death from ALS (Corcia et al. 2008). Although in most

cases death occurs within three years of symptom onset, there is wide variation in

the survival of patients with ALS, ranging from months to over 10 years in up to

10% of patients (Logroscino et al. 2010; Norris et al. 1993).

Several factors have been identified that are associated with shortened or prolonged

survival in ALS. Older age at symptom onset, accompanying FTD, symptom onset

in the bulbar or respiratory territory, the presence of combined UMN and LMN

signs, a high intrinsic rate of progression and a short latency from symptom onset

to diagnosis are associated with shortened survival. Regionally-restricted forms,

such as the so-called "flail-arm" variant, which may remain confined to the upper

limbs for several years, and exclusively LMN or UMN signs (i.e. PLS or PMA) are

associated with better prognosis (Chio et al. 2011; Logroscino et al. 2010; Westeneng

et al. 2018; Knibb et al. 2016, Figure 1.2).
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Figure 1.2: Survival of ALS patients, based on data from the Oxford MND Centre
clinic database. A stratified by site of onset B stratified by age of onset (older or
younger than median age of onset).

Some genetic forms of ALS are also associated with altered prognosis. Expansions in

C9orf72 are associated with shortened survival (Irwin et al. 2013). Mutations in FUS

are also associated with shortened survival, with particularly aggressive juvenile-

onset cases desribed (Groen et al. 2010; Baumer et al. 2010). Some SOD1 mutations

are associated with shortened survival (such as G93A and A4V mutations), whilst

others are associated with longer survival (G93C and D90A mutations; Yamashita

et al. 2015).

1.2.4 Neuropathology of ALS

The major pathological changes of ALS reflect the involvement of both lower and

upper motor neuron populations. At the LMN level, loss of spinal cord ventral horn

and brainstem motor neurons is observed, accompanied by loss of large myelinated

fibres and axonal degeneration in the ventral root (Saberi et al. 2015). Loss of layer

V pyramidal cells including Betz cells of the motor cortical regions (particularly

the primary mortor cortex, but also the premotor cortex and supplementary motor

cortex) is seen, along with degeneration of the corticospinal tracts (Saberi et al.
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2015).

Glial pathology occurs in ALS. Widespread astrogliosis and microglial reactivity

has been observed in ALS, both in vivo and post mortem (Schiffer et al. 1996; Nagy

et al. 1994; Kushner et al. 1991; Turner et al. 2004; Brettschneider et al. 2012).

Pathological aggregates of phosphorylated, ubiquitinated and N-terminally trun-

cated forms of the ribonucleic acid (RNA)-binding protein TDP-43 are found in

95% of cases in cortical and ventral horn neurons in ALS (Neumann et al. 2006).

This is accompanied by loss of the normal nuclear staining of TDP-43 in affected

neurons (Neumann et al. 2006). TDP-43-positive inclusions are also observed in

oligodendrocytes (Brettschneider et al. 2013). Similar changes are observed in af-

fected regions in around 50% of cases of FTD (Neumann et al. 2006). Although a

characteristic and widespread feature of ALS, TDP-43 inclusions may be observed

in other neurological conditions including Alzheimer’s disease and chronic traumatic

encephalopathy (McKee et al. 2015; Josephs et al. 2017).

The extent of post mortem phospho-TDP-43 pathology has been used to construct

a 4-part pathological staging system for ALS pathology (Brettschneider et al. 2013;

Braak et al. 2013), due to the almost heirarchical observation of the location of TDP-

43 pathology in the samples studied: all cases demonstrated pathology in spinal cord

and brainstem motor neurons, and agranular motor cortex; a subset of cases also

demonstrated involvement of reticular formation and precerebellar nuclei; a subset

of these had involvement of prefrontal cortex and basal ganglia; a subset of these

also showed involvement of temporal lobe structures (Brettschneider et al. 2013).

1.2.5 Genetics of ALS

Although ALS is usually sporadic, around 5% of patients will report a family his-

tory of ALS or FTD in a first degree relative, indicating an autosomal dominantly
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Figure 1.3: Frequency of major ALS genes in sporadic and familial ALS. Based
on data from Zou et al. 2017.

inherited trait (Byrne et al. 2011). Recessively inherited cases are also described,

though these are extremely rare (Maruyama et al. 2010). It has also become clear

that mutations in the known ALS-associated genes are found in a small proportion

of apparently sporadic cases, due to incomplete penetrance, early parental mortality,

non-paternity or de novo mutation (Majounie et al. 2012; Chio et al. 2008).

An additional genetic contribution to the susceptibility to sporadic ALS is supported

by twin concordance data, estimating heritability to be around 61% (Al-Chalabi

et al. 2010). Several genes conferring increased risk of developing ALS have been

identified, though the extent of genetic changes contributing to altered risk is not

established.

Although over 30 candidate ALS genes have been identified, 48% of familial ALS

cases (and 5% of sporadic cases) are attributable to mutations in four genes: C9orf72,

SOD1, TARDBP and FUS (Figure 1.3; Zou et al. 2017).
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C9orf72

Expansion of the hexanucleotide repeat (GGGGCC)n in intron 1 of the C9orf72

gene is the most common cause of familial ALS and FTD, found in 39% of familial

and 7% of sporadic ALS cases in Europe and the USA, though is less common in

Asia (Renton et al. 2011; Murray et al. 2011; Majounie et al. 2012; Zou et al. 2017).

C9orf72 -associated ALS and FTD are clinically and pathologically indistinguishable

from sporadic ALS (Murray et al. 2011).

Three non-exclusive mechanisms by which the C9orf72 hexanucleotide repeat expan-

sion causes ALS and FTD are hypothesised, though the relative contribution of these

mechanisms and the precise means of toxicity remain unresolved. Haploinsufficiency

of the C9orf72 protein is observed in post mortem tissue, with reduced expression

of isoform A (Murray et al. 2011). The C9orf72 protein is involved in autophagy

and downregulation is hypothesised to increase the toxicity of aggregation-prone

proteins, though evidence is conflicting (Sellier et al. 2016; Therrien et al. 2013;

O’Rourke et al. 2016).

Sense and antisense transcription of the repeat region leads to the formation of RNA

foci which are detectable in post mortem human brain and spinal cord and induced

pluripotent stem cell (iPSC)-derived motor neurons (Murray et al. 2011; Lagier-

Tourenne et al. 2013; Almeida et al. 2013). RNA foci interact with RNA binding

proteins and might lead to widespread alterations in gene splicing, thereby mediating

neurodegeneration (Cooper-Knock et al. 2014; Donnelly et al. 2013; Sareen et al.

2013; Prudencio et al. 2015).

Sense and antisense C9orf72 repeat transcripts are also translated by a process

known as repeat-associated non-ATG translation (RAN translation), also described

in other repeat-associated neurodegenerative diseases, leading to the production

non-canonical proteins from all reading frames (Cleary et al. 2013). The resultant

dipeptide repeat proteins are neurotoxic and form p62-positive, TDP-43-negative
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cytoplasmic and nuclear aggregates within neurons (Mori et al. 2013).

SOD1

The first identified ALS-assoicated genetic mutations were in the SOD1 gene, en-

coding the antioxidant enzyme Superoxide dismutase [Cu-Zn] (SOD-1) (Rosen et al.

1993). Over 180 mutations in SOD1 have been identified, accounting for 18.9% of

familial ALS and 1.2% of sporadic cases in a recent meta-analysis, with some global

variation (SOD1 mutations being more common in Asian populations; Zou et al.

2017).

SOD1 ALS presents as typical ALS without cognitive impairment, otherwise indis-

tinguishable from sporadic ALS, though bulbar onset is less frequent (Cudkowicz

et al. 1997; Yamashita et al. 2015).

TARDBP

Mutations in TARDBP, which encodes TDP-43, are associated with ALS (Neumann

et al. 2006). TARDBP mutations account for an estimated 3.3% of familial and 0.5%

of sporadic ALS cases (Zou et al. 2017). Although TARDBP mutations mostly

manifest clinically as typical ALS (Sreedharan et al. 2008; Gitcho et al. 2008; Van

Deerlin et al. 2008; Kirby et al. 2011), TARDBP mutations have also been identified

in patients with FTD (Benajiba et al. 2009).

Over 50 ALS-associated mutations in TARDBP have been identified. Almost all

of these fall within the C-terminal low complexity domain of TDP-43, a highly

conserved region involved in protein binding and liquid-liquid phase separation in

the formation of stress granules (Molliex et al. 2015).
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FUS

Mutations in FUS, encoding RNA-binding protein FUS (FUS), account for an esti-

mated 3.0% of familial and 0.4% of sporadic cases of ALS (Zou et al. 2017). FUS

mutations usually cause typical ALS (Kwiatkowski et al. 2009), as well as juvenile-

onset ALS and FTD (Baumer et al. 2010; Van Langenhove et al. 2010). In addition,

FUS mutations have also been detected in patients with essential tremor (Merner

et al. 2012).

FUS has both functional and structural features in common with TDP-43. Struc-

tural similarities include the presence of glycine-rich low complexity domains, an

RNA recognition motif (RRM) and nuclear localisation sequence (NLS). Like TDP-

43, FUS binds both DNA and RNA with a role in regulating gene expression and

RNA splicing (Dormann et al. 2013). Unlike TARDBP, however, ALS-associated

mutations in FUS have been identified throughout the length of the FUS gene, in

particular the NLS and not confined to the low complexity domain as observed in

TARDBP (Deng et al. 2014). Inclusions in FUS -ALS are immunopositive for FUS

and not TDP-43 (Baumer et al. 2010).

Other Gene Mutations

Mutations in at least 28 other genes have been implicated in causing ALS, includ-

ing genes encoding proteins involved in RNA processing (HNRNPA1 and MATR3 ;

Kim et al. 2013; Liu et al. 2016; Johnson et al. 2014; Leblond et al. 2016), axonal

cytoskeletal and trafficking components (NEFH, TUBA4A and DCTN1 ; Al-Chalabi

et al. 1999; Skvortsova et al. 2004; Smith et al. 2014; Puls et al. 2003; Munch et al.

2004; Munch et al. 2005), and proteins involved in autophagy and proteasomal path-

ways (UBQLN2, SQSTM1 and TBK1 ; Deng et al. 2011; Fecto et al. 2011; Hirano

et al. 2013; Le Ber et al. 2013; Teyssou et al. 2013; Cirulli et al. 2015; Freischmidt

et al. 2015).
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ALS as an oligogenic disease

Twin concordance data suggests that familial ALS does not capture the extent of

the genetic contribution to ALS susceptibility (Al-Chalabi et al. 2010). A number of

genes conferring increased risk of developing ALS have been identified, such as NEK1

(Kenna et al. 2016), ANG (Es et al. 2011) and intermediate-length expansions in the

SCA2 CAG repeat (27-33 repeats assoicated with ALS, >33 mutations associated

with spinocerebellar ataxia type 2 (SCA2); Elden et al. 2010), alongside genes that

are associated with altered prognosis (for example DAO and UNC13A; Cirulli et al.

2015; Diekstra et al. 2012; Chio et al. 2013b).

Increasingly, ALS cases and families are being identified that harbour more than one

ALS-associated gene mutation or variant, occuring more frequently than would be

expected by chance (Blitterswijk et al. 2012; Bury et al. 2016). Oligogenic inheri-

tance might go some way to explaining the mismatch between estimates of heritabil-

ity and the reported incidence of familial cases; it may also indicate that current

estimates of penetrance of well-characterised mutations such as the C9orf72 hexanu-

cleotide repeat expansion, largely based on kindreds potentially carrying multiple

risk-modifying variants, are overestimated.

1.2.6 Pathomechanisms in ALS

No single hypothesis has emerged that satisfactorily explains the clinical and neu-

ropathological changes of ALS. Epidemiological evidence suggests that ALS is a

multi-step process, requiring the accumulation of cellular events that lead to neu-

rodegeneration, somewhat akin to the accrual of somatic mutations in cancer (Al-

Chalabi et al. 2014). The following section will discuss some of the leading hypoth-

esised mechanisms in ALS pathogenesis.
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Figure 1.4: Proposed cellular mechanisms underlying ALS. Multiple cell-
autonomous and non cell-autonomous mechanisms are proposed to contribute to
ALS. A Microglial activity is observed in ALS and is an early feature in the
SOD1G93A mouse model. Downregulating microglial activity may have a modulating
effect on ALS. B Oligodentrocyte numbers are reduced in ALS and loss of trophic
support due to downregulation of monocarboxylic acid transporter 1 (MCT1) may
contribute to neurodegeneration. C Alterations in astrocytic Excitatory amino acid
transporter 2 (EAAT2) may increase extracellular glutamate and contribute to ex-
citotoxic loss of motor neurons. D Trans-synaptic and intercellular transfer of mis-
folded proteins is a proposed mechanism of spread of neurodegeneration in ALS,
occuring via EV-dependent and independent mechanisms. E Alterations in RNA
processing including splicing and stability of certain pre-messnger RNAs (mRNAs)
has been demonstrated due to TDP-43 loss of nuclear function. F ALS-associated
mutations in the nuclear localisation sequence of FUS are associated with ALS
and disruption of the nuclear localisation sequence of TDP-43 recapitulates TDP-
43 aggregation in animal models. G proteins encoded by ALS-associated genes
are incorporated into stress granules and ALS-associated mutations disrupt stress
granule dynamics. This is proposed as a pre-aggregation stage. H Autophagy and
ubiquitin-proteasome system (UPS) function decline with age. Mutations in UPS
and autophagy genes disrupt protein degradation and are associated with ALS.
Downregulation of UPS or autophagy leads to neurodegeneration in animal models.
I TDP-43, FUS and other RNA-binding proteins encoded by ALS genes are highly
aggregation prone, and demonstrate seeded aggregation in vitro. J Mutations in
cytoskeletal proteins are associated with ALS.
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Glial cells and non-autonomous mechanisms in ALS pathogenesis

Glial cells are of key importance to the health of CNS neurons, with functions

including trophic support, innate immunity, synaptic remodelling and neurotrans-

mitter metabolism (Jakel et al. 2017). Glial pathology in CNS regions affected

by ALS have long been known, though their role in the disease whether causing,

exacerbating or protecting against neurodegeneration has been hotly debated for

decades.

Microglia Considered part of the innate immune system, microglia are myeloid

cells derived from the monocyte-macrophage lineage (Jakel et al. 2017). Reactive

microgliosis is a phenomenon observed in virtually all CNS pathologies including

neurodegenerative disease, and ALS is no exception (McGeer et al. 1993); similarly,

the controversy surrounding their role is not unique to ALS. In post mortem tissue,

microglial pathology is found in the spinal cord ventral horn (sometimes in close

contact with motor neurons) within the corticospinal tracts, subcortical white matter

and motor cortex of patients with ALS (Kawamata et al. 1992; Brettschneider et

al. 2012). Microglial morphology varies by region, with elongated and branched

microglia found in the ventral horns compared with more rounded shape in the

white matter of the corticospinal tract (Brettschneider et al. 2012).

Microglial activation has also been observed in the brain of ALS patients in vivo

using positron emission tomography (PET) ligands for the peripheral benzodiazepine

receptor, which is expressed by activated microglia (Turner et al. 2004; Zurcher et

al. 2015). These studies have reproducibly demonstrated evidence of microglial

activation in the precentral gyrus and brainstem of patients with ALS compared

to healthy controls. This activation correlates with the burden of clinical UMN

dysfunction.

An increase in microglial number is observed in the SOD1G93A mouse model of ALS
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and is detectable before the onset of motor phenotype, when neuronal loss is minimal

and prior to astrocyte activation and T-cell infiltration (Alexianu et al. 2001; Saxena

et al. 2009). Microglial morphology and phenotype appear to change through the

disease course, with anti-inflammatory Interleukin (IL)-10-secreting microglia pre-

dominating in early disease and increased expression of pro-inflammatory cytokines

IL-1 and Tumor necrosis factor alpha (TNFα) at later stages (Ohgomori et al. 2016;

Gravel et al. 2016; Beers et al. 2011).

Evidence for a protective or detrimental role for microglia in SOD1 rodent models

of ALS is somewhat contradictory. Inhibition of microglial activation and prolifer-

ation via blockade of the cytokine receptor Macrophage colony-stimulating factor 1

receptor (CSF1R) (Martinez-Muriana et al. 2016) and selective reduction of mutant

SOD-1 in microglia (Boillee et al. 2006; Trias et al. 2016) have both been shown

to improve survival, though ablation of proliferating microglia has no appreciable

effect on survivial (Gowing et al. 2008).

Little evidence of the role of microglia has been provided by TDP-43-based mod-

els. In the TDP-43 RLS8 mouse model, with motor neuron-restricted doxycycline-

suppressible expression of a NLS-sequence deleted human TDP-43 (Walker et al.

2015), clearance of aggregated TDP-43 in motor neurons and recovery of motor

function is dependent upon microglia, suggesting a possible protective role for mi-

croglia (Spiller et al. 2018).

Evidence from these rodent models must be interpreteted with caution in the con-

text of ALS, since neither overexpression of SOD-1 nor deletion of the TDP-43 NLS

faithfully recapitulate the human disease. Nonetheless, the evidence for a detri-

mental effect of microglia in ALS has been deemed sufficient for clinical trials of a

CSF1R inhibitor, Masitinib, to proceed in humans.
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Astrocytes and excitotoxicity Widespread astrogliosis has been shown in spinal

cord ventral horn, cerebral cortex and subcortical white matter of post mortem tissue

from ALS patients (Schiffer et al. 1996; Nagy et al. 1994; Kushner et al. 1991).

Reduced expression of the astrocytic glutamate transporter EAAT2 and reduced

synaptosomal glutamate transport, essential for the maintenance of low extracellular

glutamate concentrations, has also been described in post mortem specimens (Sasaki

et al. 2000; Rothstein et al. 1995; Rothstein et al. 1992; Rothstein et al. 1996).

Spinal motor neurons appear to be particularly susceptible to toxicity from excessive

glutamate, specifically via ionotropic glutamate receptor-mediated calcium influx

(Van Den Bosch et al. 2000). This increased susceptibility may relate to lower

expression of calcium-buffering proteins such as parvalbumin and calbindin when

compared to motor neurons from regions infrequently affected by ALS, specifically

the nuclei supplying the extraocular muscles and Onuf’s nucleus (Alexianu et al.

1994).

Elevated glutamate in CSF from ALS patients has been inconsistently demonstrated,

suggesting that these reductions in EAAT2 may result in increased extracellular

glutamate (Shaw et al. 1995). These findings, however, are not supported by post

mortem studies which have instead found reduced levels of glutamate in spinal cord

ventral horn (Tsai et al. 1991; Malessa et al. 1991); a more recent metabolomic study

of CSF also found reduced levels of glutamate (Wuolikainen et al. 2011).

CSF from ALS patients is neurotoxic, in a motor neuron-preferential fashion; this

effect can be abrogated by blocking ionotropic glutamate receptors, providing addi-

tional evidence that excitotoxicity is relevant in vivo (Sen et al. 2005). Interestingly,

sensitivity to excitotoxicity may be exacerbated by C9orf72 haploinsufficiency (Shi

et al. 2018).
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Oligodendroglia Reduced numbers of oligodendrocytes are also observed post

mortem in motor cortex, corticospinal tract and ventral horn of patients with

ALS accompanied by proliferation of NG2+ oligodendrocyte precursors (Kang et

al. 2013). Oligodendrocytes provide myelination of CNS axons as well as trophic

support for axons, including the provision of glycolytic substrates via MCT1. Loss

of oligodendroglial MCT1 is neurotoxic and leads to an axonopathy in mice, and

levels of MCT1 are decreased in the motor cortex of patients with ALS (Lee et al.

2012). This implies that oligodendrocyte loss might exacerbate neurodegeneration

rather than occuring purely as a secondary consequence.

RNA biology in ALS

TDP-43 has roles in multiple aspects of RNA biology, including transcription regu-

lation, splicing and micro-RNA (miRNA) processing (Lagier-Tourenne et al. 2010).

The identification of mutations in genes encoding additional RNA binding proteins

(FUS, MATR3 and HNRNPA1 ) has further cemented RNA biology at the centre of

efforts to understand the cellular mechanisms leading to neurodegeneration in ALS.

TDP-43 binds UG-rich motifs, mostly in intronic regions of pre-mRNA within the

nucleus (Tollervey et al. 2011). The subcellular mislocalisation of TDP-43 observed

in ALS post mortem tissue, whereby the normal nucleus-restricted TDP-43 im-

munoreactivity is lost and cytoplasmic TDP-43 observed instead, raises the possi-

bility of a loss of nuclear function as a contributing mechanism in ALS (Neumann

et al. 2006).

Knockdown of TDP-43 in mice leads to reduced expression of genes involved in

synaptic activity and function, as well as leading to alternative splicing of a large

number of genes (Polymenidou et al. 2011). Alternative splicing events have also

been demonstrated in mouse models overexpressing wild-type and ALS-associated

mutant human TDP-43, showing a dose-dependent effect of TDP-43 on splicing
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(Arnold et al. 2013). Some evidence also suggests that alternative splicing events

mediated by nuclear TDP-43 depletion may lead to the production of protein iso-

forms with increased fibrilization potential, implying that splicing dysregulation

might exacerbate protein aggregation in ALS (Deshaies et al. 2018).

Differential splicing has also been demonstrated in LMNs from patients with ALS,

affecting 24% of genes analysed, including 15 of the genes known to cause ALS

and overlapping significantly with alternative splicing events detected in fibroblasts

carrying TARDBP mutations (Highley et al. 2014). Gene ontology (GO) enrichment

analysis of this data identified enrichment of genes involved in RNA splicing, protein

localization and cytoskeletal organization in those differentially spliced or expressed.

Similar to TDP-43, FUS appears to stabilise long pre-mRNA (though there is only

modest overlap between TDP-43 and FUS in terms of which pre-mRNAs they sta-

bilise; Lagier-Tourenne et al. 2012). FUS also regulates pre-mRNA splicing, with

differential splicing of genes involved in nervous system development and some over-

lap with alternative splicing events regulated by TDP-43 (Rogelj et al. 2012; Lagier-

Tourenne et al. 2012).

Proteostatic mechanisms

Protein degradation mechanisms are of major interest across the neurodegenerative

diseases, since their shared pathological hallmark is the accumulation of aggregated

proteins. The two major cellular protein degradation mechanisms, the autophagy-

lysosome system (responsible for bulk degradation of organelles and aggregates) and

the UPS (responsible for degradation of damaged or misfolded proteins), deteriorate

with age and may contribute to the pathogenesis of ALS (Saez et al. 2014; Vilchez

et al. 2014; Keller et al. 2000; Lipinski et al. 2010).

The hallmark aggregates of ALS contain TDP-43 that has been polyubiquitinated

suggesting that it has been targeted for degredation in the UPS or via autophagy
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(Neumann et al. 2006). TDP-43 inclusions also co-localise with p62 (Sequestosome-

1), an autophagy regulator that targets ubiquitinated proteins for autophagy and is

mutated in a small proportion of ALS cases (Bjorkoy et al. 2005; Fecto et al. 2011).

Mutations in VCP, also seen in a minority of ALS patients as well as multisystem

proteinopathy (MSP), are associated with defective maturation of autophagosomes

(Johnson et al. 2010; Tresse et al. 2010). Inhibition of autophagy is sufficient to

cause widespread neurodegeneration in mice, though this is not specific to the motor

system (Hara et al. 2006).

Reductions in the levels and catalytic activity of proteasomal 20Sβ5 subunit has been

reported in ALS post mortem spinal cord (Kabashi et al. 2012). ALS-associated mu-

tations in UBQLN2 impair delivery of ubiquitinated proteins to the proteasome and

overexpression of mutated forms of its product Ubiquilin-2 slows proteasomal degra-

dation of proteins, suggesting UBQLN2 mutations might cause ALS by impairing

UPS function (Chang et al. 2015). Knock out of proteasomal subunits in the motor

neurons of mice leads to a motor phenotype with recapitulation of some pathological

features of ALS (Tashiro et al. 2012).

Protein aggregation and prion-like propagation

Protein aggregation is a feature common to neurodegenerative diseases. However, it

remains unanswered whether aggregates are an upstream event leading to toxicity

and cell death or reflect a cellular response to insult, for example sequestering toxic

protein oligomers (Fang et al. 2014; Ojha et al. 2011).

TDP-43 is inherently aggregation prone in vitro, a tendency which is reliant upon

C-terminal glycine-rich low-complexity domain that appears to be responsible for

some protein-protein interactions (Johnson et al. 2009). Aggregation of TDP-43

is also accelerated by the presence of ALS disease-associated TARDBP mutations

(Johnson et al. 2009). TDP-43 aggregation can be initiated in cells overexpressing
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human TDP-43 by the presence of TDP-43 fibrils (Furukawa et al. 2011) or insoluble

TDP-43 extracted from CNS tissue of patients with ALS or FTD (Nonaka et al. 2013;

Smethurst et al. 2016). Overexpression of TDP-43 is also sufficient to cause TDP-43

aggregation (Liu-Yesucevitz et al. 2010).

Such behaviour is not restricted to TDP-43. Around 1% of the human genome en-

codes proteins that are predicted to have a high propensity to fibrilize (so-called

prion propensity score), with a significant 12-fold enrichment of RNA-binding pro-

teins (King et al. 2012). Of the 11 RNA-binding proteins with the highest prion

propensity score, six have been assoicated with mutations that are causative of ALS

(King et al. 2012).

Similarly, though not an RNA binding protein, ALS-associated mutations in SOD1

lead to accelerated SOD-1 aggregation in cells, though no convincing relationship

between in vitro aggregation propensity and age of ALS onset or survival in patients

with different SOD1 mutations has been demonstrated (Prudencio et al. 2009). In

vitro intercellular seeding of misfolded mutant SOD-1 in conditioned medium has

also been demonstrated and is inhibited by depletion of endogenous SOD-1 (using

small interfering RNA (siRNA) knock-down in recipient cells) suggesting that this

seeding proceeds by inducing misfolding in the endogenous wild-type protein (Grad

et al. 2014).

The finding that aggregation can be initiated by "seeding" with preformed aggre-

gates is of particular interest. This is because it provides a potential substrate for

the observed spatial spread of ALS symptoms and signs through the neuraxis by a

mixture of local intercellular means and more distant spread via axonal transport

systems, the CSF or systemic circulation (Ravits et al. 2009).

Such a mechanism is widely accepted in prion diseases such as Creutzfeldt-Jakob dis-

ease (CJD), whereby misfolded prion protein (PRPSc) initiates misfolding of native

prion protein (PRPC) (Prusiner 1982). Compelling evidence of the spread of patho-
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logical proteins has also been found in Parkinson’s disease, where Lewy bodies have

been observed within mesencephalic stem cell transplants, implying host-to-graft

transmission of misfolded α-synuclein (Kordower et al. 2008).

Mechanisms of intercellular spread The means by which such misfolded pro-

teins would spread between cells is debated. In CJD, spread through macropinocy-

tosis (Wadia et al. 2008) and via tunnelling nanotubes (Gousset et al. 2009) has been

suggested, though most evidence points to a major role for EVs (see subsection

1.3.2 for further details of EV biology; Fevrier et al. 2004; Vella et al. 2007; Alais

et al. 2008; Guo et al. 2016).

Similar mechanisms might lead to hypothesised "prion-like" spread in ALS, though

work to establish the means by which spread might occur is limited and focuses

mainly on EVs.

Excretion of wild-type human and mouse SOD-1 has been documented in exosomes

(the most studied of the EV subtypes) purified using sucrose-density gradient ul-

tracentrifugation (UC), though interestingly SOD-1G93A may be released in smaller

quantities (Gomes et al. 2007). Misfolded SOD-1 appears to localise to the outer

surface of exosomes in vitro studied using immunogold labeled electron microscopy

(EM), with some SOD-1 not localised to exosomes but free in conditioned medium

(Grad et al. 2014).

Release of TDP-43 in EVs has been demonstrated in cell culture models overex-

pressing TDP-43, both on the surface and within the lumen of EVs (Nonaka et al.

2013; Feiler et al. 2015). Enrichment of TDP-43 has also been observed within the

UC pellet of CSF from patients with ALS and FTD, again suggesting release within

EVs (though the amount of EV TDP-43 did not differ between patients and controls;

Feneberg et al. 2014). In N2a cells overrexpressing TDP-43, exosomal secretion of

TDP-43 is enhanced by autophagy or proteasomal inhibition, and elevated levels
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of TDP-43 are found in exosomes extracted from post mortem brain tissue from

patients with ALS compared to healthy controls (Iguchi et al. 2016). Furthermore,

treatment with the inhibitor of exosome formation GW4869 also leads to an increase

in insoluble TDP-43 in CNS tissue of mice expressing TDP-43A315T (though not in

TDP-43WT) accompanied by exacerbation of behavioural phenotype. This implies

that exosomal release of TDP-43 might in fact be protective (Iguchi et al. 2016).

One study using a luciferase reporter method to detect TDP-43 oligomers in com-

bination with a microfluidic chamber system demonstrated intercellular spread of

TDP-43, possibly indicative of transynaptic spread via EVs (Feiler et al. 2015).

Alternative mechanisms of spread might also be important: rat neural stem cell-

derived neurons and glial cells, transduced to produce wild-type TDP-43 and TDP-

43 C-terminal fragments with concurrent proteasome inhibition, have been shown to

produce cytoplasmic TDP-43 aggregates which, following death of cells containing

aggregates, can be taken up by neighbouring neurons (Ishii et al. 2017). Although

the mechanism of uptake in this model was not elucidated, it suggests that EVs are

not the only possible means of spread of toxic protein species in ALS.

Although intercellular spread of pathogenic proteins is an attractive explanation for

the observed spread of symptoms in ALS, evidence is largely based on in vitro over

expression models with a lack of in vivo support and does not adequately explain

some aspects of the disease, such as the presence of widespread fasciculations prior

to onset of weakness that occurs in some cases.

Integrating disease mechanisms The means by which different mechanisms in-

terrelate and contribute to ALS is not understood. As outlined in the multi-step

hypothesis, it is likely that accrual of abnormalities in several pathways is required

to cause ALS (Al-Chalabi et al. 2014). The heterogeneity of genes associated with

ALS, however, suggest that defects in diverse pathways converge on the final com-

mon pathway of motor neuron degeneration and clinical ALS. Therefore, although
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multiple steps are required to cause ALS, these steps are unlikely to be the same

in all cases (Turner et al. 2013b; Van Damme et al. 2017). This concept has major

implications for the success of potential treatments targeting specific disease mech-

anisms and suggests that some form of molecular classification of ALS may one day

be a major factor in determining appropriate therapy for individual patients.

1.3 Biomarkers of ALS

The concept of a biological marker has been around since the mid 20th century,

though the term biomarker first found use in clinical literature in the 1970s (Porter

1957; Order 1977). Perhaps the most widely accepted definition of a biomarker

is that of the National Institute of Health Biomarkers Definitions Working Group,

(2001), describing a biomarker as a characteristic that is objectively measured and

evaluated as an indicator of normal biological processes, pathogenic processes, or

pharmacologic responses to a therapeutic intervention.

Biomarkers can be classified by their purpose, the mechanism of measurement (such

as physical measurements, molecular tests, imaging markers), the pharmacological

level at which they occur (molecular, cellular, tissue or organ) or the mechanism of

action of an intended intervention (Aronson et al. 2017). The taxonomy of disease

biomarkers by purpose has evolved, with recent classifications recognising six types

of biomarker, being used to (1) predict risk of developing a disease, (2) diagnose

disease, (3) measure the severity of disease, (4) measure the stage of disease, (5)

predict or measure treatment response (theranostic) and (6) predict prognosis (Davis

et al. 2015). Surrogate endpoints are a subset of biomarkers that are used in lieu of

a clinical endpoint in the context of clinical trials (Biomarkers Definitions Working

Group, 2001)

There have been over 100 trials of candidate therapies for ALS, with just two drugs
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(riluzole and edaravone) resulting in positive outcomes (Talbot et al. 2018). These

trials have generally relied on measuring variables that change slowly or occur in-

frequently. Typically, functional deterioration, decreasing muscle strength or differ-

ences in survival are compared between treated and untreated groups (Turner et al.

2013a). Consequently trials in ALS are long and costly, and expose potentially vul-

nerable and significantly disabled patients to the inconvenience of prolonged clinical

trial involvement, including toxicity of (largely ineffective) drugs (Cudkowicz et al.

2010).

These issues might be partially mitigated by improvements in outcome measures to

detect an early treatment effect (or lack thereof), ocurring days or weeks after the

commencement of treatment; biomarkers offer a way to accomplish this and enable

early decisions on trial abandonment or continuation (Turner et al. 2015). Delayed

enrollment due to the diagnostic latency of ALS and inappropriate stratification of

patients are other reasons for negative trial outcomes that might benefit from the

use of appropriate biomarkers, not to mention the clinical benefits of accelerated

diagnosis of ALS (or its exclusion, in the case of mimicking conditions), improved

prognostication and mechanistic insights that might be gained from ALS biomarkers.

Features that would constitute an ideal biomarker in ALS have been proposed

(Turner et al. 2009). ALS biomarkers should be (1) sensitive and specific for the

syndrome of ALS, preferably before the onset of symptoms, (2) able to reliably dis-

tinguish clinical phenotypes associated with prolonged survival at symptom onset,

(3) predict regional involvement in advance of symptoms, (4) change in a predictable

way with progression of disease to permit judgement of therapeutic response and

(5) use easily accessable and affordable technology (Turner et al. 2009).

Additional desirable characteristics for biomarkers that have been established for

other neurodegenerative diseases are also applicable in ALS, such as a link between

biomarkers and neuropathological features and that biomarkers should be validated

in neuropathologically confirmed cases (Lewczuk et al. 2018; Shaw et al. 2007).
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Risk biomarkers of ALS

Currently, the only known biomarkers of risk of ALS are the presence of ALS-

associated gene mutations, which are generally only sought in those already diag-

nosed with ALS or with a family history of ALS (Vajda et al. 2017). Notably,

although the presence of an ALS-associated gene mutation might predict the life-

time risk of developing ALS for an individual, it cannot predict when disease onset

might occur. Biomarkers that predict disease onset (for example by detecting cellu-

lar or neuronal network perturbations that predate symptoms) may well be useful

in future to enable the timely initiation of treatment (Benatar et al. 2012)

Diagnostic biomarkers

The median latency from symptom onset to diagnosis in ALS is approximately 11

months, though much of this delay is attributable to a lack of recognition of the

gravity of symptoms or appropriate referral in primary care (Cellura et al. 2012).

A diagnostic test for ALS is unlikely, therefore, to greatly hasten diagnosis in most

cases, though might be helpful in distinguishing ALS from disorders mimicking ALS

(Turner et al. 2009).

Prognostic biomarkers

The heterogeneity of disease progression and survival in ALS is a major challenge

in order to appropriately counsel patients with respect to their likely survival and

progression of disability, as well as in the efficient conduct of clinical trials (Bowser

et al. 2011). Efforts to overcome this heterogeneity using solely clinical parameters

have produced models that, whilst accurate at predicting disease progression or

survival at the group level (and might reduce the number of participants required

for a clinical trial by as much as 20%), lack accuracy at the individual level (Kuffner
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et al. 2015; Westeneng et al. 2018).

Some biochemical markers have been incorporated into datasets used to produce

algorithms predicting disease progression, but the biofluid markers with the most

convincing association with the rate of disease progression and survival (CSF neuro-

filament proteins) were not included in these analyses, and have not been included

in survival prediction models (Kuffner et al. 2015). It is not known whether the

addition of other biomarkers to these algorithms would improve the accuracy of

predictions.

Although the sequential involvement of body regions in ALS is somewhat pre-

dictable, more accurate prediction of the pattern of regional involvement in an in-

dividual would also be useful in ALS by permitting better planning of symptomatic

interventions (Turner et al. 2009).

Biomarkers of therapeutic efficacy

The prolonged nature of clinical trials in ALS might be circumvented with appropri-

ate markers. Sensitive and rapidly-changing measures of disease activity would allow

the early detection of treatment effect before differences in disability and survival

are detectable (Turner et al. 2015).

Biomarkers that predict response to specific treatments are well established in other

fields, particularly cancer, where the presence of specific gene mutations or receptor

expression can predict response to certain therapeutic approaches (Legha et al. 1978;

Sawyers 2004). Similar approaches might prove useful in ALS. At a simple level,

a genetic test showing presence of an ALS-associated gene mutation might predict

response to antisense oligonucleotide therapy (Miller et al. 2013). More broadly,

biomarkers of specific aspects of ALS pathology, such as neuroinflammation or ox-

idative stress, might predict response to specific therapies in those with sporadic

disease and allow selection of appropriate treatments.
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Biomarkers of progression

Current measures of disease progression in ALS are unsatisfactory. The most widely

employed measure is the revised ALS functional rating scale (ALSFRS-R), a 48-point

functional scale which assesses bulbar, fine motor, gross motor and respiratory do-

mains (Cedarbaum et al. 1999). The total ALSFRS-R declines in an approximately

linear fashion and its level at presentation is associated with survival (Moore et al.

2004; Kaufmann et al. 2005; Proudfoot et al. 2016). It has several limitations, de-

clining slowly over time with the possibility of increasing if a patient overcomes a

physical disability (with the use of aids, for example); there is cross-over of domains

and the validity of the total score as a measure of disease burden is questioned

(Bakker et al. 2017).

Measurement of muscle strength is an attractive progression measure, since weak-

ness is the primary symptom of ALS. Measurement of limb muscle strength may

be achieved using manual muscle testing (MMT), summing or averaging muscle

strength as measured by the Medical Research Council grade, or using more quan-

titative measures such as hand-held dynamometry (HHD) or maximum voluntary

isometric contraction (MVIC). MMT, MVIC and HHD are comparable in terms of

inter-rater and intra-rater reliability, but one study suggested that MVIC lacks sen-

sitivity compared to MMT, most likely due to the smaller number of muscles tested,

though MMT is itself a non-linear scale (Great Lakes A. L. S. Study Group, 2003).

Furthermore, these approaches cannot measure strength in the bulbar territory lim-

iting their usefulness as a global measure of disease burden.

Fluid biomarkers that are objective and sensitive to overall progression of ALS,

independent of site of symptom onset, would therefore be a useful surrogate in

therapeutic trials.
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1.3.1 Cerebrospinal fluid biomarkers of ALS

CSF surrounds the brain and spinal cord filling the ventricles and subarachnoid space

of the CNS (Sakka et al. 2011). Traditional models of CSF physiology purport that

around 80% CSF is produced in the choroid plexus, a secretory epithelium found

in the lateral, third and fourth verntricles, with 20% produced by the ependyma

and parenchyma of the CNS (reviewed in Brinker et al. 2014). More recent studies

suggest significant exchange of CSF and CNS interstitial fluid across the ependymal

surface implying that, although bulk flow from the parenchyma may be low, the

contribution of CNS interstitial fluid constituents to the non-water content of CSF

is likely to be higher (Abbott 2004).

As well as proteins produced in the CNS, CSF contains abundant plasma proteins.

These are found at lower concentrations than plasma, with their CSF concentration

dependent upon concentration in blood, hydrodynamic radius, and the integrity

of the blood-CSF barrier (Reiber 1980; Guldbrandsen et al. 2014; Begcevic et al.

2016). Although CSF is harder to obtain than blood or urine, necessitating lumbar

puncture, its proximity to the site of pathology in ALS, the presence of CNS-specific

proteins and the signal-to-noise ratio afforded by lower concentrations of abundant

proteins when compared to blood, makes CSF the preferred biofluid for biomarker

discovery in ALS.

A wide variety of CSF constituents have been studied in ALS, including neurotrans-

mitters, aggregate components, markers of oxidative stress, amino acids, cytokines

and axonal degeneration markers (Turner et al. 2009; Vu et al. 2017). More recently,

experiments have taken a data-driven approach utilising technologies such as mass

spectrometry and nuclear magnetic resonance (NMR) to perform proteomic and

metabolomic analyses for biomarker discovery (Blasco et al. 2013; Barschke et al.

2017). Some of the major groups of ALS biomarkers are outlined below.
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Neurofilament proteins The most well-characterised CSF biomarkers of ALS

currently are the neurofilament proteins, intermediate filaments that constitute the

major cytoskeletal component of the axon. They are composed of heteropolymers

of neurofilament light, medium and heavy chains (Wang et al. 2012). Elevated CSF

and blood neurofilament levels are not only seen in ALS: neurofilament levels rise

following a diverse range of insults leading to axonal damage from head trauma to

multiple sclerosis (Shahim et al. 2017; Hakansson et al. 2017).

Although CSF neurofilament levels are accurate in distinguishing ALS patients from

healthy controls, with sensitivity and specificity in excess of 90% in more recent stud-

ies, performance differentiating ALS from other neurological diseases (and specifi-

cally ALS mimics) is less well-established (Brettschneider et al. 2006; Zetterberg et

al. 2007; Lu et al. 2015; Ganesalingam et al. 2011). The range of reported sensitiv-

ity to differentiate ALS from mimics is 78-93% for pNFH, 77-89% for neurofilament

light chain (NFL); and specificity 63-94% for pNFH and 63-89% for NFL (Steinacker

et al. 2016; Feneberg et al. 2018; Poesen et al. 2017; De Schaepdryver et al. 2017;

Rossi et al. 2018).

Neurofilament levels have been widely found to correlate with the rate of disease pro-

gression and are associated with shortened survival (Zetterberg et al. 2007; Boylan

et al. 2009; Ganesalingam et al. 2011; Boylan et al. 2013; Lu et al. 2015; Steinacker

et al. 2016; McCombe et al. 2015; Poesen et al. 2017; De Schaepdryver et al. 2017;

Rossi et al. 2018). Though few studies have analysed longitudinal variation, levels

appear to be stable over time and are lower in those taking riluzole, making neu-

rofilaments an attractive measure of disease activity in the context of clinical trials

(Lu et al. 2015; McCombe et al. 2015). However, changes in neurofilament levels

following the initiation of riluzole have not been demonstrated.

Neurofilament levels have been measured in CSF and blood of asymptomatic sub-

jects carrying ALS-associated genetic mutations, in whom no elevation of levels were

detected (Weydt et al. 2016). More recent analysis suggests that a rise in NFL levels
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is detectable in CSF in the 12 months prior to symptom onset in this group, making

neurofilaments a candidate for detection of disease onset prior to the development

of clinical symptoms (Benatar et al. 2018).

There has also been significant interest in CSF levels of the microtubule asso-

ciated protein Tau as a potential diagnostic biomarker of ALS. Several studies

have explored levels of phosphorylated Tau and total Tau as well as the ratio of

phosphorylated-to-total Tau (Grossman et al. 2014; Wilke et al. 2015; Scarafino et

al. 2018). The results of these studies have varied widely, suggesting at present that

measurement of Tau protein is of limited value in the diagnosis of ALS.

Aggregate components Naturally, target driven studies have focused on pro-

tein components of aggregates observed in ALS, in particular TDP-43, SOD-1 and

Cystatin-C. Although TDP-43 has been shown to be elevated in CSF of ALS pa-

tients in several studies in comparison to healthy and disease controls this has not

yielded a useful diagnostic test (Steinacker et al. 2008; Kasai et al. 2009; Noto et al.

2011; Feneberg et al. 2014). Couterintuitively, decreased levels of TDP-43 were as-

sociated with shortened survival in one study (Noto et al. 2011). Most CSF TDP-43

may also be blood-derived, suggesting that its measurement is unlikely to reflect the

underlying pathological burden (Feneberg et al. 2014).

Although different banding patterns are observed in SOD1 mutation carriers on im-

munoblot, overall SOD-1 activity and levels (including the levels of misfolded SOD-1)

are not different in patients with ALS due to SOD1 mutations compared with ALS

patients without SOD1 mutations or controls (Jacobsson et al. 2001; Zetterstrom

et al. 2011). Again, SOD-1 may prove to be useful as a pharmacodynamic marker

in antisense oligonucleotide trials for SOD1 -ALS (Winer et al. 2013; Miller et al.

2013).

Cystatin-C, a highly-abundant CSF protein and component of Bunina bodies, a
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type of protein inclusion found in LMNs in ALS, has been shown to be decreased

in the CSF of patients with ALS in both candidate-driven and proteomic studies

(Ranganathan et al. 2005; Tsuji-Akimoto et al. 2009; Ryberg et al. 2010; Wilson

et al. 2010; Collins et al. 2015). Diagnostic accuracy appears poor, however, with

sensitivity of 52% at best with corresponding specificity of 52% (differentiating ALS

from all controls, 89% differentiating ALS from mimics); lower levels of Cystatin-C

are also associated with worse survival in ALS patients (Wilson et al. 2010).

Cytokines and growth factors A number of cytokines and growth factors have

been explored in the CSF of ALS, with several studies using a multiplex immunoas-

say to measure up to 33 cytokines simultaneously in CSF, serum or plasma from

patients with ALS, other neurological diseases and healthy controls (Mitchell et al.

2009; Tateishi et al. 2010; Furukawa et al. 2015; Tanaka et al. 2006; Guo et al.

2017). Of the markers studied, Granulocyte colony-stimulating factor (CSF3) has

been consistently elevated in all five studies examining CSF, IL-17 has been elevated

in four of these five and Monocyte chemoattractant protein-1 (MCP1) and Vascular

endothelial growth factor (VEGF) in three of five CSF studies. Elevation of IL-17

(along with IL-23, an activator of T-helper (Th)17 cells promoting chronic tissue

inflammation) was demonstrated in a further study (Rentzos et al. 2010).

Diagnostic accuracy of CSF cytokines has been little studied. One study reported a

sensitivity of 88% and specificity of 91% for a panel of five cytokines (Granulocyte-

macrophage colony-stimulating factor (CSF2), IL-2, IL-6, IL-10 and IL-15) selected

from a panel of 30, though this lacks subsequent validation (Mitchell et al. 2009).

Several cytokines have been associated with clinical parameters. In one study, higher

CSF levels of Fibroblast growth factor 2, also known as FGF basic (FGF2) and CSF

and serum VEGF were associated with improved survival, whilst CSF Interferon

gamma (IFNG) was associated with worsened survival in Cox proportional hazards

modelling (Guo et al. 2017). In the same study, MCP1 and IFNG in CSF and serum
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correlated positively with disease progression rate (PR), and VEGF, FGF2 and C-C

motif chemokine 3, also known as monocyte inflammatory protein 1 α (CCL3) in

CSF and serum were negatively correlated with PR.

The CSF proteome in ALS

Various studies have utilised proteomic analysis of CSF to identify novel ALS biomark-

ers over the last 14 years, encompassing a range of mass spectrometry techniques ac-

companied by diverse methods to try to increase the relevance, depth and quantita-

tive accuracy the identified proteome. Although several candidates have overlapped

between studies, biomarkers identified by proteomics have often failed independent

validation.

Candidate protein biomarkers in ALS identified in two or more studies are sum-

marised in Table 1.1.
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The first proteomic study of ALS CSF, published in 2004 (Ramstrom et al. 2004),

used liquid chromatography Fourier transform ion cyclotron resonance (FTICR)

mass spectrometry of trypsin-digested CSF to derive mass spectrograms from 8

healthy control and 9 ALS subjects. These were then used to select features for

classification of a test set comprising 2 healthy control and 3 ALS samples, of which 2

control and 2 ALS samples were classified correctly. Although no candidate markers

were identified in this analysis and evaluation of classifier performance was limited,

it was the first mass spectrometric analysis of CSF from ALS patients and suggested

the possibility of classifiers based on multiple CSF protein features.

Three subsequent studies used surface-enhanced laser desorption-ionisation-time of

flight (SELDI-TOF) mass spectrometry analysis for top-down proteomics of ALS

CSF (Ranganathan et al. 2005; Pasinetti et al. 2006; Ryberg et al. 2010). The

first of these studies created a panel of biomarkers based on differentially abundant

mass peaks in the mass spectra of 15 ALS and 21 healthy control CSF samples. Of

366 mass peaks, identified using two SELDI-TOF chips, a total of 52 peaks with

significant differences in abundance at the p < 0.05 level (not corrected for mul-

tiple comparisons) were identified (Ranganathan et al. 2005). A machine learning

algorithm was also used to identify features differentiating ALS and control CSF,

producing several peak panels that were validated in two separate test groups (10

control, 8 ALS and 7 control, 5 ALS), including 10 neurological disease control sub-

jects. The best-performing panel of 19 peaks had sensitivity 80% and specificity

100% in the limited test set and a smaller panel of 3 peaks demonstrated sensitivity

80% and specificity of 71% in the same test set.

Subsequent characterisation of the proteins responsible for these 3 peaks identified

neurendocrine protein 7B2, Cystatin-C and transthyretin. Decreases in Cystatin-

C and Transthyretin were subsequently validated by immunoblot of CSF in a co-

hort overlapping with that used in proteomic analysis and immunohistochemistry

of spinal cord.
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In the second study, CSF from 36 ALS patients and 21 healthy controls was subjected

to SELDI-TOF mass spectrometry, which identified 30 peaks, with reduced intensity

observed in 3 peaks. These 3 peaks in combination provided sensitivity of 91% and

specificity of 97% distinguishing between control and ALS CSF within sample (i.e.

no test set was used; Pasinetti et al. 2006). Reductions in the peak intensity of the 3

proteins were validated using a further set of CSF samples from patients with ALS,

healthy controls and patients with peripheral neuropathy and Parkinson’s disease.

Two of the 3 proteins were also subsequently purified and identified as Cystatin C

(in agreement with Ranganathan et al. 2005, and further validated using ELISA)

and a fragment of Neurosecretory protein VGF.

The most recent SELDI-TOF mass spectrometry study used individual samples from

100 ALS patients, 100 disease controls and 41 healthy controls (Ryberg et al. 2010).

This identified 61 peaks with differential abundance between ALS and controls.

Again, a univariate approach was used to generate candidate biomarkers, identi-

fying elevation of a 23 kDa peak, corresponding to CRP, validated using ELISA;

reduction in Cystatin-C at 13.38 kDa; and reduction in native Transthyretin along-

side elevation of modified Transthyretin species. Multivariate analysis using machine

learning was also used to construct a classifier incorporating 41 mass peaks, though

this only resulted in modest estimated performance (sensitivity 63% and specificity

94%) on 10-fold cross-validation.

Two studies in 2008 and 2013 used two-dimensional gel electrophoresis to iden-

tify differentially abundant protein in CSF of ALS patients and healthy control

subjects, both using pooled CSF samples (Brettschneider et al. 2008; Mendonca

et al. 2012). Differentially abundant spots were then tryptically digested and the

proteins identified using matrix-assisted laser desorption-ionisation-time of flight

(MALDI-TOF) mass spectrometry. The first study employed peptide mass finger-

printing, identifying upregulation of two proteins (Alpha-1-antitrypsin precursor and

Zn-alpha-2-glycoprotein) and downregulation of three (Caeruloplasmin precursor,
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Beta-2-microglobulin and a third protein that was not identified; Brettschneider

et al. 2008). Subsequent within-sample validation was performed for Zn-alpha-2-

glycoprotein, confirming upregulation of this protein.

The later study employed tandem mass spectrometry of tryptically-digested dif-

ferentially abundant spots, identifying 17 proteins in ALS that were not found in

healthy control CSF (Mendonca et al. 2012).

A further study published in 2012 used 3 mass spectrometric techniques to further

explore the CSF proteome in ALS (Neuhoff et al. 2012). Individual CSF samples

from 35 ALS patients and 23 neurological disease controls were separated using weak

cation exchange chromatography and analysed using MALDI-TOF mass spectrom-

etry. A random forest predictor was then used to rank peaks and create a classifier

based on a subset of MALDI-TOF spectra, resulting in a cross-validated sensitivity

of 80.7% and specificity of 78.3%. Selected peaks were then identified using liquid

chromatography-tandem mass spectrometry (LC-MS/MS) and validated in a sepa-

rate cohort using a combination of ELISA and targeted mass spectrometry. Interest-

ingly, although multivariate classifier performance was disappointing, several of the

identified proteins overlapped with previous studies (Alpha-1-antitrypsin, Cystatin-

C and Neurosecretory protein VGF) as well as two novel candidates (Osteopontin

and Chromogranin A).

More recent proteomic analyses have used LC-MS/MS methodologies to identify

biomarker candidates, using a mixture of techniques such as abundant protein de-

pletion, prefractionation and isobaric labelling to increase proteomic depth and ac-

curacy of quantification.

A 2013 study used pooled CSF from 10 ALS and 10 healthy control subjects which

was subjected to immunoaffinity depletion of abundant proteins, labelled with iso-

baric tags and prefractionated using strong cation exchange chromatography prior

to LC-MS/MS using an orbitrap tandem mass spectrometer (Varghese et al. 2013).
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This yielded 819 protein identifications; candidates were selected purely on the basis

of fold change between control and patient pools and included elevation of CHIT1,

Osteopontin, CHI3L1 and CHI3L2 in ALS. Subsequent ELISA validation in a sepa-

rate cohort supported a marked elevation of CSF CHIT1, accompanied by increased

CHIT1 enzymatic activity, and elevated CHI3L2 and Osteopontin levels.

Two subsequent publications by different groups have used ELISA to measure CHIT1

in CSF, concurring with this proteomic analysis (Chen et al. 2016a; Steinacker et al.

2018). One study also demonstrated correlation of CHIT1 with disease progres-

sion rate and expression of CHIT1 in the corticospinal tract of patients with ALS

(Steinacker et al. 2018).

A substantial improvement in proteomic depth was achieved in a 2015 LC-MS/MS-

based study, using immunoaffinity-depleted of CSF from 225 subjects, including

90 patients with ALS, combined into 25 pools (Collins et al. 2015). Samples were

quantified using MS2-level label free quantification (spectral counting) on an orbi-

trap instrument without prefractionation, identifying 1712 unique proteins with at

least two unique peptides.

Univariate analysis yielded 123 proteins differentially expressed with false discov-

ery rate (FDR)-adjusted p-value < 0.05. GO enrichment analysis suggested that

these proteins were associated with extracellular matrix organisation, cell morpho-

genesis and differentiation, inflammatory responses and sensory nerve fasciculation.

In-cohort validation was performed in CSF for three differentially abundant proteins

using ELISA (Cystatin-C and Complement C3) and immunoblot (Secretogranin 1).

Staining of post mortem spinal cord was performed for two identified candidate mark-

ers: the extracellular matrix component Tenascin R, which demonstrated reduced

immunofluorescence, and Eukaryotic translation initiation factor 4E, a component

of stress granules, that was observed in cytoplasmic inclusions and nuclear granules

in ALS motor neurons, but not in healthy control motor neurons.
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Four proteins were also selected to produce a support vector machine classifier, which

was externally validated using 25 samples individually characterised by LC-MS/MS

(18 ALS, 4 healthy control and 3 pooled other neurological disease samples), yielding

area under the curve (AUC) of 0.94, sensitivity of 83% and specificity of 100%.

Differences in the abundance of the four proteins, WD repeat-containing protein 63,

SPARC-like protein 1, Amyloid-like protein 1 and Cell adhesion molecule 3, were

confirmed in individual samples taken from the samples used in the training set.

Despite the impressive proteomic depth compared to previous studies, this analysis

did not demonstrate increased abundance of CHIT1 in ALS as observed in Vargh-

ese et al. 2013, though elevation in CHI3L2 was observed. This may relate to the

well-documented off-target effects of abundant protein depletion (the two experi-

ments used different immunoaffinity depletion columns; Gunther et al. 2015), or

that CHIT1 levels in the neurological disease control samples negated any elevation

in ALS compared to control samples in the later study.

The most recent study using LC-MS/MS again employed immuno-depletion of abun-

dant proteins, isobaric tag labelling and two-dimensional chromatographic separa-

tion (strong cation exchange and reverse-phase liquid chromatography) with a hybrid

quadrupole time-of-flight mass spectrometer used to identify and quantify proteins

in pooled CSF from patients with ALS, neurological disease and healthy control

subjects (Chen et al. 2016b). The proteomic depth achieved was limited, with only

248 proteins identifed. Since only one pool of ALS or control CSF was compared,

isobaric tag ratios >1.2 or <0.8 were used to denote upregulated or downregulated

expression, with 14 proteins elevated in ALS samples and 21 decreased by these

criteria, including a number of highly abundant CSF proteins. Three candidates

- Glutamate receptor 4, Leucine-rich alpha-2-glycoprotein and Insulin-like growth

factor II - were selected and underwent validation by immunoblot, demonstrating

elevation of Glutamate receptor 4 and a decrease in Insulin-like growth factor II in

subjects with ALS within the pooled cohort.
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Overall, proteomic studies of ALS CSF have produced several promising biomarker

candidates, though with the exception of CHIT1, attempts at validation have gen-

erally proven them to be of limited use. No proteomic biomarkers yet match the

effectiveness of neurofilaments, which remain the most promising ALS biomarkers.

1.3.2 Extracellular vesicles

EVs are lipid bilayer-bound extracellular structures that carry a cargo protein, as

well as nucleic acids (principally RNA species, but also deoxyribonucleic acid (DNA);

Bellingham et al. 2012; Huang et al. 2013; Thakur et al. 2014; Thompson et al. 2016).

Most work relates to two EV subtypes, exosomes and microvesicles (apoptotic bodies

are also sometimes considered a subtype of EV), classified according to their cellular

origin. Exosomes are derived from the endosomal compartment by invagination of

the endosomal membrane to form multivesicular bodies (MVBs) containing multiple

intraluminal vesicles (ILVs) (Colombo et al. 2014). MVB formation proceeds by

mechanisms utilising the endosomal sorting complex required for transport (ESCRT)

complex and via ESCRT-independent mechanisms such as those involving ceramides

(Trajkovic et al. 2008). The MVB is then transported to and fuses with the plasma

membrane, leading to release of exosomes into the extracellular millieu (Figure

1.5; Heijnen et al. 1999). Microvesicles form directly by outward blebbing of the

plasma membrane, via multiple mechanisms including those dependent upon ESCRT

proteins (Muralidharan-Chari et al. 2009).

Exosomes and microvesicles have similar properties and cargo, though microvesicles

tend to be larger in size (50-2000 nm diameter compared to 40-150 nm for exo-

somes) and have a more diverse morphology (Thompson et al. 2016). EV subtypes

can also be distinguished on the basis of their protein cargo, with smaller EVs, cor-

responding to exosomes, expressing higher levels of Tumour susceptibility gene 101

protein (TSG101), Syntenin-1 (SDCBP), ADAM10 and Annexin XI; and larger EVs
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Figure 1.5: Biogenesis of the main EV subtypes, exosomes and microvesicles. Ex-
osomes form by inward blebbing of the endosomal limiting membrane, via ESCRT-
dependent and ESCRT-independent mechanisms (the latter involving ceramides).
The thus produced MVB is then transported to then fuses with the plasma mem-
brane, leading to release of exosomes. Microvesicles form directly by outward bleb-
bing of the plasma membrane via mechanisms involving ESCRT components and
ADP-ribosylation factor 6 (ARF6). EV - extracellular vesicle; ESCRT - endoso-
mal sorting complex required for transport; MVB - multivesicular body; ARF6 -
ADP-ribosylation factor 6. Adapted from Thompson et al. 2016.
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expressing higher levels of Actinin-4, Mitofilin and Lysosome-associated membrane

glycoprotein 2 (LAMP2) (Kowal et al. 2016).

EVs are produced by neurons and glia of the CNS and are involved in many key bio-

logical processes within the CNS including synaptic plasticity and pruning, trophic

support of neurons and maintenance of the myelin sheath and intercellular signalling

(Thompson et al. 2016). EVs have been implicated in several neurodegenerative dis-

eases, primarily as vectors for intercellular spread of misfolded proteins (see subsec-

tion 1.2.6). CSF EVs contain proteins characteristic of neuronal and glial cell types,

indicating that CSF EVs have, at least in part, CNS origin (Chiasserini et al. 2014).

Proteins implicated in neurodegenerative diseases, including tau, α-synuclein, TDP-

43 and amyloid precursor protein, have also been identified in CSF EVs (Saman et

al. 2012; Chiasserini et al. 2014; Feneberg et al. 2014; Stuendl et al. 2016).

The intracellular origin of EVs makes them an attractive source of potential biomark-

ers of neurodegenerative diseases that might reflect underlying pathological pro-

cesses. However, significant challenges impede the development of CSF EV-based

biomarkers, particularly the paucity of CSF EVs (approximately 1000 fold lower

than the concentration in serum) and the inefficiency of current isolation techniques

(Thompson et al. 2016).

EV protein cargo has been studied for its biomarker potential in neurodegenerative

diseases using several different approaches. A proteomic study using serum EVs

purified using UC, identified decreased expression of SDCBP in EVs from patients

with Parkinson’s disease compared to controls (Tomlinson et al. 2015). Target-

driven approaches have identified changes in phosphorylated tau isoforms in CSF

EVs at different stages of Alzheimer’s disease (Saman et al. 2012).

EV surface expression of the neuronal lineage marker L-1 cell adhesion molecule

(L1CAM), presumed to denote CNS origin of EVs and expressing higher levels of

Neuron-specific enolase and NFL, has been used to perform immunocapture of blood
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EVs enriched in neuronal proteins (Mustapic et al. 2017). Elevation in the level of

α-synuclein in EVs thus extracted has been demonstrated in Parkinson’s disease pa-

tients (Shi et al. 2014; Fiandaca et al. 2015). Alterations in the levels of Alzheimer’s

disease-associated proteins and decreasing levels of synaptic proteins have also been

identified in L1CAM-expressing plasma exosomes of patients with Alzheimer’s dis-

ease, some of which are present are presymptomatic timepoints (Goetzl et al. 2015;

Goetzl et al. 2018).

A single study has explored CSF EV protein in ALS (Feneberg et al. 2014). This

study used a targeted proteomic approach to measure TDP-43 levels in UC-extracted

CSF EVs from patients with ALS, FTD and healthy control subjects, demonstrating

no difference in the levels between groups.

This thesis aims to use LC-MS/MS-based proteomic analysis of CSF and CSF-

derived EVs to develop novel biomarkers of ALS.

1.4 Aims of the work presented in this thesis

1. Investigate the whole CSF proteome in ALS to identify novel candidate biomark-

ers of ALS (Chapter 3)

2. Validate the identified candidate biomarkers and explore their association with

clinical and biochemical parameters (Chapter 4)

3. Establish a method of CSF EV isolation and compare this with current standard

methods (Chapter 5)

4. Elucidate the origin of CSF EVs and their relevance to neurodegenerative diseases

(Chapter 5)

5. Examine the CSF EV proteome in ALS as a source of novel candidate biomarkers

(Chapter 6)
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2. Materials and Methods
The experimental chapters of this thesis use LC-MS/MS proteomics to identify can-

didate biomarkers of ALS in whole CSF and CSF-extracted EVs. This methods

chapter describes details of sample preparation, data acquisition and data analysis

pertinent to biomarker discovery experiments using mass spectrometry proteomic

analysis.

The principles of size exclusion chromatography, used in Chapters 5 and 6 as a

means of EV extraction, are also described. Finally, details of experimental methods

applicable across the results chapters, including participant recruitment and char-

acterisation, collection, handling and storage of samples, and statistical analysis

methods will also be outlined.

2.1 Proteomic analysis

Proteins are the primary effector molecules of all known life, performing and control-

ling almost all biological processes across all organisms (Aebersold et al. 2016). The

proteome describes all expressed proteins in a given system, comprising a complex

network of interacting molecules with diverse function, structure and biochemistry.

Proteomic analysis not only allows the simultaneous quantification of multiple an-

alytes, but enables the integrated analysis of this network to elucidate pathways

perturbed in an experimental paradigm or disease state (Bensimon et al. 2012; Zhu

et al. 2001).

Mass spectrometry (MS) methods are the mainstay of modern proteomic analysis

(though antibody and aptamer-based proteomic methods are also available; Gold

et al. 2010). The central principal of MS-based proteomics is the high-precision
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measurement of the mass-to-charge ratio (m/z ) of ionised proteins, proteolytically

cleaved peptides and their fragments in the gas phase. Most engineering and bioin-

formatic solutions in proteomics have focused on bottom-up proteomics, which de-

scribes experiments in which proteins are proteolytical cleaved prior to MS rather

than the intact protein analysis of top-down proteomics (Aebersold et al. 2016).

The resulting MS data from bottom-up proteomics can then be used to infer the

protein composition of samples either by the presence of proteolytic peptides unique

to a particular protein, as in tandem mass spectrometry (MS/MS), or the resulting

pattern of peptides (peptide mass fingerprinting).

2.1.1 Proteomic analysis in biomarker development

Simultaneously measuring hundreds or even thousands of proteins (so-called shotgun

proteomics), including post-translational modifications (PTMs) and isoform data, is

a naturally attractive means of biomarker discovery, theoretically circumventing a

great deal of effort, expense and sample use when compared to multiple candidate-

driven studies.

However, proteomic analysis of biological fluids is not without limitations. The com-

plexity of body fluids, particularly plasma and serum, is such that highly abundant

proteins impede the identification of medium or low-abundance proteins, reduc-

ing the dynamic range and necessitating sample prefractionation or abundant pro-

tein depletion, which in turn increase preanalytical variability (Parker et al. 2014;

Keshishian et al. 2015). The measured abundance of proteins in shotgun proteomics

is generally only reported relative to other samples, rather than absolute values

(Zhang et al. 2013). Furthermore, translation of candidate biomarkers identified in

shotgun protoemic experiments usually requires additional validation using targeted

proteomics or immunoassays, increasing costs (Anderson 2012).

Nonetheless, biofluids have been subjected to proteomic analysis to identify biomark-
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ers in the research of a broad range of diseases. Earlier proteomic biomarker devel-

opment studies predominantly featured the time-of-flight (TOF) MS technologies

SELDI-TOF and MALDI-TOF. In MALDI-TOF, samples are co-crystalised with a

proton-donating matrix onto a metal surface and ultraviolet laser light is used to

induce desorption and ionisation of the sample. Ions are then accelerated by an elec-

tric field of known strength and the time taken for ions to travel a known distance

before colliding with a detector is used to calculate the m/z . SELDI-TOF is based

on similar principals, though the metal surface of MALDI-TOF is replaced by an

array of planar chromatographics that allow separation of sample constituents by

their chemistry, thereby reducing complexity (Liu 2011; Hutchens 1993).

More recently MS/MS methodologies, particularly LC-MS/MS have gained popu-

larity and form the basis of the analytical methods used in this thesis.

2.1.2 LC-MS/MS

LC-MS/MS is commonly used for bottom-up proteomics and combines separation

of peptides using liquid chromatography with ionization in-line, measurement of

the m/z of precursor peptide ions (MS1) and their fragmentation spectra (MS2) to

identify the protein constituents of a mixture and provide quantitative information.

LC-MS/MS is applied to data-dependent acquisition (DDA) and data-independent

acquisition (DIA) discovery proteomic and targeted proteomic applications using

parallel reaction monitoring (PRM) or selected reaction monitoring (SRM) (Kang

2012; Gillet et al. 2012). The main steps in LC-MS/MS are:

(1) Sample preparation and digestion

(2) Peptide separation using liquid chromatography

(3) Electrospray ionisation (ESI)

(4) MS1 (and precursor selection in DDA)

(5) Precursor ion fragmentation
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(6) MS2

(7) Peptide identification

(8) Protein inference

Sample preparation and digestion

Biological samples, particularly plasma or serum, are often immunodepleted of

highly abundant proteins to increase the dynamic range of proteins detected (Tu

et al. 2010). Off-target depletion of non-abundant proteins and increased variability

in quantification are documented unwanted effects of this approach (Tu et al. 2010;

Patel et al. 2012; Gunther et al. 2015).

Prefractionation of protein mixtures according to their biochemical properties may

be performed prior to digestion, for example using sodium dodecyl sulphate poly-

acrylamide gel electrophoresis (SDS-PAGE) to separate by molecular weight, or

isoelectric focusing to separate by isoelectric point (Gundry et al. 2009).

The protein mixture is typically reduced using dithiothreitol (DTT) and alkylated

using iodoacetamide (IAA) prior to proteolysis to convert disulphide-bonded cys-

teine to S-carbamidomethyl cysteine (Gundry et al. 2009). This prevents the refor-

mation of disulphide bonds, allowing protease active sites access to cleavage sites in

the peptide backbone.

Hydrolysis of peptide bonds is accomplished using enzymatic cleavage, commonly

performed using trypsin. Trypsin is highly efficient and cleaves with high speci-

ficity C-terminal to the basic amino acids lysine and arginine (where not followed

by proline), thereby producing peptides that are amenable to the chromatographic

separation and fragmentation used in typical LC-MS/MS workflows (Tsiatsiani et al.

2015). More recent methods using bead-immobilised heat-stable trypsin to perform

proteolysis allow denaturation of proteins using heat (thus avoiding the need for
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reduction and alkylation), accelarate proteolysis and may preferentially digest pro-

teins in compartments less well accessed by free trypsin (Shah et al. 2016). Other

proteases, with different specificities, such as Lys-C, chymotrypsin or elastase, may

be used to alter digestion in specific circumstances (for example, if a particular pro-

tein of interest lacks arginine or lysine residues or in the search for post-translational

modifications; Tsiatsiani et al. 2015).

Liquid chromatography

Following digestion, peptide mixtures undergo separation using reverse-phase liquid

chromatography (RPLC), also referred to as high-performance liquid chromatogra-

phy (HPLC) or ultra high-performance liquid chromatography (UPLC), according

to the particle size of the stationary phase (and consequently operating pressure of

the liquid chromatography (LC) system). Peptides are loaded on to the LC column,

binding to the hydrophobic stationary phase. They are then eluted from the sta-

tionary phase in a gradient of buffer from polar to non-polar solvent, with increas-

ingly hydrophobic peptides eluting later in the gradient. Other chromatographic

separations, such as high pH reverse-phase, strong cation exchange or weak anion

exchange, may be performed prior to RPLC to provide two-dimensional separation

and increase proteomic depth (Keshishian et al. 2015).

Ionisation

Before mass spectrometry is performed, the peptide mixture must be converted into

charged ions in the gas phase. In LC-MS/MS this is achieved by coupling RPLC with

ESI (Ho et al. 2003). Eluate from LC is passed through a highly-charged capillary,

causing the release of positively charged droplets (nebulisation) which, through a

combination of repulsion and evaporation of solvent, leads to progressively smaller

droplets and finally the release of positively charged ions in the gas phase (Fenn
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et al. 1989; Bruins 1998; Ho et al. 2003). The liberated precursor ions are then

focused into a beam and guided into the mass analyser by radio frequency (RF)

alternating electrical fields produced by quadrupole or octapole ion guides.

Tandem mass spectrometry

In broad terms, tandem mass spectrometry involves the measurement the m/z of all

precursor ions entering the mass spectrometer at a given time (MS1), followed by

fragmentation of precursor ions. The m/z of these fragment ions is then measured

(MS2) and used to infer peptide and protein identification (Kapp et al. 2007).

Mass analysers The measurement of m/z can be performed in several ways. A

commonly used instrument in LC-MS/MS is the quadrupole mass filter. Four linear

electrodes with alternating RF currents (with opposing polarity in the diagonal rods)

generate electrical fields that simultaneously attract and repel ions, causing oscilla-

tions according to the m/z of the precursor ion orthogonal to the direction of travel

through the analyser. Ions with the selected m/z have a stable trajectory through

the analyser, whilst other ions leave the analyser; those with the selected m/z can

then be detected or transferred for fragmentation and subsequent MS2 (mass fil-

tering, Figure 2.1). Varying the frequency of alternation allows the selection of

precursor ions with differing m/z . Stopping potentials can also be applied to the

end of a quadrupole to act as an ion trap, though more complex three-dimensional

quadrupole ion traps designs are also available (Demartini 2013; March 2009).

Orbitrap analysers record the orbit of ions around and along a spindle-shaped elec-

trode, which is decomposed using a Fourier transform to isolate the frequecy of

oscillation of different ions, from which the m/z is inferred (Hu et al. 2005; Schaeffer-

Reiss 2008). Orbitrap analysers have high resolution and can be used to measure

both precursor and fragment ions.
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Figure 2.1: Schematic of a linear quadrupole. Diagonal electrodes carry opposing
charge. Alternating charge leads to oscillations of ions orthogonal to the direction
of travel through the quadrupole. Varying the frequency of oscillation can be used
to select ions with specific m/z to pass through the quadrupole for subsequent
detection or further analysis such as higher-energy collisional dissociation (HCD).
Ions without the selected m/z do not transit the quadrupole.

Modern LC-MS/MS spectrometers often have a combination of mass analysers. The

instruments used in this thesis (Q ExactiveTM HF Hybrid Quadrupole-OrbitrapTM

and Orbitrap Fusion LumosTM TribridTM mass spectrometers; ThermoFisher Scien-

tific) both have a quadrupole mass filter (used for precursor selection) and orbitrap

mass analyser that can be used for both MS1 and MS2 acquisition; the latter instru-

ment also has a dual-pressure linear ion trap, used to measure MS2 spectra in the

experiments described in Chapter 3. A schematic of the Q ExactiveTM HF Hybrid

Quadrupole-OrbitrapTM is shown in Figure 2.2.

Figure 2.2: Schematic of the Q ExactiveTM HF Hybrid Quadrupole-OrbitrapTM

mass spectrometer. Ion paths for MS1 (blue) and MS2 (green) acquisition are indi-
cated. Adapted from ThermoFisher Scientific.
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Fragmentation In typical DDA LC-MS/MS workflows, the top N most abundant

precursors eluting in a given retention time window are selected by mass filtering for

fragmentation and subsequenct MS2. In DIA approaches such as sequential window

acquisition of all theoretical fragment ion spectra MS (SWATH-MS), all precursor

ions within a m/z range and retention time window are fragmented followed by

acquisition of all MS2 fragments simultaneously which are compared with spectral

libraries to aid deconvolution of the constituent precursor ions (Gillet et al. 2012).

Fragmentation of precursor ions takes place in a fragmentation chamber, typically

in the form of an ion trap. Collision-induced dissociation (CID) and HCD, the most

common means of fragmentation, involve colliding precursor ions with an inert gas,

often Argon or Helium, leading to fragmentation of precursor ions (Olsen et al.

2007). Fragmentation mostly occurs along the peptide backbone, usually at the

peptide bond site producing complementary b (N -terminus) and y (C -terminus)

ions; a precursor ion undergoing fragmentation forms into multiple b-y pairs with

a variable number of amino acids along its length (Figure 2.3 Demartini 2013).

Electron transfer and electron capture dissociation methods may be used in certain

circumstances, for example to preserve post-translational modifications, and result

in the formation of different ion pairs (Demartini 2013). HCD was used in the

experiments described in this thesis.

Peptide and protein identification

Peptide identification Differences between the m/z of peaks in the MS2 spec-

trum correspond to the mass of amino acid residues in the precursor ion (Figure

2.4). Multiple database search algorithms are available to calculate the predicted

amino acid sequence from this data and map this to peptides and subsequently

proteins, including Mascot (Matrix Science; used herein), Comet (University of

Washington), PEAKS DB (Bioinformatics Solutions Inc) X!Tandem (The Global

Proteome Machine Organization), and others (reviewed in Cottrell 2011). Broadly,
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Figure 2.3: Fragmentation of precursor ions. Fragmentation in HCD and CID
typically results in b-y ion pairs, whosem/z can be used to infer the peptide sequence
of the precursor ion. Other fragmentation methods such as electron capture and
electron transfer dissociation lead to the formation of different ion pairs.

identification of the precursor ion is performed by comparing the amino acid sequence

obtained from MS2 to peptides predicted by in silico digestion of the appropriate

protein database (such as the UniProt human reference proteome; Cottrell 2011).

Database searching must take into account mass accuracy of the instrumentation,

fixed modifications (such as carbamidomethylation of cysteine, if reduction and alky-

lation have been used; or isobaric labelling) and variable modifications (such as post

translational modifications) and the specificity of the enzyme used for digestion (this

may also allow for missed cleavages; Cottrell 2011).

Database searching algorithms use scoring systems to denote the confidence of a

peptide spectral match (PSM), assigning the highest scoring peptide to a particular

spectrum, though scoring is not standardised between algorithms (Sadygov et al.

2004). Estimating the FDR of peptide hits is frequently used to estimate the pro-

portion of false positive peptides in a dataset (Elias et al. 2007). This is usually

achieved using a target-decoy methodology, by searching spectra against a database

of target proteins concatenated with a decoy database made by reversing the se-

quence of target proteins (Elias et al. 2007). The FDR of peptide hits can then

be estimated, based on the number of false positive hits (i.e. hits within the decoy
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Figure 2.4: A simplified MS2 spectrum for the peptide QRLK. Differences in the
m/z of fragment ions can be used to infer the amino acid sequence of a precursor
peptide (note that leucine and isoleucine have the same molecular mass therefore
cannot be distinguished).

database), and the peptide score threshold adjusted to produce a predefined peptide

FDR (typically 1%).

Protein inference Most PSMs will not be unique to a protein due to redundancy

and protein sequence homology (Nesvizhskii et al. 2005). Protein inference describes

the process by which database search algorithms attempt to ascertain which pro-

teins were present in a sample, given the set of PSMs identified. Where a peptide is

unique to one protein in the target database, it is simple to say that that protein is

present; peptides that overlap between homologous proteins are more problematic.

Different search algorithms handle conflicting peptides differently, but generally ap-

ply Occam’s razor to collapse proteins indistinguishable by their PSMs to a single

protein group (Nesvizhskii et al. 2005).
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Quantification

Label-free quantification Estimating the relative abundance of proteins can be

achieved without additional labelling of samples using MS1 or MS2 data. MS1

quantification methods use the intensity of precursor ions, which has been shown

to vary linearly with protein abundance (Megger et al. 2013). MS2 methods use

spectral counting, based on the stochastic nature of ion selection for fragmentation,

or the intensity of MS2 spectra. MS1 intensity-based methods generally outperform

spectral counts in the accuracy of quantification, though performance using MS2

intensities is comparable (Grossmann et al. 2010; Krey et al. 2014; Bubis et al.

2017). Label-free methods require LC-MS/MS be performed separately on each

sample; MS2 quantification methods necessitate identification of a protein or peptide

in every sample in order to compare its abundance, whereas MS1 intensity methods

allow the matching of precursor ion peaks between LC-MS/MS runs, though shifts

in retention time may influence the accuracy of matching (Cox et al. 2014).

Labelling methods for biomarker discovery: isobaric tags Labelling of pep-

tides for mass spectrometry can be achieved using isobaric tags reactive for the amine

group. These tags comprise a reporter group, with differing molecular mass, and a

balance group, the molecular mass of which is varied to make the overall mass of the

tags identical (Rauniyar et al. 2014). Samples are labelled following digestion, after

which they are combined for prefractionation and LC-MS/MS. Reporter ions are

liberated during fragmentation, giving peaks on the MS2 spectrum with intensity

that corresponds to relative abundance. Isobaric tags allow the simultaneous mea-

surement of several (up to 11) samples, thereby reducing LC-MS/MS time, are more

accurate in quantification than label-free methods, but generate fewer identifications

than label-free methods (Li et al. 2012).
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Figure 2.5: Parallel reaction monitoring of y4-y14 fragments of a 20-amino acid
precursor ion of Glutamate receptor 4 (GRIA4) in CSF.

Targeted proteomics

Targeted proteomic analysis methods, specifically SRM, multiple reaction monitor-

ing (MRM) and PRM, monitor the fragmentation spectra of defined precursor ions

(precursor-fragment ion pairs known as transitions) over time to measure peptide

abundance (Lange et al. 2008; Kuhn et al. 2004; Anderson et al. 2006). Precursor

ions are selected according to retention time and precursor m/z , fragmented and

the intensity of fragment ions is measured over time, with the integrated intensity

or maximal intensity used to infer abundance (Figure 2.5).

Spiking samples with stable heavy isotope-labelled synthetic peptides enables ab-

solute quantification of peptides, though this may not accurately represent protein

abundance, for example due to incomplete digestion (Gerber et al. 2003). Produc-

tion of heavy-labelled proteins (PSAQ) or artificial protein composed of concate-

nated target peptides (QconCAT) is a further step which circumvents these issues

(Pratt et al. 2006). Such heavy proteins are spiked into samples prior to digestion,
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negating incomplete digestion as a cause of inaccurate quantification in targeted

proteomic experiments.

2.1.3 Data analysis

Missing data imputation

Missing data is problematic in DDA label-free proteomic analysis; although more

problematic when using MS2-level label-free quantification (where peak-matching is

not used), missing data also occurs with peak-matched MS1 intensity-based quan-

tification. The underlying causes of missing data in label-free proteomic experiments

are complex, and can occur at any stage in the experiment from sample degradation,

missed proteolytic cleavage, ion suppression, aberrant peak matching and peptide

misidentification (Webb-Robertson et al. 2015). As such, missing proteomic data is

considered missing not at random (MNAR) if due to low abundance, or missing at

random (MAR) if missing for other reasons.

Numerous methods have been developed to impute missing data using the distri-

bution of present data, predominantly applied to overcome data either MNAR or

MAR, though the underlying cause of missingness is rarely known for individual pro-

teins (Lazar et al. 2016). Single-value imputation methods such as deterministic or

probabilistic minimum imputation (i.e. imputation close to the minimum measured

value) are designed to deal with for MNAR values, whilst local or global similarity

approaches (such as maximum likelihood estimator (MLE), k -nearest neighbours

(kNN) or singular value decomposition (SVD) imputation) are more appropriate for

MAR values and generally perform better except where there is a high proportion

of MNAR values (Lazar et al. 2016).

During the work in this thesis, imputation by kNN was selected as it performs well

imputing at both the peptide and protein level with little missing data and was not
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disruptive to the distribution of protein intensities in the datasets presented (Lazar

et al. 2016).

Normalisation

Due to differences in the protein content loaded on to LC-MS/MS, data normalisa-

tion is necessary to avoid inflated variance of protein measurements. Multiple nor-

malisation strategies have been described (often originally developed for microarray

experiments). Frequently-employed approaches include log normalisation with me-

dian centering, with or without scaling by standard deviation (SD) or median abso-

lute deviation (MAD), variance stabilising transformation (which attempts to make

sample variances independent of mean intensity), quantile normalisation (which re-

places values for each quantile with the mean intensity of that quantile across all

data) and linear regression (Bolstad et al. 2003; Callister et al. 2006; Motakis et al.

2006; Valikangas et al. 2018).

Statistical analysis of proteomic data

Label-free quantitative data can be analysed using univariate or multivariate ap-

proaches (Marengo et al. 2014). The univariate approach is suitable for the genera-

tion of candidate biomarkers can be used to generate lists of differentially regulated

proteins that can then be used in analysis of perturbations in the protein network,

such as protein-protein interaction (PPI) network analysis, GO enrichment analysis

or pathway analysis (Schmidt et al. 2014). Univariate analysis is accomplished by

testing the abundance of individual protein groups using parametric tests such as

two-sample t-tests (or f -tests), where assumptions of normality of data are not vi-

olated. Where distributions are non-normal, alternatives are to use non-parametric

tests (such as the Mann-Whitney U test, although this is problematic when n is

small) or to test against an empirical distribution using permutation testing. Alter-
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natives to conventional parametric tests have been developed for use in genomics and

may also be applied to proteomics, such as reproducibility-optimised test statistic

(ROTS) and empirical Bayes-adjusted t-tests (which adjust each protein’s variance

towards the pooled variance) as implemented in the R package LIMMA (Smyth

2004; Elo et al. 2008; Kammers et al. 2015).

Importantly, due to the number of statistical tests performed in such univariate

proteomic analysis, adjustment is necessary to account for the uniform null distri-

bution of p-values. This is achieved by controlling either the family-wise error rate

(FWER) or FDR to a pre-defined level. FWER-controlling procedures, such as the

Holm-Bonferroni correction, control the likelihood of any false positive results and

are thus highly conservative (Holm 1979). More recent developments such as the

Benjamini-Hochberg step-up procedure and Storey q-value, provide FDR control

(estimating the proportion of false positives at a given significance level) and are

therefore less conservative and more widely used in proteomic and genomic sciences

(Benjamini 1995; Storey 2003).

As with other high-dimensional datasets, proteomic analysis lends itself well mul-

tivariate analysis techniques. Unsupervised methods such as principal component

analysis (PCA) and hierarchical clustering are frequently employed to explore pat-

terns within proteomic datasets and observe clustering of samples (Marengo et al.

2014). A broad range of more complex machine learning techniques for supervised

classification (such as partial least squares discriminant analysis (PLS-DA), sup-

port vector machine and random forest) and regression models may also be used to

identify features with diagnostic or prognostic potential.
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2.2 Size exclusion chromatography

The separation of molecules by size (including proteins) within a mixture using

porous materials (known as size exclusion or gel chromatography) is long-established.

The experiments reported in Chapters 5 and 6 use size exclusion chromatography

as the primary means by which to separate EVs from other fluid constituents. The

principles of size exclusion chromatography are described below.

2.2.1 Basic principles of size exclusion chromatography

In size exclusion chromatography, columns are packed with matrix (also known as

resin) comprising porous spherical particles. Various resin materials are available,

including dextrans (such as Sephadex), agarose and polyacrylamide (Hong et al.

2012). The key properties that make a material suitable for use as size exclusion resin

are inertness, low adsorption and an appropriate range of pore sizes for the chosen

application. For the EV extraction described in Chapters 5 and 6, Sepharose

4 Fast Flow (a cross-linked agarose matrix; GE Healthcare Life Sciences, UK) was

used due to its tolerance for high flow rates at moderate pressures and high exclusion

limit (Mr 3x107), allowing separation of EVs from large proteins.

This "bed" is equilibrated with buffer, which fills the pores of the matrix (consti-

tuting the stationary phase) and surrounds the particles (constituting the mobile

phase). Sample is applied to the column and eluted in buffer; the eluate volume at

which sample constituents elute from the column is dependent upon size (or more

strictly Stokes radius). Small molecules diffuse extensively within the stationary

phase and therefore take longer to elute from the column, whilst larger molecules

diffuse less within the stationary phase and elute earlier. Sample constituents that

are larger than the maximum pore size will not diffuse within the stationary phase

at all and therefore elute first, in the void volume (corresponding to the volume of
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the mobile phase; GE Healthcare Life Sciences, 2014; Hong et al. 2012).

Various parameters can be tuned to improve the resolution of size-exclusion chro-

matography, including flow rate (slower flow improving resolution), sample load

(sample volume <4% column volume enabling high-resolution fractionation) and

column dimensions (longer columns tend to improve resolution, but smaller column

volumes permit smaller eluate volumes; GE Healthcare Life Sciences, 2014; Hong

et al. 2012).

For the purposes of CSF EV extraction, bulk fractionation would have been adequate

(simply separating EVs from smaller sample constituents, i.e. proteins). However,

optimisation to produce small EV-containing eluate volumes (and therefore restrict

the amount of concentration required prior to digestion) led to the combination of

small column volume (26mLs) and relatively small sample volume (800µL, 3.07%

column volume) that would be consistent with high-resolution fractionation.

2.3 Participants and sampling

2.3.1 Ethical Approval and Subject Recruitment

Ethical approval for work in this thesis was obtained from South Central Oxford

Ethics Committee B (08/H0605/85), South Central Oxford Ethics Committee C

(09/H0606/5+5), NRES Central Committee South Central – Berkshire (14/SC/0083

and 10/H0505/71). All participants provided written consent (or gave permission for

a carer to sign on their behalf). Patients with ALS, PLS and mimic disorders were

recruited from the Oxford MND Centre, Oxford, UK and patients with Parkinson’s

disease were recruited through the Oxford Parkinson’s Disease Centre, Oxford UK.

Healthy control subjects were typically spouses and friends of those with ALS, PLS

and mimic disorders.
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CSF samples used in the development of methods of CSF proteomic analysis and

CSF EV extraction in Chapter 5 were obtained from patients undergoing lumbar

puncture for the investigation of neurological symptoms in the Neurosciences Ward,

Oxford University Hospitals NHS Foundation Trust (Ethics Committee South Cen-

tral – Oxford C, reference 09/H0606/5+5 and NRES Committee South Central –

Hampshire B, reference 14/SC/1248).

Exclusion criteria included age below 18 years and or contraindication to lumbar

puncture including inherited bleeding disorders, chronic liver disease and use of

anticoagulant or antiplatelet drugs, and systemic illness at the time of CSF sampling.

Control subjects were excluded if there was any family history of ALS or PLS.

Patients with ALS, PLS and mimic disorders were diagnosed according to standard

criteria by two neurologists experienced in the diagnosis of motor disorders in the

Oxford clinic (Brooks et al. 2000b; Gordon et al. 2006).

CSF was collected at baseline and, in ALS and PLS patients, every 3-6 months

when available up to a maximum of five occasions. Patients with ALS and PLS

were followed until death or censorship.

2.3.2 Biofluid Sampling and Processing

Biofluid samples were processed and stored in accordance with consensus guidelines

for biomarker development (Teunissen et al. 2011).

CSF samples were obtained by lumbar puncture from the L3-L4 interspace with

the subject positioned seated. The skin was cleaned with chlorhexidine wash prior

to the procedure. Up to 2 mLs local anaesthetic (lignocaine 1%) was infiltrated

subcutaneously. CSF was obtained using a 22 gauge Sprotte® or Quincke needle.

10-14 mLs CSF was extracted into 25 mL capacity polypropylene tubes. Within

one hour of sampling, CSF samples underwent centrifugation at 3000g for 10 mins
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at 4°C, the supernatant collected and frozen at -80°C until use.

Twenty-five mLs of venous blood was obtained from each participant using the BD

Vacutainer® Safety-LokTM blood collection set into 5.0 mL serum separator tubes.

Blood samples underwent centrifugation at 3000g for 10 mins at 4°C, serum was

collected and frozen at -80°C until use.

2.3.3 Clinical parameters

Symptom onset was defined as first weakness (for ALS or PLS) or relevant neuro-

logical symptom reported by patients. Degree of disability for patients was obtained

using the ALSFRS-R (48-0) at each research visit (Moore et al. 2004). Cognitive

impairment was sought using the Edinburgh cognitive and behavioural ALS screen

(ECAS), a cognitive score specifically validated for identification of executive dys-

function in ALS that can be administered independent of difficulty with speech or

writing (Abrahams et al. 2014). ECAS score was obtained for each participant at

their first research visit.

PR was calculated per-visit using the ALSFRS-R by [48 – ALSFRS-R] / [months

from symptom onset] (Labra et al. 2016). Patients were divided into fast- and slow-

progressing using a PR above or below the median value. A clinical upper motor

neuron burden score (0-15) was calculated by the presence of hyperreflexia in each

of 15 reflexes (in the face, glabellar and facial reflexes and jaw jerk; in the upper

limb, triceps and biceps reflexes and finger jerks; in the lower limb knee and ankle

reflexes and plantar responses), obtained at their first research visit (Turner et al.

2004).
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2.4 Statistical analysis

Statistical analysis was performed and plots produced using R v3.3.3 (Team 2015).

Normality of data was assessed using visual inspection of a normal quantile-quantile

plot. Univariate comparisons of relative and absolute abundance were performed

using Welch’s t-test for normal (or log-normal) data unless otherwise specified. For

non-normally distributed data, the Mann-Whitney U test was used. Comparisons

between multiple groups were achieved using pairwise t-tests or Mann-Whitney U

tests with FDR correction. FDR correction was performed using the Benjamini-

Hochberg step-up procedure (BH) unless otherwise specified. FDR-adjusted or raw

p < 0.05 were used as appropriate to denote statistical significance.

For shotgun proteomic experiments, statistical inference was performed on protein

data. Protein abundance values were centered to the median abundance of the 90%

of proteins with the lowest variance across all runs and scaled by median abso-

lute deviation (Keilhauer et al. 2015). Missing data were imputed using 3 nearest

neighbours imputation, unless otherwise specified.

Receiver operator characteristic (ROC) analysis was performed to assess classifier

performance and ROC curves were compared using the DeLong method (using

paired analysis to account for the use of multiple markers in the same samples;

DeLong et al. 1988). Sensitivity and specificity are given for cut-offs at the Youden

index (Youden 1950).
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3. The Cerebrospinal Fluid Proteome

in ALS

3.1 Hypothesis and Aims of This Chapter

3.1.1 Hypothesis

Changes in the ALS CSF proteome reflect underlying disease processes and can

provide objective measures of disease activity.

3.1.2 Aims

1. Perform proteomic analysis of CSF of patients with ALS and relevant control

groups using LC-MS/MS

2. Analyse the CSF proteome in cross-sectional samples to identify candidate mark-

ers

3. Examine the performance of identified candidate markers in terms of:

i. Within-sample classifier performance

ii. Correlation with established clinical parameters

iii. Longitudinal stability

iv. Association with survival

4. Validate candidate proteins identified in previous ALS CSF proteomic analyses
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3.2 Introduction

Although previous proteomic studies of the CSF of patients with ALS, detailed

in Section 1.3.1, have yielded some overlap in differentially abundant proteins,

no consistent aberrations have been observed across experiments (Barschke et al.

2017). Although this might reflect differences in the patient and control cohorts

used, this variability is in part attributable to methodological differences adopted at

all stages. Particular variation has occurred in sample preprocessing, with studies

variously using abundant protein depletion and prefractionation by SDS-PAGE or

LC-based fractionation. The choice of mass spectrometry method adopted has also

varied greatly (with early studies using SELDI-TOF of intact proteins and more

recent studies using LC-MS/MS).

Importantly, most studies have used sample pooling. Pooling may be advantageous

in some circumstances, since it can overcome issues such as a lack of individual

sample volume, avoid excessive MS instrument time and reduce biological variability

(thereby increasing statistical power for a given number of replicates; Diz et al.

2009). However, there are multiple issues with sample pooling that severely limit its

usefulness. Although protein adundance in a pooled sample ought theoretically to

represent the mean abundance, sample pools are suceptible to biases due to pipetting

error for which adjustment cannot be made post hoc (Oberg et al. 2009). In addition,

the averaging that occurs during sample pooling is not on the log scale, typically

employed for the analysis of protein abundance and is therefore not equivalent to

averaging log abundance from multiple individual samples (Oberg et al. 2009).

Sample pooling also leads inevitably to loss of phenotypic data, therefore limiting

clinical-biochemical associations that can be sought. Grouping of samples according

to clinical data partially circumvents this, though the multidimensional heterogene-

ity inherent to ALS renders any sample pooling unsatisfactory.
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For these reasons, an approach that minimises preanalytical sample processing and

enables individual sample proteomics was selected for this study, utilising a plate-

based bead-bound heat-stable trypsin to study CSF from patients with ALS and

relevant control groups.

3.3 Materials and methods

3.3.1 Participants and sampling

The study included 43 patients with ALS, 6 patients with PLS, 20 patients with

Parkinson’s disease, 12 patients with mimic conditions (including multifocal motor

neuropathy with conduction block, Kennedy’s disease, cervical spondylotic myelo-

radiculopathy and motor presentation of multiple sclerosis) and 20 healthy control

subjects. Subject recruitment, CSF sampling, sample processing and clinical char-

acterisation was completed as described in Section 2.3. Demographic and clinical

characteristics are displayed in Table 3.1.

3.3.2 Sample preparation for proteomic analysis

Samples of CSF were thawed on ice and digested using heat stable immobilized

trypsin (SMART DigestTM, ThermoFisher Scientific, UK). Fifty µL of CSF was

mixed with 150 µL SMART DigestTM buffer and added to SMART DigestTM plates.

Samples were incubated at 70°C with shaking at 1400 rpm for 60 minutes. Di-

gested samples were desalted using SOLAµTM solid-phase extraction (SPE) plates

(ThermoFisher Scientific, UK) and dried by vacuum centrifugation. Samples were

resuspended in 20 µL buffer A (2% acetonitrile, 0.1% formic acid in water) and

kept at -20°C until analysis. Peptide concentrations were assayed using a PierceTM

quantitative colorimetric peptide assay (ThermoFisher Scientific, UK) according to
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ALS PLS Healthy
control

Parkinson’s
disease

Mimic
conditions

p

n, first visit 43 6 20 20 12 -

n, second visit 21 5 - - - -

n, third visit 13 3 - - - -

n, fourth visit 10 2 - - - -

n, fifth visit 2 - - - - -

% male 72.1 16.7 55.0 50.0 91.7 0.010*

Age at sampling,
mean ± SD (years) 61.9±10.3 68.0±6.9 58.5±8.6 62.6±4.1 57.7±15.5 0.180+

Age at onset, mean
± SD (years) 59.3±10.9 40.7±34.4 - 60.8±4.0 - 0.766+

% bulbar onset 18.60 16.67 - - - 0.140†

Disease progression
rate median [IQR]

0.50
[0.28-0.95]

0.12
[0.09-0.15] - - - 0.001‡

Duration of
follow-up, mean ±
SD (months)

34±26 80±15 - - - < 0.001‡

Deaths, n (%) 35 (81) 0 - - - < 0.001†

Table 3.1: Demographic data. * χ2 test with post hoc pairwise Fisher exact tests
with FDR-ajusted p < 0.05 for mimic vs PLS only. + Kruskall-Wallis H test. †

Fisher exact test. ‡ Mann-Whitney U test. ALS – amyotrophic lateral sclerosis;
PLS – primary lateral sclerosis.

the manufacturer’s instructions. A pooled sample was produced by combining equal

quantities of digested peptide from each individual sample and injected after every

ninth sample for use in quality control analysis.

3.3.3 Proteomic analysis

Peptides were analysed by nano ultra-high performance liquid chromatography tan-

dem mass spectrometry (nUHPLC LC-MS/MS) using a Dionex UltiMate 3000 ultra

high performance liquid chromatography (UHPLC) (ThermoFisher Scientific, Ger-

many) coupled to a Q ExactiveTM HF Hybrid Quadrupole-OrbitrapTM mass spec-

trometer (ThermoFisher Scientific, Germany). Five hundred nL of peptides from

each sample was injected and analysed using a 60-minute linear gradient at a 250

nL/minute flow rate. The gradient used to elute the peptides started at 3 min-
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utes with 2 % buffer B (0.1% trifluoroacetic acid (TFA) and 5% dimethyl sulfoxide

(DMSO) in acetonitrile) increasing to 5% by 6 minutes followed by an increase up

to 35% by 63 minutes. The data were acquired with a resolution of 60,000 full-width

at half maximum (FWHM) ion intensity with a m/z ratio of 400 and lockmass en-

abled at 445.120025 Thomson (Th). The 12 most abundant precursors in each MS1

scan were selected for fragmentation by HCD at a normalized collision energy of 28

followed by exclusion for 27 seconds.

Raw MS data were analysed using Progenesis QI for Proteomics software v3.0 (Non-

linear Dynamics). MS/MS spectra were searched against the UniProt Homo Sapiens

Reference proteome (retrieved 01/06/2017) using Mascot v2.5.1 (Matrix Science) al-

lowing for a precursor mass tolerance of 10 ppm and a fragment ion tolerance of 0.05

Da. Deamidation on asparagine and glutamine and oxidation on methionine were

included as variable modifications. The peptide FDR was set at 1% and all peptides

with an ion score higher than 20 were imported into Progenesis QIP. Proteins that

were defined with at least one unique peptide were included in the protein data set

for further analysis. Protein abundance values were centered to the median abun-

dance of the 90% of proteins with the lowest variance across all runs and scaled

by MAD (Keilhauer et al. 2015). Missing data were imputed using three nearest

neighbours imputation.

3.3.4 ELISA

CSF pNFH was measured using a commercially-available ELISA for pNFH (Eu-

roimmun AG, Germany). CSF samples were assayed neat. 100µL enzyme conju-

gate and 25µL of standards and samples were added to the plate in duplicate and

incubated for 2 hours at room temperature with 400rpm shaking. The plate was

washed 3 times with 300µL wash buffer. 100µL substrate reagent was added and

incubated at room temperature for 15 minutes with 400rpm shaking protected from
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light. 100µL stop solution was added and plates were read immediately at dual

wavelengths (450-620nm). Plates were read using a FLUOstar Omega plate reader

(BMG LABTECH, UK). Standard curves were fitted with 4-parameter logistic re-

gression using MARS data analysis software (BMG LABTECH, UK). CSF samples

were thawed on ice prior to measurement.

The median intra-assay coefficient of variation (CV) was 2.54% (interquartile range

(IQR) 1.38-5.52%) and interassay CV was 7.20% (IQR 3.54-12.86%). The lower

limit of quantitation (LLOQ) was 0.32 ng/mL.

3.3.5 Statistical analysis

Statistical analysis was performed as described in Section 2.4. Cross-sectional anal-

ysis was performed using data and samples obtained from an individual’s first visit.

Due to the non-normal distribution of normalised log protein abundances, a Mann-

Whitney U test was used to test for changes in abundance between ALS samples

and those from each control group. Correlation with clinical parameters was calcu-

lated using Pearson’s correlation coefficient and associations between predictor and

outcome variables tested using Student’s t-test. Correlation with phosphorylated

neurofilament heavy chain (pNFH) levels was performed using data across all visits.

Cox regression analysis of survival was performed incorporating known survival co-

variates and univariate analysis using the log-rank test, again using data from first

visit samples. Longitudinal data analysis was performed using a random intercept,

random slope linear mixed model. Comparison of candidate markers identified in

previous proteomic studies was performed between ALS and other groups separately

using Welch’s t-test with Benjamini-Hochberg adjustment for multiple comparisons.
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3.4 Results

3.4.1 Proteomic analysis performance

Seven hundred seventy-three protein groups were identified and quantified across

conditions with at least one unique peptide. Median CV of pooled samples was

12.48% (IQR 7.93–23.4) across all protein groups quantified. Median combined CV

(biological and analytical) across all protein groups in first visit samples from all

subjects was 20.11% (IQR 14.68–28.82; difference in variation between pools and

individual first visit samples, p < 0.001), with 74.11% of proteins having CV <25%,

giving a statistical power of at least 0.8 for a 1.5-fold difference in these proteins at

FDR-adjusted p < 0.05 for all comparisons (Levin 2011). Quantification of pooled

samples was highly correlated, with median between-pool correlation Pearson’s r =

0.94 p < 0.001 for all between-pool correlations; IQR, 0.90–0.97). In relation to

the three candidate markers identified, combined variation in first samples across

all subjects was 45.86% for CHIT1 (combined variation in ALS samples 45.73%,

healthy controls 24.39%, PD 25.22%, PLS 30.21%, and mimic 27.19%), 16.21% for

CHI3L1 (combined variation in ALS samples 15.18%, healthy controls 12.67%, PD

12.75%, PLS 3.55%, and mimic 14.32%), and 36.8% for CHI3L2 (combined variation

in ALS samples 38.49%, healthy controls 21.73%, PD 28.22%, PLS 35.09%, and

mimic 33.01%). The within-individual variation across multiple visits for individuals

undergoing longitudinal sampling was median 12.52% (IQR, 7.06–21.87) for CHIT1,

4.79% (2.70–6.92) for CHI3L1, and 14.27% (8.97–22.62) for CHI3L2.

To examine changes in the accuracy of quantification across the all samples, nor-

malized log abundances of all protein groups in the first sample were subtracted

from the subsequent samples and a linear model created to examine changes in the

median deviation of relative abundance of all proteins from the first sample. This

did not change significantly over the course of the experiment (gradient = 0.00; log
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abundance units per sample, p = 0.062).

3.4.2 Cross-sectional candidate biomarker identification

CHIT1, CHI3L1 and CHI3L2 are elevated in ALS

Nineteen protein groups were differentially abundant with FDR-adjusted p < 0.05,

3 between ALS and healthy controls, 16 between ALS and Parkinson’s disease and

1 between ALS and mimic disorders. No proteins were differentially abundant with

FDR-adjusted p < 0.05 between ALS and PLS (Figure 3.1).

The proteins with FDR-adjusted p < 0.05 between ALS and healthy controls com-

prised three chitinases produced by cells of the immune system, particularly macrophages:

CHIT1, CHI3L1, and CHI3L2 (Di Rosa et al. 2016). All three proteins were ele-

vated in ALS compared to other groups except PLS. CSF levels of CHI3L1 did not

differ significantly between ALS and PLS (log2 fold change 0.04; unadjusted p =

0.666), though elevation of CHIT1 and CHI3L2 were observed in ALS compared to

PLS (Figure 3.2; fold change, unadjusted p-value, and FDR-adjusted p-value for

chitinase proteins are given in Table 3.2).

Protein
ALS vs HC ALS vs PD ALS vs PLS ALS vs mimic

FC p FDR FC p FDR FC p FDR FC p FDR

Chitotriosidase 1 0.87 <0.001 <0.001 0.85 <0.001 <0.001 0.62 0.014 0.755 0.64 <0.001 0.197
Chitinase-3-like protein 2 0.43 <0.001 0.005 0.39 0.002 0.025 0.59 0.002 0.471 0.62 <0.001 0.081
Chitinase-3-like protein 1 0.23 <0.001 0.013 0.23 <0.001 0.011 0.04 0.666 0.915 0.32 <0.001 0.004

Table 3.2: Relative abundance of chitinase proteins in CSF from patients with ALS
compared with healthy controls and those with Parkinson’s disease, PLS and mimic
conditions. ALS – amyotrophic lateral sclerosis; PLS – primary lateral sclerosis; FC
– log2 fold change; p – unadjusted p-value; FDR – false discovery rate.
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Figure 3.1: Volcano plot showing log2 fold change vs unadjusted p-values for 773
proteins quantified using LC-MS/MS with label free quantification. Positive log2 fold
change indicates proteins upregulated in ALS. Unfilled red points represent FDR-
adjusted p-values < 0.05. Consistently differentially abundant proteins CHIT1,
CHI3L1 and CHI3L2 are labelled. A ALS vs healthy control subjects B ALS vs PLS
C ALS vs Parkinson’s diseaseD ALS vs mimic disorders. ALS – amyotrophic lateral
sclerosis; HC – healthy control; PLS – primary lateral sclerosis; PD – Parkinson’s
disease; CHIT1 – chitotriosidase 1; CHI3L1 – chitinase-3-like protein 1; CHI3L2 –
chitinase-3-like protein 2.
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Figure 3.2: Cross-sectional analysis. Normalised log2 relative abundance of A
CHIT1, B CHI3L1 and C CHI3L2 between conditions (first visit samples only).
Significance bars indicate unadjusted p-values for first visit samples. * p < 0.05,
** p < 0.01, *** p < 0.001, NS p > 0.05. ALS – amyotrophic lateral sclerosis; HC
– healthy control; Mim – mimic disorders; PLS – primary lateral sclerosis; PD –
Parkinson’s disease; CHIT1 – chitotriosidase; CHI3L1 – chitinase-3-like protein 1;
CHI3L2 – chitinase-3-like protein 2.

3.4.3 Classifier performance of identified candidate markers

Multivariate ROC analysis was performed to assess the utility of the three markers in

differentiating ALS from other sample groups (using first visit samples only). Table

3.3 details the ROC AUC for distinguishing ALS from the other conditions for each

marker as well as a combination of all three markers, calculated by summation of

centered and squared log abundances. ROC curves for this data are illustrated in

Figure 3.3.

Differentiating ALS from mimic conditions and PLS are the two most clinically rele-

vant classification problems. Performance distinguishing ALS and mimic conditions

was good for all markers (CHIT1 AUC 0.81, 95% confidence interval (CI) 0.69-0.93;

CHI3L1 AUC 0.90, CI 0.82-0.98; CHI3L2 AUC 0.81, CI 0.68-0.95), though a com-

bination of all three markers (by summation of centered and scaled log abundance

values) provided the highest AUC, improving significantly upon the performance

of CHIT1 and CHI3L2, but not CHI3L1 alone (combined chitinases AUC 0.95, CI

0.88-1.00; comparison with CHIT1 alone p = 0.049, CHI3L1 p = 0.384, CHI3L2 p
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ALS vs healthy control ALS vs Parkinson’s disease
AUC CI Spec. Sens. AUC CI Spec. Sens.

Chitotriosidase 1 0.90 0.83-0.98 0.95 0.77 0.90 0.82-0.98 0.90 0.78
Chitinase-3-like protein 1 0.80 0.68-0.92 0.80 0.74 0.80 0.69-0.91 0.85 0.67
Chitinase-3-like protein 2 0.83 0.73-0.94 0.83 0.81 0.79 0.67-0.90 0.70 0.81
Combined chitinases 0.93 0.87-0.99 0.94 0.76 0.92 0.85-0.99 0.70 0.98
pNFH 0.98 0.95-1.00 1.00 0.93 - - - -
Chitinases + pNFH 0.96 0.93-1.00 0.94 0.90 - - - -

ALS vs mimic ALS vs PLS
AUC CI Spec. Sens. AUC CI Spec. Sens.

Chitotriosidase 1 0.81 0.69-0.92 1.00 0.58 0.81 0.63-0.98 0.83 0.77
Chitinase-3-like protein 1 0.90 0.82-0.99 1.00 0.77 0.59 0.44-0.75 1.00 0.47
Chitinase-3-like protein 2 0.81 0.68-0.95 1.00 0.55 0.87 0.77-0.97 1.00 0.81
Combined chitinases 0.95 0.89-1.00 1.00 0.76 0.88 0.75-1.00 0.83 0.86
pNFH 0.94 0.87-1.00 0.92 0.88 0.88 0.76-0.99 1.00 0.70
Chitinases + pNFH 0.97 0.93-1.00 1.00 0.90 0.93 0.85-1.00 1.00 0.81

Table 3.3: Within-cohort ROC analysis of chitinase proteins in classifying ALS vs
non-ALS samples. Chitinase proteins were combined by summation of centered and
scaled log abundances for each protein. Performance of the optimal combination
of proteins is given (CHIT1 and CHI3L2 for ALS vs PLS, all three proteins for
other contrasts). Sensitivity and specificity are given for the Youden index (Youden
1950). ALS - amyotrophic lateral sclerosis; PLS - primary lateral sclerosis; Spec. -
specificity; Sens. - sensitivity; pNFH - phosphorylated neurofilament heavy chain.
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Figure 3.3: Classifier performance of individual and combined chitinase proteins
distinguishing ALS from individual control groups by ROC analysis. A ALS vs
healthy control B ALS vs Parkinson’s Disease C ALS vs mimic conditions D ALS
vs PLS. Combined analysis performed using summed centered and scaled log2 abun-
dance of chitinase proteins (the best model is presented including all three chitinase
proteins for ALS vs healthy control, ALS vs Parkinson’s disease and ALS vs mimic;
CHIT1 and CHI3L2 for ALS vs PLS), with and without pNFH. Values for pNFH
were not available for Parkinson’s disease samples. ALS – amyotrophic lateral scle-
rosis; PLS – primary lateral sclerosis; CHIT1 – chitotriosidase; CHI3L1 – chitinase-
3-like protein 1; CHI3L2 – chitinase-3-like protein 2; pNFH - phosphorylated neu-
rofilament heavy chain.
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= 0.009; Figure 3.3 C and Table 3.3). Performance of the combined chitinase

proteins was comparable to pNFH (pNFH AUC 0.94, CI 0.87-1.00; comparison of

combined chitinases with pNFH alone p = 0.912). The addition of pNFH to the

combination of chitinases provided the highest AUC, but did not significantly im-

prove upon the AUC of combined chitinase; (combined chitinases plus pNFH AUC

0.97, CI 0.93-1.00; comparison of combined chitinases plus pNFH versus combined

chitinases p = 0.235).

Interestingly, though CHIT1 and CHI3L2 showed reasonable performance in differ-

entiating between PLS and ALS (CHIT1 AUC 0.81, CI 0.63-0.98; 0.87, CHI3L2

CI 0.77-0.97; Figure 3.3 D and Table 3.3), CHI3L1 performed poorly (AUC

0.59, CI 0.44-0.75). A combination of CHIT1 and CHI3L2 increased the AUC non-

significantly compared to CHIT1 or CHI3L2 alone (CHIT1 and CHI3L2 combined

AUC 0.88, CI 0.75-1.00; comparison of combined chitinases with CHIT1 p = 0.792,

CHI3L2 p = 0.600), and was comparable to pNFH alone (AUC 0.88, CI 0.76-1.00;

comparison of combined chitinases and pNFH p = 0.684). A combination of CHIT1,

CHI3L2 and pNFH provided the highest AUC, though this was not a statistically

significant improvement upon CHIT1 and CHI3L2 combined (AUC 0.93, CI 0.85-

1.00; comparison of combined chitinases and pNFH p = 0.072; Figure 3.3 D and

Table 3.3).

Chitinase proteins also performed well distinguishing between ALS patients and

healthy controls (CHIT1 AUC 0.90, CI 0.83-0.98; CHI3L1 AUC 0.80, CI 0.68-0.92;

CHI3L2 AUC 0.83, CI 0.73-0.94). Combining chitinases provided a higher AUC,

with statistically significant improvement on CHI3L2, but not CHIT1 or CHI3L1

alone (AUC 0.90, CI 0.87-0.99; comparison with CHIT1 alone p = 0.587, CHI3L1

p = 0.064, CHI3L2 p = 0.046). Performance of combined chitinase proteins was

similar to pNFH (pNFH AUC 0.98, CI 0.95-1.00; comparison of combined chitinases

and pNFH alone p = 0.157), and combining chitinase proteins with pNFH worsened

performance compared to pNFH alone (combined chitinases plus pNFH AUC 0.96,
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CI 0.93-1.00; comparison of combined chitinases plus pNFH and pNFH alone p =

0.045; Figure 3.3 A and Table 3.3).

3.4.4 Cross-sectional linear regression models of chitinase pro-

teins and clinical parameters

Chitinase levels correlates with disease progression rate

Regression models were constructed using samples and clinical data obtained at the

first visit of patients with ALS and PLS. Using simple linear regression, CHIT1,

CHI3L1 and CHI3L2 levels correlated positively with PR (CHIT1 vs log PR Pear-

son’s r = 0.56, p < 0.001; CHI3L1 r = 0.31, p = 0.028; CHI3L2 r = 0.29, p =

0.044, 3.4 A-C). There was no correlation with degree of disability as measured by

ALSFRS-R for any of the three chitinase proteins (CHIT1 r = -0.13, p = 0.364;

CHI3L1 r = -0.06, p = 0.694; CHI3L2 r = -0.12, p = 0.431; Figure 3.4 D-F).

Multiple linear regression models controlling for the effect of age, sex, absolute

ALSFRS-R, progression rate, and site of onset (bulbar vs spinal) on chitinase protein

level demonstrated significant positive correlation with disease progression rate for

CHIT1, CHI3L1, and CHI3L2 (CHIT1, p < 0.001; gradient = 0.27 log abundance

units per unit increase in log disease progression rate; CHI3L1, p = 0.036; gradient =

0.05 log abundance units per unit increase in log disease progression rate; CHI3L2,

p = 0.033; gradient = 0.13 log abundance units per unit increase in log disease

progression rate). CHIT1 and CHI3L2 levels were lower in older subjects (CHIT1, p

= 0.025; gradient = -0.02 log abundance units per year; CHI3L2, p = 0.032; gradient

= –0.017 log abundance units per year) in cross-sectional analysis of patients with

ALS and PLS.

Multiple linear regression models were also constructed to explore the contribution

of age and sex across the cohort, modeling each chitinase level separately, with age,
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sex, and subject grouping as explanatory variables; no significant association with

age or sex was observed.

CHIT1, CHI3L1 and CHI3L2 levels correlate with a marker of axonal

damage, pNFH

The neurofilament protein pNFH is a marker of axonal damage and multiple studies

have shown significant elevation in ALS CSF that also correlates with PR (see

Chapter 1.3.1). Levels of CHIT1, CHI3L1 and CHI3L2 all had a moderate positive

correlation with pNFH levels (CHIT1 Pearson’s r = 0.62, p < 0.001; CHI3L1 r =

0.49, p < 0.001; CHI3L2 r = 0.41, p < 0.001; Figure 3.4 G-I).

Additional linear regression analysis was performed to model disease progression

rate using first visit protein (CHIT1, CHI3L1, CHI3L2, and pNFH) and the clinical

variables age at onset, age at sampling, onset site (bulbar vs spinal), and sex. To

provide comparable parameter estimates, levels of CHIT1, CHI3L1, CHI3L2, and

pNFH were centered about 0 and scaled to SD 1. A model incorporating all ex-

planatory variables showed significant associations of decreasing age and increasing

pNFH with increasing progression rate (model adjusted R2 = 0.65, p < 0.001; age of

onset gradient = -0.14 log points per month per year, p < 0.001; pNFH gradient =

0.69 log points per month per log abundance unit, p = 0.006; Table 3.4). The most

parsimonious model of disease progression rate with highest adjusted R2 comprised

just three explanatory variables: age at symptom onset, CHIT1, and pNFH levels.

This demonstrated significant associations of decreasing age, increasing pNFH, and

increasing CHIT1 levels with higher disease progression rate (adjusted R2 = 0.67;

age at onset, p < 0.001; gradient = -0.14 log points per month per year; pNFH p

= 0.005, gradient = 0.61 log points per month per log abundance unit; CHIT1 p

= 0.045, gradient = 0.29 points per month per log abundance unit; Table 3.4),

though it does not take account of clinical parameters that have previously been

associated with higher disease progression rate.

79



Chapter 3

Figure 3.4: Linear regression of clinical parameters. A-C correlation between
CHIT1, CHI3L1 and CHI3L2 and PR. Pearson’s r and p-value given for simple linear
correlation. First visit samples only. D-F correlation between CHIT1, CHI3L1 and
CHI3L2 and disability as measured by ALSFRS-R score. Pearson’s r and p-value
given for simple linear correlation. First visit samples only. G-I correlation between
CHIT1, CHI3L1 and CHI3L2 and pNFH. Ribbon indicates 95% CI of linear model
fit. Pearson’s r and p-value for correlation, all samples. ALS – amyotrophic lateral
sclerosis; HC – healthy control; Mim – mimic disorders; PLS – primary lateral
sclerosis; PD – Parkinson’s disease; CHIT1 – chitotriosidase; CHI3L1 – chitinase-3-
like protein 1; CHI3L2 – chitinase-3-like protein 2; DPR – disease progression rate
(ALSFRS-R decline, points per month); ALSFRS-R – revised ALS functional rating
scale; pNFH – phosphorylated neurofilament heavy chain.
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Gradient 95% CI p Gradient 95% CI p

Age of onset -0.13 -0.16 to
-0.06 <0.001 -0.14 -0.22 to

-0.06
<0.001

pNFH 0.61 0.19 - 1.04 0.006 0.69 0.21 - 1.17 0.006

CHIT1 0.29 0.01 - 0.57 0.045 0.29 -0.04 - 0.61 0.085

CHI3L1 - - - -0.10 -0.40 - 0.19 0.487

CHI3L2 - - - 0.07 -0.16 - 0.30 0.537

Sex (male) - - - 0.25 -0.79 - 0.29 0.360

Site of onset (limb) - - - 0.00 -0.61 - 0.61 0.999

Adjusted R2 0.67 - <0.001 0.65 - <0.001

Table 3.4: Multiple Linear Regression Modeling of Disease Progression Rate Using
Chitinase Proteins, pNFH, and Clinical Parameters. ALS – amyotrophic lateral
sclerosis; PLS – primary lateral sclerosis; CI - confidence interval.

3.4.5 Longitudinal analysis of chitinase proteins

A linear mixed model of CSF CHIT1, CHI3L1 and CHI3L2 was fitted to longitudinal

values, beginning at the baseline visit, with patients stratified by level at baseline

visit in relation to median value. Longitudinal sample numbers for ALS and PLS

are summarized in Table 3.1. There was a small increase in CHI3L1 levels over

time in those with low levels at onset (gradient = 0.005 log abundance units per

month, p = 0.001). The gradient did not differ significantly from zero in those with

high initial CHI3L1 or for either stratum of CHIT1 or CHI3L2 (Figure 3.5).

3.4.6 Survival analysis

A Cox proportional hazards model including first visit ALSFRS-R, age at onset, sex,

onset site (bulbar vs spinal), and CHIT1, CHI3L1, and CHI3L2 levels in all MND

patients showed association of CHIT1 level and age with survival (CHIT1 hazard

ratio (HR) 2.84, p = 0.009, 95% CI 1.24–5.75; CHI3L1 HR = 1.23, p = 0.55, 95% CI

0.64–2.33; CHI3L2 HR = 1.08, p = 0.93, 95% CI 0.20–7.13; age HR = 1.00015, p =

0.008, 95% CI 1.00004–1.00027; 3.5). The addition of pNFH level to the model left

only pNFH as an independent prognostic factor (pNFH HR = 1.26, p = 0.019, 95%
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Figure 3.5: Longitudinal stability of CHIT1, CHI3L1, and CHI3L2. Gradient
estimated using a random slope, random intercept linear mixed model, stratified
by initial analyte level. Ribbon indicates mean predicted longitudinal change by
stratum. Gradient in log2 units change per month; p value denotes likelihood that
gradient differs from zero. Patients stratified by disease progression rate at last visit.
CHIT1 - chitotriosidase; CHI3L1 - chitinase-3-like protein 1; CHI3L2 - chitinase-3-
like protein 2.

CI 1.04–1.53; CHIT1 HR = 1.90, p = 0.137, 95% CI 0.82–4.44; CHI3L1 HR = 1.37,

p = 0.765, 95% CI 0.18–10.60; CHI3L2 HR = 0.88, p = 0.728, 95% CI 0.43–1.81).

Data for several factors known to influence survival in ALS including nutritional

status, C9orf72 genotype and respiratory function (forced vital capacity (FVC), for

example) were not available, so caution is needed in drawing firm conclusions around

an independent role for CHIT1 levels at present (Westeneng et al. 2018).

Kaplan-Meier survival curves showed apparent separation of cumulative survival of

patients when stratified by level of CHIT1, CHI3L1, or CHI3L2, though no signifi-

cant association between stratum and survival was observed (log-rank test, CHIT1

p = 0.175, CHI3L1 p = 0.082, CHI3L2 p = 0.149; 3.6).

3.4.7 Validation of previously identified candidate markers

Of the previously identified candidate proteins differentiating ALS patients from

healthy or disease controls, 6 proteins were identified in the current study: Cys-

tatin C (CST3; Ranganathan et al. 2005; Pasinetti et al. 2006; Ranganathan et al.
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Figure 3.6: Survival analysis in ALS and PLS patients from time of first sampling,
stratified by relative abundance of CHIT1, CHI3L1, and CHI3L2 at first visit. Cox
proportional hazards model hazard ratio and p-value listed along with p-value for
log-rank test. CHIT1 - chitotriosidase; CHI3L1 - chitinase-3-like protein 1; CHI3L2
- chitinase-3-like protein 2; HR - hazard ratio.

HR 95% CI p HR 95% CI p

Age of onset 1.00 1.00004-
1.00027 0.008 1.00 1.00000-

1.00019
0.149

Sex (male) 1.32 0.53-2.57 0.488 0.96 0.41-2.21 0.916

ALSFRS-R at
baseline 1.08 0.97-1.18 0.141 1.04 0.95-1.15 0.359

Site of onset (limb) 0.74 0.30-2.11 0.531 0.67 0.27-1.70 0.396

CHIT1 2.84 1.24-5.75 0.009 1.90 0.82-4.40 0.137

CHI3L1 1.23 0.64-2.33 0.549 1.37 0.18-10.60 0.765

CHI3L2 1.08 0.20-7.13 0.935 0.89 0.43-1.81 0.728

pNFH - - - 1.26 1.04-1.53 0.019

Table 3.5: Cox Proportional Hazards Survival Models for Patients With ALS and
PLS, Based on First Visit Analyte Value, With and Without Inclusion of pNFH.
ALS – amyotrophic lateral sclerosis; PLS – primary lateral sclerosis; HR - hazard
ratio; CI - confidence interval.
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Figure 3.7: Relative abundance of candidate protein biomarkers identified in pre-
vious proteomic studies using data from the current study. CST3 - Cystatin-C;
AZGP1 - Zinc-alpha-2-glycoprotein; SERPINA1 - Alpha-1-antitrypsin; SPP1 - Os-
teopontin; TTR - Transthyretin; VGF - Neurosecretory protein VGF.

2007; Ryberg et al. 2010; Collins et al. 2015), Zinc-alpha-2-glycoprotein (AZGP1;

Brettschneider et al. 2008; Chen et al. 2016b), Alpha-1-antitrypsin (SERPINA1;

Brettschneider et al. 2008; Neuhoff et al. 2012; Chen et al. 2016b), Osteopontin

(SPP1; Varghese et al. 2013), Transthyretin (TTR; Ranganathan et al. 2005; Ran-

ganathan et al. 2007; Ryberg et al. 2010) and Neurosecretory protein VGF (VGF

Pasinetti et al. 2006; Neuhoff et al. 2012). Across all comparisons, only Osteo-

pontin differed between ALS and Parkinson’s disease patients (ALS mean = -0.99

log abundance units, Parkinson’s disease mean = -1.30 log abundance units, p =

0.004). Following adjustment for multiple comparisons, no significant differences

were observed for any protein across any comparison.
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3.4.8 Discussion

The work of this chapter describes the proteomic analysis of individual CSF samples

from a large longitudinal cohort of patients with ALS and relevant control condi-

tions including neurodegenerative disease controls, ALS-mimicking conditions and

PLS. The simple preanalytical methods, using a high-throughput tryptic digestion,

resulted in reliable quantification across the cohort.

The main findings were elevation of a set of three related chitinase proteins, CHIT1,

CHI3L1 and CHI3L2. Elevation of all three proteins in the CSF of ALS patients

compared with healthy controls was previously demonstrated in a small proteomic

study, though a within-cohort validation by ELISA only demonstrated elevation

of CHIT1 (Varghese et al. 2013). Separately, elevation of CHIT1 in ALS has been

confirmed by ELISA (Steinacker et al. 2018; Chen et al. 2016a). Elevation of CHI3L2

was also demonstrated in a shotgun proteomic study, though this has not been

validated by immunoassay (Collins et al. 2015).

In addition, the work described here explored the classifier performance of the chiti-

nase proteins as measured by proteomics and found it to be similar to, though no

better than, pNFH. Interestingly, elevation of CHIT1 and CHI3L2, but not CHI3L1

was observed in ALS compared to PLS. This could suggest differences in the glial

response between the two conditions and suggests that biochemically distinguishing

between the two conditions might be possible. Notably, the number of PLS samples

used in the analysis was small and the latency from symptom onset to sampling was

comparatively high. Confirmation of the findings in a prospectively-acquired cohort

during the initial diagnostic phase is essential prior to clinical translation.

Correlation of the chitinase proteins with clinical parameters indicated a relationship

with the aggressiveness of the disease rather than the stage of the disease, similar

to the neurofilament proteins. Longitudinal analysis indicated little change of the
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proteins over time, with the exception of CHI3L1 which increased gradually in those

with initially low levels. This implies that glial activity does not rise rapidly through

the course of the disease.

Survival analysis showed a relationship of higher levels of CHIT1 with shortened sur-

vival, though this association was less robust than that of pNFH. Again, validation

of this in cohorts incorporating the full spectrum of survival-associated parameters

of ALS is required prior to translation of these findings to the pharmaceutical trial

or clinical arena.

All three of the chitinase proteins are known to be released by macrophages, with

roles in the immune response and tissue remodelling, though their origin within

the central nervous system is less well-established (Di Rosa et al. 2016). Limited

work suggests that CHIT1 is secreted by microglia in vitro and colocalises with the

microglial marker IBA-1 in the spinal cord of ALS patients post mortem (Varghese

et al. 2013; Steinacker et al. 2018). The origin of CHI3L1 and CHI3L2 has not been

studied in ALS, though a reanalysis of RNA expression data from motor cortex

of ALS patients suggests that expression of these two proteins is increased in ALS

(Sanfilippo et al. 2017).

Although the data presented in this chapter cannot exclude overspill from plasma

as the cause of elevation of these proteins, current understanding of the origin of

these proteins would suggest that their levels are likely to represent glial activity

within the CNS. The contribution of glial mechanisms to the pathogenesis of ALS

is controversial, but there is evidence that they may at least represent a modifier of

severity that is amenable to treatment. As a consequence, glial pathways are being

actively pursued in clinical trials. Chitinase proteins represent a promising means

to measure these mechanisms and the effect of potential glial-targeting treatments.

Further work is necessary to validate these findings and to understand the cellular

and CNS regional origin of these proteins before firm conclusions can be drawn.

Correlation of CSF measurement of chitinase proteins with in vivo measures of glial
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activity, such as microglial PET, and post mortem analysis of protein expression

would go a significant way to achieving this.

Although six additional candidate biomarkers identified in previous proteomic stud-

ies of CSF in ALS were quantified here, only elevation of osteopontin in relation

to Parkinson’s disease was detected (and even this was lost following correction for

multiple comparisons). This finding is also contradictory to previous observations

in Parkinson’s disease, in which elevations of CSF osteopontin have been observed

when compared to neurological disease controls (Maetzler et al. 2009).

There are multiple possible explanations for these discrepancies, including differ-

ences in sample handling (Cystatin C, for example, is susceptible to degradation

when stored at -20°C; Barschke et al. 2017), differences in the cohort selected; pre-

analytical steps such as abundant protein depletion, prefractionation or labelling;

differing MS methodology (previous studies have used separation techniques that

might lead to overrepresentation of high molecular weight proteins); and differences

in the normalisation strategy and statistical analysis (Silberring et al. 2010).
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4. Validation of Chitinase Biomark-

ers in ALS

4.1 Hypothesis and Aims of This Chapter

4.1.1 Hypothesis

Chitinase proteins are elevated in the CSF of ALS patients and may be useful in

diagnosis, prognostication and reflect underlying glial activity, making them useful

target engagement markers and predictors of response to glial-targeted therapies for

ALS.

4.1.2 Aims

1. Validate the findings of elevated CSF chitinase proteins in ALS using an orthog-

onal method (ELISA)

2. Examine associations of the chitinase proteins with clinical parameters:

i. Rate of disease progression

ii. Upper motor neuron burden

iii. Cognitive dysfunction

iv. Longitudinal change

iv. Survival
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3. Examine associations of the chitinase proteins with biochemical measures:

i. Axonal degeneration: pNFH

ii. Nonspecific inflammatory response: CRP

iii. Chitotriosidase activity

iv. Serum chitinase protein levels

4. Examine associations of the chitinase proteins with structural imaging parameters

4.2 Introduction

In addition to the work outlined in Chapter 3, elevations in the chitinase proteins

in the CSF of patients with ALS has now been demonstrated in several studies

using MS-based proteomics and ELISA (Varghese et al. 2013; Collins et al. 2015;

Steinacker et al. 2018; Chen et al. 2016a). These studies have predominantly focused

on CHIT1, confirming its elevation in ALS compared to healthy controls and those

with other neurodegenerative diseases (with the exception of CJD) and demonstrat-

ing good classifier performance distinguishing ALS patients from healthy controls,

albeit with diminished accuracy compared to CSF neurofilament levels (Chen et al.

2016a; Steinacker et al. 2018).

Examination of post mortem spinal cord tissue from ALS patients using double-

labelled immunofluorescence has identified microglia of the corticospinal tract as

the likely cause of elevated CSF CHIT1, through localisation of CHIT1 immunoflu-

orescence in the somata of IBA-1 positive (macrophage lineage) cells (Steinacker

et al. 2018). Notably, however, examination of affected brain regions and co-

immunofluorescence of markers for neurons and other glial cells has not been per-

formed.

CHI3L1 and CHI3L2 have been less well-studied in ALS, with only one proteomic

study demonstrating elevation of CSF levels of both proteins (with ELISA validation
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in the same study confirming elevation of just CHI3L2; Varghese et al. 2013) and

another study demonstrating elevation of just CHI3L2 without additional validation

(Collins et al. 2015). Evidence regarding the CNS cellular origin of CHI3L1 and

CHI3L2 is also less clear than for CHIT1, with both proteins expressed in microglia

and astrocytes in white matter of mutliple sclerosis patients, but CHI3L1 expressed

exclusively by astrocytes in frontal cortex tissue of patients with Alzheimer’s disease

(Hinsinger et al. 2015; Querol-Vilaseca et al. 2017). No studies yet examine the

expression of these two proteins in ALS post mortem tissue.

This chapter aims to validate the findings of the Chapter 3 with respect to eleva-

tions of CSF CHIT1, CHI3L1 and CHI3L2 using commercially-available immunoas-

says to provide absolute abundance measurements, both within the cohort studied

and in an independently-acquired cohort. The accuracy of classification, relation-

ship with clinical, biochemical and imaging parameters, and longitudinal stability

will also be explored.

4.3 Materials and methods

4.3.1 Participants and sampling

This study included 82 patients with ALS, 11 patients with PLS, 12 patients with

mimic conditions (including multifocal motor neuropathy with conduction block,

Kennedy’s disease, cervical spondylotic myeloradiculopathy and motor presentation

of multiple sclerosis), 25 healthy control subjects and 5 subjects carrying the C9orf72

hexanucleotide repeat expansion but not manifesting symptoms. Of this cohort, 39

ALS patients, 5 healthy controls, 4 PLS patients and 5 asymptomatic gene carriers

had not been analysed using proteomics. Subject recruitment, CSF sampling, sam-

ple processing and clinical characterisation was completed as described in Section

2.3. Demographic and clinical characteristics are displayed in Table 4.1.
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ALS PLS Mimic
conditions

Healthy
control

Asymptomatic
gene

carriers
p

n, first visit 82 10 12 25 5 -

n, second visit 33 5 - - - -

n, third visit 19 3 - - - -

n, fourth visit 10 2 - - - -

n, fifth visit 2 - - - - -

% male 76.8 40.0 91.7 48.0 20.0 0.013*

Age at sampling,
mean ± SD (years) 59.9±10.7 66.4±9.7 57.7±15.5 56.5±9.2 39.7±7.1 0.011+

Age at onset, mean
± SD (years) 56.8±11.2 44.0±26.0 - - - 0.010

% bulbar onset 26.8 10 - - - 0.438

Disease progression
rate median [IQR]

0.45
[0.23-0.60]

0.12
[0.08-0.17] - - - 0.040

Deaths, n (%) 44 (54) 0 - - - < 0.001

Table 4.1: Demographic data. p-values for χ2 test (categorical data) or Kruskal-
Wallis H test (continuous data; or Mann-Whitney U test for two-group compar-
isons). *Post hoc pairwise Fisher exact tests with Benjamini-Hochberg FDR cor-
rection indicated significantly more male subjects in ALS and mimics compared to
other groups. +Dunn’s post hoc with Benjamini-Hochberg FDR correction p < 0.05
for asymptomatic gene carriers versus other groups. ALS – amyotrophic lateral
sclerosis; PLS – primary lateral sclerosis.
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4.3.2 ELISA and CHIT1 activity assay

All ELISAs and activity assays were performed in duplicate. Plates were read using

a FLUOstar Omega plate reader (BMG LABTECH, UK). Standard curves were

fitted with 4-parameter logistic regression using MARS data analysis software (BMG

LABTECH, UK). CSF samples were thawed on ice prior to measurement. Chitinase

protein ELISAs were tested for intra-assay CV, interassay CV, LLOQ, dilutional

linearity and parallelism as outlined in Andreasson et al. (2015).

CHIT1

CHIT1 level was measured using a commercially available ELISA (CircuLexTM hu-

man Chitotriosidase ELISA, MBL, UK) according to the manufacturer’s instruc-

tions. CSF samples were diluted to 1 in 20 with dilution buffer and vortexed before

adding to the plate. Samples above the top standard were subjected to repeat assay

at 1 in 100 dilution, those below the bottom standard were repeated at 1 in 5 dilu-

tion. Serum samples were assayed at 1 in 25 dilution. 100µL of diluted standards

and samples were added to the plate in duplicate and incubated for 1 hour at room

temperature with 400rpm shaking. The plate was washed four times with 350µL

wash buffer. 100µL horseradish peroxidase (HRP)-conjugated anti-human CHIT1

antibody was added and incubated for 1 hour at room temperature with 400rpm

shaking. The plate was washed four times with 350µL wash buffer. 100µL substrate

reagent was added and incubated at room temperature for 20 minutes with 400rpm

shaking. 100µL stop solution was added and plates were read immediately at dual

wavelengths (450-540nm).

The median intra-assay CV was 2.58% (IQR 1.22-4.80%), interassay CV median

15.04% (IQR 14.38-15.84%). The LLOQ was 70.95 pg/mL. CSF CHIT1 levels

showed dilutional linearity and parallelism in the linear range of the standard curve.
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CHI3L1

CHI3L1 level was measured using a commercially available ELISA (Human Chitinase

3-like 1 Quantikine ELISA kit, R&D systems, UK) according to the manufacturer’s

instructions. CSF samples were diluted to 1 in 250 with dilution buffer and vortexed

before adding to the plate. Serum samples were assayed at 1 in 50 dilution. 100µL

of assay buffer was added to each well. 50µL of diluted standards and samples were

added to the plate in duplicate and incubated for 2 hours at room temperature

with 400rpm shaking. The plate was washed four times with 400µL wash buffer.

200µL HRP-conjugated anti-human CHI3L1 antibody was added and incubated for

2 hours at room temperature with 400rpm shaking. The plate was washed four

times with 400µL wash buffer. 200µL substrate reagent was added and incubated

at room temperature for 30 minutes with 400rpm shaking. 50µL stop solution was

added and plates were read immediately at dual wavelengths (450-540nm).

The median intra-assay CV was 1.86% (IQR 0.90-3.61%), interassay CV median

2.80% (IQR 2.70-5.90%). The LLOQ was 100.02 pg/mL. CSF CHI3L1 levels showed

dilutional linearity and parallelism in the linear range of the standard curve.

CHI3L2

CHI3L2 level was measured using a commercially available ELISA (CircuLexTM

human YKL-39 ELISA, MBL, UK) according to the manufacturer’s instructions.

CSF samples were diluted to 1 in 40 with dilution buffer and vortexed before adding

to the plate. Serum samples were assayed at 1 in 4 dilution. 100µL of diluted

standards and samples were added to the plate in duplicate and incubated for 1

hour at room temperature with 400rpm shaking. The plate was washed four times

with 350µL wash buffer. 100µL HRP-conjugated anti-human YKL-39 antibody

was added and incubated for 1 hour at room temperature with 400rpm shaking.

The plate was washed four times with 350µL wash buffer. 100µL substrate reagent
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was added and incubated at room temperature for 20 minutes with 400rpm shaking.

100µL stop solution was added and plates were read immediately at dual wavelengths

(450-540nm).

The median intra-assay CV was 2.61% (IQR 1.27-5.20%), interassay CV median

5.07% (IQR 4.05-5.10%). The LLOQ was 58.34 pg/mL. CSF CHI3L2 levels showed

dilutional linearity and parallelism in the linear range of the standard curve.

pNFH

pNFH level was measured as descirbed in Section 3.3.4.

CRP

CRP level was measured using a commercially available ELISA (Abcam® CRP

human ELISA kit, Abcam®, UK) according to the manufacturer’s instructions.

CSF samples were diluted to 1 in 2 with sample diluent and vortexed before adding

to the plate. Samples below the bottom standard were re-assayed neat, those above

the top standard were subjected to repeat assay at a 1 in 4 dilution. 50µL of diluted

standards and samples were added to the plate in duplicate and incubated for 2 hour

at room temperature with 400rpm shaking. The plate was washed five times with

200µL wash buffer. 50µL biotinylated anti-human CRP antibody was added and

incubated for 30 minutes at room temperature with 400rpm shaking. The plate was

washed five times with 200µL wash buffer. 50µL streptavidin-peroxidase conjugate

was added and incubated for 30 minutes at room temperature with 400rpm shaking.

The plate was washed five times with 200µL wash buffer. 50µL chromogen substrate

reagent was added and incubated at room temperature for 10 minutes with 400rpm

shaking. 50µL stop solution was added and plates were read immediately at dual

wavelengths (450-570nm).
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The median intra-assay CV was 4.67% (IQR 2.12-8.00%), interassay CV median

17.22% (IQR 11.81-22.64%). The LLOQ was 175.81 pg/mL.

4.3.3 CHIT1 activity measurement

CHIT1 acitivity was measured using a commercially available fluorometric assay

(CycLex® Chitotriosidase Fluorimetric Assay Kit, MBL, UK) according to the man-

ufacturer’s instructions. CSF samples were diluted to 1 in 5 with inhibition or assay

buffer. 5µL of diluted standards (4-Methylumbelliferone), samples in inhibition and

assay buffer and positive controls (recombinant CHIT1) were added to the plate in

duplicate. 95µL reaction buffer was added. Fluorescence intensity was read using

a FLUOstar Omega plate reader (BMG LABTECH, UK) with excitation at 320nm

and emission at 445nm, recording in kinetic mode for 41 minutes. CHIT1 activity

was calculated using the change in blank-corrected fluorescence units at 10- and

40-minute time-points, subtracting non-specific substrate hydrolysis.

The median intra-assay CV was 2.38% (IQR 1.51-5.61%), interassay CV 13.90%.

4.3.4 Statistical analysis

Statistical analysis was performed as described in Section 2.4. Protein levels be-

tween groups were compared using a pairwise Mann-Whitney U test with Benjamini-

Hochberg multiple comparison correction. Correlation with clinical parameters was

calculated using Pearson’s correlation coefficient and associations between predictor

and outcome variables tested using Student’s t-test. Cox regression analysis of sur-

vival was performed incorporating known survival covariates and univariate analysis

using the log-rank test, again using data from first visit samples. Longitudinal data

analysis was performed using a random intercept, random slope linear mixed model.
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Figure 4.1: Correlation of proteomic and ELISA measurement of A CHIT1 B
CHI3L1 and C CHI3L2

4.4 Results

4.4.1 Demographic data

Subject age differed by group (p = 0.011). Post hoc testing demonstrated only

significant differences between the asymptomatic gene carriers and other groups,

the asymptomatic gene carriers being younger (ALS p = 0.013, PLS p = 0.010,

mimics p = 0.047, healthy controls p = 0.043). Gender was also different between

groups (p = 0.013). There were significantly more male subjects in the ALS and

mimic groups compared to other groups on post hoc testing (ALS vs PLS p = 0.037,

healthy controls p = 0.037, asymptomatic gene carriers p = 0.037; mimic vs PLS p

= 0.037, healthy controls p = 0.037, asymptomatic gene carriers p = 0.037; Table

4.1).

4.4.2 Correlation of ELISA and proteomic data

ELISA and proteomic measurement of each chitinase protein was correlated (CHIT1

Pearson’s r = 0.88, p < 0.001; CHI3L1 r = 0.61, p < 0.001; CHI3L2 r = 0.69, p <

0.001 Figure 4.1).
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4.4.3 Cross-sectional chitinase protein levels

In accordance with findings in the proteomic analysis described in Chapter 3, the

CSF levels of CHIT1, CHI3L1 and CHI3L2 were elevated in the first-visit CSF

samples of ALS patients compared to healthy controls (FDR-adjusted p < 0.001 for

all chitinase proteins), mimics (CHIT1 p < 0.001, CHI3L1 p = 0.017, CHI3L2 p

< 0.001) and asymptomatic gene carriers (CHIT1 p = 0.003, CHI3L1 p < 0.001,

CHI3L2 p = 0.002). Levels of CHIT1 and CHI3L2 were elevated in ALS compared

to PLS, though levels of CHI3L1 were similar in both ALS and PLS (CHIT1 p =

0.021, CHI3L1 p = 0.417, CHI3L2 p < 0.001; Figure 4.2A-C).

Levels of all three chitinase proteins were similar between healthy control subjects

and asymptomatic gene carriers (CHIT1 p = 0.844, CHI3L1 p = 0.0657, CHI3L2 p

= 0.578).

To demonstrate alterations of CSF chitinase levels in ALS patients in an indepen-

dent cohort, analysis of samples not included in the earlier proteomic analysis was

performed. This showed significant elevation of CHIT1 in ALS samples compared

with healthy controls (FDR-adjusted p < 0.001) and asymptomatic gene carriers (p

< 0.001) but no significant difference between ALS or PLS (p = 0.112). CHI3L1

was elevated in ALS compared with healthy controls (p < 0.001) asymptomatic gene

carriers (p < 0.001) and PLS patients (p = 0.015), and CHI3L2 was also elevated

in ALS compared with healthy controls (p < 0.001), asymptomatic gene carriers (p

< 0.001) and PLS patients (p = 0.045; Figure 4.2).

ELISA data for all subjects (i.e. regardless of whether previously analysed by pro-

teomics) was included in subsequent analyses.
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Figure 4.2: Cross-sectional CSF levels of A, D CHIT1, B, E CHI3L1 and C, F
CHI3L2 in the entire cohort (A-C) and the cohort not included in proteomic analysis
(D-F). *FDR-adjusted p < 0.05, **p < 0.01, **p < 0.001, NS p > 0.05. ALS -
amyotrophic lateral sclerosis; PLS - primary lateral sclerosis; Mim - mimic disorders;
HC - healthy control; AGC - asymptomatic gene carrier; CHIT1 - Chitotriosidase-1;
CHI3L1 - Chitinase-3-like protein 1; CHI3L2 - Chitinase-3-like protein 2.
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Figure 4.3: Performance of chitinase proteins and pNFH singly and in combination
distinguishing CSF of ALS patients from healthy controls A, patients with mimic
conditions B and patients with PLS C. ALS - amyotrophic lateral sclerosis; PLS
- primary lateral sclerosis; CHIT1 - Chitotriosidase-1; CHI3L1 - Chitinase-3-like
protein 1; CHI3L2 - Chitinase-3-like protein 2.

4.4.4 Classifier performance

Chitinase protein diagnostic performance (including sensitivity and specificity at the

maximal Youden index; Youden 1950) is outlined in Figure 4.3 and Table 4.2.

All chitinase proteins performed relatively well in distinguishing ALS from healthy

controls and mimics, with CHI3L1 performing least well; individual chitinase pro-

teins did not outperform pNFH alone, nor did the optimal combination of chitinase

proteins and pNFH (ALS vs healthy controls: CHIT1 AUC 0.92 [95% CI 0.86-0.98],

CHI3L1 0.80 [0.70-0.91], CHI3L2 0.90 [0.84-0.96], pNFH 0.97 [0.94-1.00], CHIT1 plus

pNFH 0.97 [0.94-1.00], difference between AUC of pNFH and pNFH plus CHIT1

p = 0.841; mimic CHIT1 0.84 [0.72-0.95], CHI3L1 0.73 [0.58-0.88], CHI3L2 0.88

[0.81-0.95], pNFH 0.91 [0.83-0.99], CHI3L2 plus pNFH 0.94 [0.88-1.00], difference

between AUC of pNFH and pNFH plus CHI3L2 p = 0.608).

Performance distinguishing ALS from PLS was worse, particularly using CHI3L1

(CHIT1 0.74 [0.55-0.93], CHI3L1 0.58 [0.36-0.79], CHI3L2 0.78 [0.65-0.91], pNFH

0.88 [0.78-0.97], CHI3L2 plus pNFH 0.88 [0.78-0.98], difference between AUC of

pNFH and pNFH plus CHI3L2 p = 0.973).
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ALS vs healthy control ALS vs Mimic
AUC CI Spec. Sens. AUC CI Spec. Sens.

Chitotriosidase 1 0.92 0.86-0.98 0.8 0.92 0.84 0.72-0.95 0.67 0.92
Chitinase-3-like protein 1 0.80 0.70-0.91 0.83 0.67 0.73 0.58-0.88 0.83 0.55
Chitinase-3-like protein 2 0.90 0.84-0.96 0.96 0.79 0.88 0.81-0.95 1.00 0.76
pNFH 0.97 0.94-1.00 1.00 0.90 0.91 0.83-0.99 0.83 0.90
Optimal Combination 0.97* 0.94-1.00* 1.00* 0.82* 0.94+ 0.88-1.00+ 1.00+ 0.80+

ALS vs PLS
AUC CI Spec. Sens.

Chitotriosidase 1 0.74 0.55-0.93 0.60 0.92
Chitinase-3-like protein 1 0.58 0.36-0.79 0.3 0.95
Chitinase-3-like protein 2 0.78 0.65-0.91 0.80 0.81
pNFH 0.88 0.78-0.97 0.80 0.90
Optimal Combination 0.88+ 0.78-0.98+ 0.9+ 0.80+

Table 4.2: Within-cohort ROC analysis of chitinase proteins in classifying ALS vs
non-ALS samples. Protein levels were combined by summation of log abundances.
Performance of the optimal combination of proteins is given. Sensitivity and speci-
ficity are given for the maximal Youden index. *Optimal combination CHIT1 and
pNFH, +Optimal combination CHI3L2 and pNFH. ALS - amyotrophic lateral scle-
rosis; PLS - primary lateral sclerosis; Spec. - specificity; Sens. - sensitivity; pNFH
- phosphorylated neurofilament heavy chain; AUC - area under the curve; CI - 95%
confidence interval.

4.4.5 Correlation with clinical parameters

Disease progression rate

In first visit samples from patients with ALS and PLS, linear regression models

of log10PR were constructed. Higher levels of CHIT1 and CHI3L2 were associated

with higher PR in both simple linear regression and multiple linear regression mod-

els controlling for age of onset, site of onset and gender (CHIT1 simple regression

Pearson’s r = 0.49, p < 0.001, multiple regression p = 0.049; CHI3L2 r = 0.42, p

< 0.001, multiple regression p = 0.048; Figure 4.4A and C. Multiple regression

models are detailed in Table 4.3). CHI3L1 levels did not correlate with the rate of

disease progression in simple or multiple regression models (simple regression r =

0.13, p = 0.241; multiple regression p = 0.176; Figure 4.4B and Table 4.3).
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Figure 4.4: Correlation of CHIT1 (A, D, G), CHI3L1 (B, E, H) and CHI3L2
(C, F, I) with PR (A-C), UMN score (D-F) and cognitive function (G-I) in pa-
tients with ALS and PLS. Line indicates simple linear regression fit ± 95% CI (grey
ribbon). ALS - amyotrophic lateral sclerosis; PLS - primary lateral sclerosis; CHIT1
- Chitotriosidase-1; CHI3L1 - Chitinase-3-like protein 1; CHI3L2 - Chitinase-3-like
protein 2; PR - rate of disease progression; UMN - upper motor neuron; ECAS -
Edinburgh Cognitive and Behavioural ALS Screen.
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Chitotriosidase 1 Chitinase-3-like protein 1 Chitinase-3-like protein 2
Gradient CI p Gradient CI p Gradient CI p

log10 chitinase protein 0.264 0.002-0.527 0.049 0.621 -0.234-1.526 0.176 0.620 0.005-1.234 0.048
Sex (male) 0.041 -0.234-0.326 0.774 -0.068 -0.400-0.264 0.684 -0.114 -0.440-0.211 0.486
Site of onset (limb) 0.133 -0.178-0.444 0.398 0.200 -0.170-0.571 0.285 0.147 -0.204-0.500 0.406
Age of onset (years) 0.014 0.005-0.023 0.004 0.015 0.004-0.026 0.008 0.014 0.003-0.025 0.011

Adjusted R2 0.10 0.015 0.07 0.041 0.10 0.014

Table 4.3: Multiple regression models of log10PR of patients with ALS and PLS
by chitinase protein level, controlling for the effects of gender, site of onset and
age of onset. CI - 95% confidence interval; PR - disease progression rate; ALS -
amyotrophic lateral sclerosis; PLS - primary lateral sclerosis.

Upper motor neuron signs

Similar regression analysis was performed to correlate log10 transformed chitinase

levels with the burden of UMN signs (see Section 2.3). In contrast to the corre-

lations with PR, higher CHI3L1 was weakly associated with higher UMN score in

multiple linear regression models controlling for the degree of disability as measured

by the ALSFRS-R and the disease duration, though not in simple linear regression

(simple regression Pearson’s r = 0.21, p = 0.064; multiple regression p = 0.048,

Table 4.4 and Figure 4.4E); there was no association between CHIT1 or CHI3L2

and UMN score in either simple or multiple regression models (CHIT1 r = 0.11,

p = 0.284, multiple regression p = 0.284; CHI3L2 r = -0.08, p = 0.459, multiple

regression p = 0.442; Table 4.4 and Figure 4.4D, F).

Chitotriosidase 1 Chitinase-3-like protein 1 Chitinase-3-like protein 2
Gradient CI p Gradient CI p Gradient CI p

log10 chitinase protein 2.027 -0.082-4.235 0.059 5.694 0.055-11.33 0.048 -1.61 -5.739-2.528 0.442
ALSFRS-R -0.061 -0.264-0.142 0.554 -0.097 -0.282-0.088 0.300 -0.152 -0.338-0.035 0.110
Disease duration 0.260 0.013-0.507 0.039 0.159 -0.061-0.378 0.154 0.086 -0.147-0.319 0.465

Adjusted R2 0.05 0.061 0.07 0.041 0.03 0.146

Table 4.4: Multiple regression models of UMN score of patients with ALS and
PLS by chitinase protein level, controlling for the effects of gender, site of onset
and age of onset. CI - 95% confidence interval; UMN - upper motor neuron; ALS -
amyotrophic lateral sclerosis; PLS - primary lateral sclerosis.
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Cognitive function

Regression analysis was also performed on a subgroup of patients (n = 39) with

ALS and PLS who had undergone testing using the ECAS (see Section 2.3 for

further details). Higher levels of CHI3L1 were found to be weakly associated with a

greater degree of cognitive dysfunction as measured by the ALS-specific ECAS score

in both simple linear regression and multiple linear regression models controlling

for the effect of disease duration and the degree of disability as measured by the

ALSFRS-R (Pearson’s r = -0.25, p = 0.038; multiple regression p = 0.044; Table

4.5 and Figure 4.4H). Neither CHIT1 nor CHI3L2 levels were associated with

ALS-specific ECAS score in simple or multiple regression models (CHIT1 Pearson’s

r = -0.02, p = 0.910, multiple regression p = 0.811; CHI3L2 Pearson’s r = -0.02, p

= 0.906. multiple regression p = 0.967; Table 4.5 and Figure 4.4G, I).

Chitotriosidase 1 Chitinase-3-like protein 1 Chitinase-3-like protein 2
Gradient CI p Gradient CI p Gradient CI p

log10 chitinase protein -0.737 -6.949-5.474 0.811 -15.366 -30.311 to -0.421 0.044 0.290 -14.044-14.624 0.967
ALSFRS-R 0.163 -0.409-0.736 0.565 0.128 -0.423-0.678 0.640 0.232 -0.343-0.806 0.419
Disease duration 0.021 -0.611-0.653 0.947 -0.012 -0.558-0.533 0.963 0.063 -0.525-0.652 0.828

Adjusted R2 -0.08 0.934 0.05 0.050 -0.07 0.869

Table 4.5: Multiple regression models of cognitive function, as measured by the
ALS-specific ECAS score, of patients with ALS and PLS by chitinase protein level,
controlling for the effects of gender, site of onset and age of onset. CI - 95% con-
fidence interval; UMN - upper motor neuron; ALS - amyotrophic lateral sclerosis;
PLS - primary lateral sclerosis.

4.4.6 Correlation of biochemical parameters

Chitotriosidase activity In order to test whether the CHIT1 detected in CSF

is active, CSF chitotriosidase activity was measured with a fluorimetric activity

assay. Chitotriosidase activity was highly correlated with CHIT1 levels (data from

all visits; Pearson’s r = 0.93, p < 0.001 ; Figure 4.5A), suggesting that elevated

levels of CHIT1 do not constitute inactive enzyme.
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Figure 4.5: Correlation of CSF chitinase levels and activity. A Correlation of
chitotriosidase activity and CHIT1 levels B Correlation between chitinase proteins.
Line indicates simple linear regression fit ± 95% CI (grey ribbon). Pearson correla-
tion coefficient indicated. ALS - amyotrophic lateral sclerosis; HC - healthy control;
PLS - primary lateral sclerosis; Mim - mimic conditions; AGC - asymptomatic gene
carrier; CHIT1 - Chitotriosidase-1; CHI3L1 - Chitinase-3-like protein 1; CHI3L2 -
Chitinase-3-like protein 2.

Chitinase proteins Levels of the three chitinase proteins were moderately corre-

lated (data from all visits; CHIT1-CHI3L1 Pearson’s r = 0.49, p < 0.001; CHIT1-

CHI3L2 Pearson’s r = 0.49, p < 0.001; CHI3L1-CHI3L2 Pearson’s r = 0.47, p <

0.001; Figure 4.5B).

pNFH Levels of the chitinase proteins were moderately correlated with the ax-

onal degeneration marker pNFH, with CHIT1 most closely correlated, followed by

CHI3L2 and CHI3L1 (CHIT1 Pearson’s r = 0.70, p < 0.001; CHI3L1 r = 0.58, p

< 0.001; CHI3L2 r = 0.61, p < 0.001).

CRP A weak correlation between the levels of the acute phase protein CRP and

only CHI3L1 was observed (data for all visits; CHIT1 Pearson’s r = -0.03, p =

0.647; CHI3L1 r = 0.24, p < 0.001; CHI3L2 r = 0.05, p = 0.523; Figure 4.7).
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Figure 4.6: Correlation of CSF pNFH levels with A CHIT1, B CHI3L1 and C
CHI3L2. Line indicates simple linear regression fit ± 95% CI (grey ribbon). Pearson
correlation coefficient indicated. ALS - amyotrophic lateral sclerosis; HC - healthy
control; PLS - primary lateral sclerosis; Mim - mimic conditions; AGC - asymp-
tomatic gene carrier; CHIT1 - Chitotriosidase-1; CHI3L1 - Chitinase-3-like protein
1; CHI3L2 - Chitinase-3-like protein 2.

Figure 4.7: Correlation of CSF CRP levels with A CHIT1, B CHI3L1 and C
CHI3L2. Line indicates simple linear regression fit ± 95% CI (grey ribbon). Pearson
correlation coefficient indicated. ALS - amyotrophic lateral sclerosis; HC - healthy
control; PLS - primary lateral sclerosis; Mim - mimic conditions; AGC - asymp-
tomatic gene carrier; CHIT1 - Chitotriosidase-1; CHI3L1 - Chitinase-3-like protein
1; CHI3L2 - Chitinase-3-like protein 2.
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Figure 4.8: Longitudinal stability of CSF A CHIT1, B CHI3L1 and C CHIT1 in
ALS and PLS patients, stratified by PR at first visit. Thick lines indicate group
trend. ALS - amyotrophic lateral sclerosis; PLS - primary lateral sclerosis; CHIT1
- Chitotriosidase-1; CHI3L1 - Chitinase-3-like protein 1; CHI3L2 - Chitinase-3-like
protein 2; PR - rate of disease progression.

4.4.7 Longitudinal analysis

Longitudinal CSF chitinase protein levels in ALS and PLS patients were fitted to a

random intercept random slope linear mixed effects model, beginning at the baseline

visit. The number of samples included in the longitudinal analysis is summarised

in Table 4.1. Subjects were stratified into high- or low-PR categories dependent

upon whether they were above or below (or eqaul to) the median PR at the baseline

visit. There was no significant rise in the levels of any of the chitinase proteins over

time whether stratified by PR or not (Figure 4.8).

4.4.8 Survival analysis

In univariate analysis, no significant association of any of the chitinase proteins and

survival of MND patients was observed (CHIT1 p = 0.075; CHI3L1 p = 0.922;

CHI3L2 p = 0.239; Figure 4.9). A Cox proportional hazards model was created,

incorporating several factors known to be associated with shortened survival in ALS
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Figure 4.9: Kaplan-Meier curves for CSF A CHIT1, B CHI3L1 and C CHIT1 in
ALS and PLS patients, stratified by initial level at first visit. ALS - amyotrophic
lateral sclerosis; PLS - primary lateral sclerosis; CHIT1 - Chitotriosidase-1; CHI3L1
- Chitinase-3-like protein 1; CHI3L2 - Chitinase-3-like protein 2.

(age of symptom onset, site of onset and gender) with chitinase proteins. Several ad-

ditional factors, known to be associated with survival including respiratory function

and C9orf72 status were not included since the data was not available (Westeneng

et al. 2018). This model identified a significant association of elevated CHIT1 (as

well as older age of onset) with increased hazard of death (CHIT1 HR = 11.684, 95%

CI 2.620-52.101, p = 0.001). On inclusion of pNFH in the model, there remained

significant associations of CHIT1 and age with survival (CHIT1 HR = 6.831, 95%

CI 1.135-105.765, p = 0.021; Table 4.6).

HR 95% CI p HR 95% CI p

Gender (male) 0.643 0.230-1.794 0.398 0.526 0.175-1.574 0.251
Onset site (spinal) 1.824 0.421-7.895 0.421 2.753 0.430-17.607 0.285
Age at onset (years) 1.105 1.023-1.192 0.011 1.090 1.011-1.176 0.025
Chitotriosidase 1 11.684 2.620-52.101 0.001 6.831 1.135-34.687 0.021
Chitinase-3-like protein 1 1.130 0.031-40.980 0.947 1.929 0.035-105.765 0.748
Chitinase-3-like protein 2 0.058 0.001-2.228 0.126 0.012 0.000-1.310 0.065
pNFH - - - 1.338 0.917-1.011 0.118

Table 4.6: Cox proportional hazards survival modelling of CSF chitinase protein
levels, with and without pNFH incorporating the effects of gender, site of onset and
age of onset in ALS patients. HR - hazard ratio; CI - confidence interval; pNFH -
phosphorylated neurofilament heavy chain.
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Figure 4.10: Levels of chitinase proteins in serum in a subset of ALS patients
and healthy control subjects. A-C correlation of chitinase proteins in CSF and
serum. Grey line indicates linear regression fit (grey ribbon 95% CI). Pearson’s
r indicated. Black line indicates CSF=serum. A, D CHIT1, B, E CHI3L1 and
C, F CHIT1. ALS - amyotrophic lateral sclerosis; HC - healthy control; CSF -
cerebrospinal fluid; CHIT1 - Chitotriosidase-1; CHI3L1 - Chitinase-3-like protein 1;
CHI3L2 - Chitinase-3-like protein 2.

4.4.9 Serum chitinase proteins

Serum chitinase protein levels were measured in a cross-sectional subset of 20 ALS

patients and 20 healthy control subjects. A weak correlation between CHIT1 levels

in CSF and serum was observed, though there was no correlation between CSF and

serum levels of CHI3L1 or CHI3L2 (CHIT1 Pearson’s r = 0.41, p = 0.012; CHI3L1

r = 0.09, p = 0.593; CHI3L2 r = 0.00, p = 0.982; Figure 4.10A-C). No significant

difference between serum levels of ALS patients and healthy controls was observed

for any of the three chitinase proteins (Figure 4.10D-F).
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4.5 Discussion

Overall, results of the analysis of the ELISA data described in this chapter provide

validation of the main findings described in the proteomic analysis of Chapter 3:

CSF chitinase proteins are elevated in ALS, correlate with clinical parameters, mea-

sures of axonal degeneration and survival; but diagnostic accuracy and associations

with PR and survival do not surpass those of neurofilaments.

Comparing the two analyses in more detail yields a number of small differences.

Firstly, the elevation of CHIT1 in ALS compared to PLS identified in proteomic

analysis was not recapitulated in the analysis of independent samples (though it

was found when data from all samples were analysed). By the same token, the sim-

ilarity of CHI3L1 levels in ALS and PLS was not confirmed in independent samples

(though was present when all samples were analysed). The earlier results suggest-

ing detectable biochemical differences between ALS and PLS CSF samples therefore

seem doubtful and might reflect differences in the latency from symptom onset to

sampling in the earlier proteomic analysis.

Secondly, survival analysis of the combined cohort demonstrated an association of

elevated CHIT1 with shortened survival in multivariate, though not univariate, anal-

ysis. This association was preserved with the inclusion of pNFH, unlike the earlier

proteomic analysis. Further work including additional survival-associations would be

helpful to determine whether this represents a genuine association of elevated CHIT1

independent of pNFH; the implications of this, perhaps suggesting that microglial

activity is therefore a predictor of survival independent of axonal degeneration, are

potentially important for therapy.

Finally, longitudinal analysis, rather than showing a gradual increase in CHI3L1 as

shown in proteomic analysis, showed no change over time for any of the chitinase

proteins.
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These slightly different results in comparison with Chapter 3 might be attributable

in part to differences in the clinical characteristics of subjects included in the anal-

ysis. Alternatively, the differences could relate to the analytical methods used, as

suggested by the imperfect correlation of the measurement of the three proteins

between proteomic and ELISA quantification.

There are several potential reasons for discrepancies in quantification between the

two studies. In the proteomic analysis, equal quantities of peptide were injected into

the mass spectrometer and data was normalised by log-transformed median protein

abundance. The proteomic measurement is therefore susceptible to alterations in

overall protein content due to, for example, blood-CSF barrier dysfunction, which

occurs with ageing and in ALS (Leonardi et al. 1984; Garbuzova-Davis et al. 2014).

The ELISA data described here provides absolute abundance measurement thereby

(at least partially) circumventing this. Other reasons for the variation between tech-

niques could relate to systematic inaccuracies in proteomic or ELISA quantification:

CHI3L2, for example, was quantified in proteomic analysis using just one unique

peptide, whilst the presence of isoforms or modified protein not captured or de-

tected by the antibodies used in the ELISA, or nonspecific antibody binding might

cause inaccuracy in the ELISA data (Lin et al. 2013).

In addition to validating the results of Chapter 3, this analysis provides insight

into the usefulness of chitinase proteins as biomarkers.

Levels of CSF chitinases were elevated in ALS patients compared with asymptomatic

gene carriers and did not differ from healthy controls, suggesting that the chitinase

proteins are probably not elevated decades prior to the onset of symptoms. There are

a number of caveats to this. The gene carrier group was small and not age-matched

to the ALS patients or healthy controls. Although the penetrance of the C9orf72

hexanucleotide repeat expansion is thought to be high (Majounie et al. 2012), the

age of symptom onset for the asymptomatic gene carriers is not known, nor is the

clinical phenotype following symptom onset (i.e. ALS, FTD or ALS-FTD). Future
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work on longitudinal samples from gene carriers, particularly covering the transition

to the symptomatic period, would shed further light on the biomarker potential of

chitinase proteins and might contribute to our understanding of the role of glia in

ALS pathogenesis.

Interestingly, the three proteins are more closely correlated with pNFH levels than

they are with each other, despite their purported similar cellular origin. Unlike

CHIT1 and CHI3L2, which correlate with the rate of disease progression, CHI3L1

instead correlates with the degree of cognitive dysfunction and (weakly) the extent

of clinical upper motor neuron involvement. This provides some support for the

notion that the cellular, or at least regional, origin of CHI3L1 might differ from

that of CHIT1 and CHI3L2, for example being produced by astrocytes (as found in

Alzheimer’s disease (Querol-Vilaseca et al. 2017), or perhaps by brain, as opposed

to spinal cord, glia. Further work examining post mortem specimens, building upon

those of Steinacker et al. 2018, would help to elucidate the relationship of CSF

chitinases with the pathological processes underlying ALS and clarify their usefulness

as markers of glial activity.

Serum levels of CHI3L1 and CHI3L2 (and CHIT1 in ALS patients) were lower than

CSF levels, suggesting that most of the CHI3L1 and CHI3L2 detected in CSF chiti-

nases are produced intrathecally, supporting a link with the pathological processes

of ALS. Whilst this may well also be the case for CHIT1 (at least in ALS patients),

additional work to calculate the expected serum-to-CSF ratio of CHIT1 would be

required for confirmation.

The poor correlation of CSF and serum chitinase levels and lack of a difference

between ALS patients and controls argues against measurement of serum chitinase

levels as an ALS biomarker. Further work on a larger scale using independent

cohorts would be helpful to delineate this further.

Lower levels (and activity) of CHIT1 has been shown in subjects with a common du-
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plication in the CHIT1 gene, found in around a third of Europeans (Boot et al. 1998;

Oeckl et al. 2018). Unfortunately, CHIT1 genotype is not available in this cohort,

but the effect of the polymorphism on CSF CHIT1 levels might favour measure-

ment of CHI3L2 instead, which shows similar diagnostic performance and clinical

correlations in our dataset and is without similar confounding polymorphism.
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5. UFLC-derived CSF Extracellular

Vesicle Origin and Proteome

5.1 Hypothesis and Aims of This Chapter

5.1.1 Hypothesis

The ultrafiltration-liquid chromatography (UFLC)-extracted CSF EV proteome dif-

fers in composition from the whole CSF proteome and is more reflective of CNS

intracellular events relevant to neurodegenerative diseases.

5.1.2 Aims

1. Demonstrate that UFLC extracts structures with morphology and marker ex-

pression typical of EVs

2. Compare the performance of CSF EV extraction using UFLC and UC in terms

of yield and purity

3. Use open access datasets to delineate the tissue, CNS structural and subcellular

origin of the UFLC-extracted CSF EV proteome

5.2 Introduction

Despite interest in the potential role of EVs in neurodegeneration (outlined in Sec-

tion 1.3.2) and the proximity of CSF to the cells affected by neurodegeneration,

little work has explored CSF EVs as a source of neurodegenerative disease biomark-
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ers; the studies that have mostly comprise candidate-driven analysis of proteins and

miRNA, and no candidate marker has been successfully independently validated

(Saman et al. 2012; Feneberg et al. 2014; Gui et al. 2015; Stuendl et al. 2016).

A major challenge in the study of CSF EVs is their relative paucity, numbering

fewer than 10x109 per mL in adults (Tietje et al. 2014). Standard methods of EV

extraction based on UC were originally developed for high volume applications such

as extraction from cell culture medium and have poor EV yield and high inter- and

intra-operator variability (Lobb et al. 2015; Thery et al. 2006).

Alternative approaches employing precipitation, though producing higher yield, pre-

clude downstream analytical methods such as MS-based proteomic analysis due to

the use of polyethylene glycol and co-precipitation of large quantities of contam-

inating protein (Lobb et al. 2015). Further developments such as the use of size

exclusion chromatography have provided high yield from cell culture medium and

plasma, but these methods have not been systematically compared in CSF EV ex-

traction (Nordin et al. 2015; Lobb et al. 2015). UC remains the only method capable

of separating exosomes from other types of EV, using different centrifugal forces or

density gradient centrifugation (Kowal et al. 2016).

In addition, although some details regarding the cargo of CSF EVs is known -

for example, that they contain proteins found in microglia, neurons, astrocytes and

oligodendrocytes as well as proteins implicated in neurodegeneration - little is known

about their CNS regional origin, the contribution of blood EVs to the CSF EV pop-

ulation and whether the CSF EV cargo relates to intracellular processes (Chiasserini

et al. 2014).

The experiments described in this chapter use a technique based on size exclusion

chromatography (UFLC), previously successfully employed for high-yield and high-

purity EV extraction from cell culture conditioned medium (Nordin et al. 2015).

This is compared with EV extraction using a standardised UC method in measures
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of EV yield, purity and proteomic coverage using LC-MS/MS.

In order to better understand the utility of CSF EVs in studying neurodegenera-

tive diseases, with a specific focus on biomarker development, the whole CSF and

CSF EV-enriched proteomes are also interrogated to elucidate the tissue and CNS

structural origin of the identified proteins.

5.3 Materials and Methods

5.3.1 Participants and Sampling

CSF samples were obtained from patients attending the neurosciences ward at the

John Radcliffe Hospital in Oxford, UK (Oxford University Hospitals NHS Founda-

tion Trust) for lumbar puncture as part of routine care. Subject recruitment, CSF

sampling and sample processing were completed as described in section 2.3. Di-

agnoses included multiple sclerosis, idiopathic intracranial hypertension, narcolepsy,

autoimmune encephalopathies, normal pressure hydrocephalus and peripheral neu-

ropathy. Samples with visible bloodstaining or red cell count >200 cells per mm3

were not used.

5.3.2 EV extraction

Samples were thawed on ice and combined. Pooled samples were divided into 8mL

aliquots. All analyses comparing UC, UFLC and CSF was performed on paired

pools in order to enable direct comparisons.

Pooled samples underwent centrifugation at 1200g for 10 minutes to remove any

cell debris or large aggregates and were filtered through a 0.22µm Millex® 33mm

polyetherosulfone syringe-driven filter (Merck Millipore, UK) to remove larger mi-
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crovesicles (MVs) and apoptotic bodies prior to ultrafiltration or UC.

5.3.3 Ultracentrifugation

UC was performed as described previously, with modifications (Thery et al. 2006).

Following 0.22µm filtration, samples were centrifuged in an OptimaTM Max ultra-

centrifuge with MLS-50 swinging bucket rotor (Beckman Coulter, UK; k-factor 71)

at 120,000g for 120 minutes. The EV pellet was resuspended in 4mL phosphate

buffered saline (PBS) and subjected to a further spin at 120,000g for 120 minutes.

The pellet was then resuspended in 100µL PBS.

5.3.4 Ultrafiltration-liquid chromatography

Following 0.22µm filtration, samples were filtered using Amicon® Ultra-15 100kDa

molecular weight cut-off (MWCO) centrifugal filters (Merck Millipore) at 3500g for

8 minutes, washed with 4mLs PBS and centrifuged at 3500g for a further 4 minutes

to remove abundant proteins below 100kDa. The retentate volume was adjusted

to 800µL with PBS prior to injection into a size exclusion column packed with

sepharose 4 fastflow (mean particle size 90µm, exclusion limit Mr 3x107), 24mL

volume and eluted with PBS at a rate of 0.5 mL/min to a total of 40 mLs using

an ÄKTATM pure chromatography system (GE Healthcare Life Sciences, UK). 2mL

fractions were collected from 6 to 40 mLs elution volume. EV-containing fractions

(fractions 2-3) were concentrated for further analysis using Amicon® 10kDa MWCO

4mL centrifugal filters.
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5.3.5 EV characterisation

EV size distribution and concentration was ascertained by nanoparticle tracking

analysis (NTA) using a NanoSight NS500 (Malvern Panalytical, UK) and NTA 2.3

software. Where necessary, samples were diluted in PBS to achieve a concentration

of 2x108-2x109 particles per mL. The camera level was set to 14 and detection

threshold 5. Three recordings of 30-60 seconds were obtained for each sample and

estimations of size distribution were averaged across recordings.

5.3.6 Immunoblotting

Electrophoresis was performed using the XCell Surelock Mini-Cell. 19.5 µL EV

samples were mixed with 7.5 µL NuPAGE® lithium dodecyl sulphate (LDS) Sam-

ple Buffer (4X; Invitrogen, UK) and 3µL NuPAGE® Reducing Agent (10X) and

heated to 95°C for 8 minutes. Samples were subsequently loaded into 10-well 1.0mm

NuPAGE® Novex® Bis-Tris 4-12% gels and run at 125V for 45-60 mins in MES

sodium dodecyl sulphate (SDS) running buffer until the dye front reached the bot-

tom of the gel. Proteins were then transferred to polyvinylidine fluoride membrane

using the iBlot 2 gel transfer device (ThermoFisher Scientific, UK) for 7 minutes.

Membranes were blocked for 60 minutes with gentle shaking at room temperature

using 5% fat-free milk in Tris buffered saline with 0.1% Tween (TBS-T).

After blocking, membranes were incubated with primary antibody, anti-SDCBP,

anti-PDCD6IP (Programmed cell death 6-interacting protein, also known as ALG-

interacting protein, ALIX) or anti-CD9 (Abcam, UK) at 1:500 dilution overnight at

4°C with gentle shaking. Membranes were washed 3 times in TBS-T for 10 minutes

each with gentle shaking prior to addition of secondary antibody, peroxidase-labelled

anti-mouse (PDCD6IP) or anti-rabbit (CD9, SDCBP) at 1:5000 dilution for 60

minutes at room temperature with gentle shaking. Membranes were again washed
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3 times in TBS-T for 10 minutes each with gentle shaking.

Membranes were then incubated with SuperSignalTM West Pico peroxidase chemilu-

minescent reagent (ThermoFisher Scientific, UK) for 5 minutes at room temperature

before development using photographic film, using appropriate exposure times of up

to 10 minutes.

5.3.7 Transmission electron microscopy

10 µL of EV solution was applied to freshly glow-discharged carbon-coated 200

mesh copper grids for 2 minutes, blotted with filter paper and stained with 2%

uranyl acetate for 10 seconds, then blotted and air dried. Grids were imaged in a

FEI Tecnai 12 transmission electron microscope (ThermoFisher Scientific) at 120

kV using a Gatan OneView CMOS camera.

5.3.8 Sample preparation for proteomic analysis

Samples of whole CSF and concentrated UFLC and UC samples were reduced in

5mM DTT for 30 minutes at room temperature followed by alkylation with 20mM

IAA for 30 minutes at room temperature. Samples were subsequently precipitated

using chloroform-methanol precipitation (Wessel et al. 1984). Precipitated protein

was resuspended in 50mM triethylammonium bicarbonate (TEAB) with vortexing

and sonication for 2 minutes. Samples were digested overnight at 37°C at 300 rpm

using 400ng of trypsin for UFLC and UC samples and a 1:50 trypsin:protein ratio for

whole CSF samples. Peptide digests were acidified with 1% formic acid and desalted

using SOLA SPE cartiridges (ThermoFisher Scientific, UK) and dried by vacuum

centrifugation. Peptides from UFLC and UC samples were resuspended in 10 µL

of buffer A (2% acetonitrile, 0.1% formic acid in water) and whole CSF samples

were resuspended to a final concentration of 500 ng/µL and kept at -20°C until
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analysis. 1 µL digested CSF peptide and 5µL extracted EV peptide were analysed

by LC-MS/MS.

5.3.9 Liquid chromatography-tandem mass spectrometry

Peptides were analysed by nUHPLC LC-MS/MS using a Dionex Ultimate 3000

nanoUPLC, (ThermoFisher Scientific, Germany) coupled to an Orbitrap Fusion

LumosTM TribridTM mass spectrometer (Thermo Scientific, Germany). Samples

of peptide digest were loaded onto an EASY-Spray column (75 µm×500 mm, 2

µm particle size, ThermoFisher Scientific, Germany) and eluted using a 60-minute

gradient starting with 2% acetonitrile with 0.1% formic acid and 5% DMSO and

increasing to 35% acetonitrile with 0.1% formic acid and 5% DMSO at a flow rate

of 250nL/min. The data were acquired in data dependent mode with a resolution

of 120,000 full-width half maximum at m/z 200 in the survey scan (375-1500 m/z )

and with EASY-IC using the reagent ion source (202 m/z ) for internal calibration.

MS/MS spectra were acquired after precursor isolation in the quadrupole with an

isolation window of 1.2 Th, dynamic precursor selection (top speed mode) with a

fixed duty cycle time of 3 seconds and dynamic precursor exclusion of 60 seconds.

Isolated precursor ions were fragmented by CID with a normalised Collision Energy

of 35%. Parallelization was enabled and MS/MS spectra were acquired in the linear

ion trap for up to 250 ms with an ion target of 4000 in rapid scan mode.

Raw MS data were analysed using Progenesis QI for Proteomics software v3.0 (Non-

linear Dynamics). MS/MS spectra were searched against the UniProt Homo Sapiens

Reference proteome (retrieved 15/11/2016) using Mascot v2.5.1 (Matrix Science)

allowing for a precursor mass tolerance of 10 ppm and a fragment ion tolerance of

0.5 Da. Carbamidomethylation on Cysteines was defined as fixed modification and

variable modifications included Deamidation on Asparagine and Glutamine, and

Oxidation on Methionine. The peptide FDR was set at 1% and all peptides with
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an ion score higher than 20 were imported into Progenesis QIP.

5.3.10 Normalisation and statistical analysis

Proteins with at least 2 unique peptides were included in the comparison of UFLC

and UC proteomes. Protein abundance was normalized by log2-transformation fol-

lowed by centering on the median abundance of the 90% of proteins with the lowest

variance across all runs and scaling by median absolute deviation. Missing val-

ues were imputed by random sampling from a normal distribution downshifted 1.8

SDs from the mean intensity of normalised values, with SD 0.25 times the SD of

normalised values (Keilhauer et al. 2015).

Statistical analysis was performed as described in Section 2.4. Since the normalised

log abundance values followed a normal distribution, comparisons of abundance were

performed using a Welch’s t-test with FDR correction using the Benjamini-Hochberg

step-up procedure. GO enrichment analysis was performed in R using TopGO using

the weight algorithm and a target-background approach. In comparisons between

UFLC and UC, proteins increased in UFLC or UC samples with FDR-adjusted

p < 0.05 as the foreground list and all proteins identified as the background list.

Conversion of UniProt accession, HUGO Gene Nomenclature Committee (HGNC)

gene symbol and EntrezGene ID were performed using the R package myGene.

Matrix effects due to the major differences in composition of whole CSF and purified

EVs are likely to have an effect on peptide ionization and quantification. Therefore,

comparison of the whole CSF and CSF EV-enriched proteomes was performed using

Mascot identifications, whereby the list of proteins identified by Mascot with at least

one unique peptide in at least two whole CSF or EV samples were compared; proteins

identified in whole CSF samples were excluded from the EV list.

Analysis of predicted protein secretion by classical and non-classical secretory path-
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ways was performed using SecretomeP and SignalP (Bendtsen et al. 2004), with a

SecretomeP score of >0.6 taken to indicate likely non-classical secretion, where an

N-terminal signal peptide was not predicted by SignalP.

GO and overrepresentation analyses comparing EV and CSF proteomes were per-

formed using a target-background approach at the gene level, with proteins identified

by Mascot in only EV or whole CSF as the foreground list. The background list

comprised all proteins identified in CSF and EV samples combined.

Tissue enrichment analysis was performed using data from the Human Protein Atlas,

which compares RNA expression across 33 different organs (Uhlen et al. 2015).

Overrepresentation of cerebral cortex-and liver-enriched proteins (mRNA > 5 fold

higher than in the next highest tissue) was sought in EV-only or CSF proteins, using

all tissue-enriched proteins as the background list, with a hypergeometric test for

overrepresentation.

Brain structure enrichment analysis was performed using data from the Allen Brain

Atlas microarray survey of the human brain (Hawrylycz et al. 2012), which includes

normalized data from a total of 3702 samples from 6 brains of differing ages and

genders using over 62,000 probes with at least two probes for 93% of genes with

EntrezGene IDs. Details of donor brains, brain structure ontology and normaliza-

tion strategy are available in Hawrylycz et al. (2012) and via the Allen Brain Atlas

data portal (http://www.brain-map.org). Tissue samples were grouped according

to the Allen Brain Atlas ontology to cerebral cortex, subcortical grey structures

(diencephalon, mesencephalon, metencephalon, myelencephalon) and white matter

(telencephalic white matter, mesencephalic white matter, metencephalic white mat-

ter and myelencephalic white matter).

Gene expression was compared between structures using the probe showing the

maximum variance across all samples for each gene. Proteins showing higher mean

expression in each structure (fold change > 1.2) were then compared with the EV-
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only or CSF-only protein list, abstracted to genes, using the background of all

proteins identified in the whole CSF and CSF EV proteomic analysis. Overrepre-

sentation was analysed using a hypergeometric test. Of the selected structures, only

cerebral cortex, diencephalon, mesencephalon, metencephalon, myelencephalon, te-

lencephalic white matter and choroid plexus had differentially expressed genes and

were therefore used in the overrepresentation analysis.

Overrepresentation of EV and CSF proteins in myelin, frontal cortical and hip-

pocampal neurons was performed, using proteomic datasets obtained from previ-

ously published studies. Overrepresentation of CSF and EV proteins was sought by

comparing the whole CSF and EV-enriched proteomes with the proteome identified

using mass spectrometry in the myelin and laser capture microdissected cortical and

hippocampal neurons (Ishii et al. 2009; Drummond et al. 2015; Hondius et al. 2016),

using a hypergeometric test, compared with a background of all proteins identified

in the whole CSF and CSF EV proteomic analysis.

5.4 Results

5.4.1 Characterisation of UFLC and UC performance

EV isolation and yield

NTA of eluted UFLC samples identified the peak particle concentration at 8-12mL

elution volume, corresponding to fractions 2-3 and the terminal portion of the col-

umn void volume (Figure 5.1A). Most protein eluted at 16-30mL volume, cor-

responding to fractions 5-11 (Figure 5.1A). NTA of the concentrated EV peak

fractions demonstrated particles with a size distribution characteristic of a mixed

population of EVs (Figure 5.1B). Immunoblotting demonstrated characteristic

EV markers CD9, SDCBP and PDCD6IP (Figure 5.1C). Transmission electron
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microscopy (TEM) of concentrated fractions 2-3 demonstrated particles with size

ranging from 26-173 nm diameter and morphology consistent with EVs (Figure

5.1D). Notably EVs of diameter > 220nm would be excluded by 0.22µm filtration

prior to UC or UFLC.

Figure 5.1: Extraction of EVs by UFLC. A Elution profile of UFLC. Blue bars
represent NTA data of EV concentration per mL eluate (mean± SD, n=4). Grey line
indicates mean protein concentration in eluate (mean ± SD, n=4), demonstrating
separation between EV peak (fractions 2-3) and protein peak (fractions 5-12) B
Size distribution of extracted EVs following concentration measured by NTA, per
mL of CSF starting volume (mean, n=4) CWestern blot for EV markers PDCD6IP,
CD9 and SDCBP in extracted EVs (fractions 2-3) D TEM of UFLC-extracted EV
samples, demonstrating vesicles with a cup-shaped morphology. EV - extracellular
vesicle; UFLC - ultrafiltration liquid chromatography; NTA - nanoparticle tracking
analysis.

The total number of EVs recovered from 8mL CSF was over 7-fold greater us-

ing UFLC than UC (mean EVs recovered 6.32x109 ± SD 1.05x109 vs 0.85x109 ±

0.46x109, p < 0.001, n=4; Figure 5.2A) with comparable size distribution as mea-

sured by NTA (modal diameter UC mean = 96.25 ± SD 19.69nm, UFLC 76.25 ±
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8.02nm, p =0.191; combined median diameter UC = 111.88nm IQR 80.60-152.75nm,

UFLC median 90.90nm, IQR 67.73-123.69nm; Figure 5.2A). The consistency of EV

yield was also greater in UFLC compared to UC, with coefficients of variation 16.7%

and 53.8% respectively. Characteristic EV markers including CD9, PDCD6IP, SD-

CBP, CD81, flotilin-1 and TSG101 were identified by LC-MS/MS consistently in

both UFLC and UFLC isolated EVs. In keeping with the increased number of EVs

demonstrated by NTA, relative abundance of all EV markers was higher in UFLC

samples prior to normalisation (p < 0.01 for all markers).

Exclusion of contaminating protein

Estimation of protein amount using conventional assays was not possible prior to the

proteomic analysis of EVs, due to the low protein concentration both in UFLC and

UC samples. In order to examine the ability of the two techniques to exclude abun-

dant CSF proteins, the ratios of the 10 most abundant CSF proteins to the most

abundant EV marker CD9 were calculated. These were higher in UC for Albumin,

Immunoglobulin Kappa constant, Cystatin C, Transthyretin, Alpha-1-antitrypsin

and Transferrin, suggesting improved exclusion of abundant contaminating proteins

using UFLC (p < 0.05, not adjusted for multiple comparisons Figure 5.2C). In-

terestingly, ratios of lipoprotein markers Apolipoprotein A1 and Apolipoprotein E

were higher in UFLC, implying that the size-based extraction method is less effective

at excluding lipoprotein particles such as low-density lipoprotein (LDL) and high-

density lipoprotein (HDL) (Figure 5.2C). It should be noted, though, that some

cell types have been reported to release Apolipoprotein E in association with exo-

somes (Niel et al. 2015), and other high-abundance CSF proteins might be released

in EVs.

To extend this analysis, CD9 ratios of all proteins identified in whole CSF and EV

samples (both UC and UFLC) were calculated (285 proteins). Overall, mean ratios

were higher in UC than UFLC (UC mean -1.44 ± SD 1.32, UFLC -1.75± 1.24, p =
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Figure 5.2: Comparison of UC and UFLC A Size distribution of UFLC-extracted EVs,
following concentration of fractions 2-3 (upper blue line) and UC-extracted EVs (lower
black line), per mL CSF (mean, n=4) B Total number of EVs recovered by UFLC and
UC (mean±SD, n=4) C Log ratio of top 10 most abundant CSF proteins to CD9 (n=3,
mean±SD) D CD9 ratio for all proteins identified in whole CSF and EV samples. Individ-
ual points indicate ratios for each UC or UFLC sample. Line indicates loess fit, proteins
ordered by mean CD9 ratio. E Number of proteins identified per run of LC-MS/MS
(n=3, mean±SD) F Differences in protein abundance between UFLC and UC-extracted
EV samples. Hollow blue points indicate proteins with FDR-adjusted p<0.05. Hollow red
points represent markers of different EV subtypes and albumin. ALB – Serum albumin;
IGKC – Immunoglobulin kappa constant; CST3 – Cystatin-C; PTGDS – Prostaglandin-H2
D-isomerase; TTR – Transthyretin; SERPINA1 – Alpha-1-antitrypsin; TF – Transferrin;
FAM3C – Protein FAM3C; APOE – apolipoprotein E; APOA1 – apolipoprotein A.
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0.004), again implying improved exclusion of abundant proteins by UFLC (Figure

5.2 D).

UFLC and UC proteomes

A total of 1083 protein groups were identified with at least two unique peptides

in UFLC and UC samples using the Mascot search engine. Label-free quantifica-

tion of 668 proteins was possible across UFLC and UC samples (Figure 5.2F).

The CV of label-free protein quantification in UFLC was lower than UC (median

CV UFLC 16%, UC 21%). Significantly more Mascot identifications per run were

achieved in UFLC samples than UC (704± 52 vs 340 ± 57 identifications, p < 0.01;

Figure 5.2E). Following normalisation, 142 proteins were differentially abundant

with FDR-adjusted p < 0.05 (Figure 5.2F). GO enrichment analysis of differen-

tially abundant proteins compared with a background of all proteins identified in

UC and UFLC samples indicated overrepresentation of terms (FDR-adjutsed p <

0.05) “basal lamina” and “extracellular matrix structural component” in UFLC, and

“intraciliary transport particle B” and “cilium morphogenesis” in UC.

Proteins that have been previously found to be enriched in EV populations isolated

at different centrifugation speeds were examined for differential abundance in UC

and UFLC samples (Kowal et al. 2016). There were no significant differences at

the FDR-adjusted p < 0.05 threshold, though Alpha-actinin-4 (ACTN4), which

is enriched in medium and large EVs pelleting at low speeds (2,000-10,000g), had

higher mean abundance in UC samples, whilst syntenin-1, which is enriched in small

EVs pelleting at higher speeds (100,000g), had higher mean abundance in UFLC

samples (Figure 5.2F).
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5.4.2 The CSF-EV proteome

Stringent criteria were applied for proteins in the EV list, with exclusion of pro-

teins only identified in one sample and those detected also in CSF. The remaining

359 proteins were considered to constitute the EV-enriched proteome for subse-

quent analysis. All proteins identified in whole CSF (including those also found in

EVs), identified in at least two CSF samples, were considered to constitute the CSF

proteome, since proteins identified in both EV and CSF samples might represent

contamination of EV samples with soluble whole CSF proteins.

Comparison of the EV-enriched proteome with databases of previously identified

EV proteins, Exocarta and Vesiclepedia, demonstrated a high degree of overlap,

with only 28 proteins identified in the EV-enriched proteome that were not included

in Vesiclepedia or Exocarta (Figure 5.3A). Of the 100 most frequently identified

EV proteins, including EV marker proteins, 45 were included in the EV-enriched

proteome, compared with 22 identified in whole CSF (odds ratio (OR) 3.32, p <

0.001; Figure 5.3B).

GO enrichment analysis was performed, comparing EV-enriched proteome, CSF

proteome and overlapping proteomes against the background of all proteins iden-

tified. Cellular component terms identified differences in the origin of CSF and

EV-enriched proteins, with overrepresentation of extracellular vesicle terms, plasma

membrane terms and cytoplasmic terms the EV-enriched proteome . CSF-enriched

terms related to the extracellular space, complement and coagulation machinery

("membrane attack complex" and "platelet dense granule"; Figure 5.4A-C).

Biological process and molecular function terms in EVs related to extracellular vesi-

cles, GTPase activity, and cell-cell adhesion, whilst those in CSF related to endopep-

tidases, extracellular matrix binding, complement, and humoral immunity. Notably,

there was also some immune system-related terms also in the EV-enriched proteome
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Figure 5.3: A Overlap of the EV-enriched proteome with EV protein databases
Exocarta and Vesiclepedia. B overlap of CSF and EV proteomes with the top 100
most commonly identified proteins in exosome experiments according to Exocarta.

(“MHC class II complex binding”) and some intracellular terms in the whole CSF

proteome (“cytoplasmic membrane-bound organelle lumen”). Interestingly, though

not meeting the 5% FDR threshold, “myelin sheath” was enriched in the EV-enriched

proteome, whilst “neuron recognition” and “synapse membrane” were enriched in the

whole CSF proteome.

GO enrichment analysis of the overlapping proteome identified terms that also found

in, or related to, whole CSF and EV-enriched GO terms. The enriched GO terms

with FDR-adjusted p < 0.05 are given in Figure 5.4.

In agreement with GO enrichment analysis, the proportion of proteins with predicted

intracellular origin (according to the Human Protein Atlas) was higher in the EV-

enriched proteome compared to whole CSF (OR 2.63, p < 0.001) or the overlapping

proteome (OR 2.49, p < 0.001; Figure 5.5A). In support of these findings, the

proportion of predicted secretory proteins using SecretomeP and SignalP was higher

in the CSF proteome compared with the EV-enriched proteome (OR 0.67, p <

0.001; Figure 5.5B); of proteins predicted to be secreted, those predicted to be

non-classically secreted was much higher in the EV-enriched proteome compared
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Figure 5.4: GO enrichment analysis of A whole CSF and B overlapping and C
EV-enriched proteomes, using a background of all proteins identified in analysis.
Points are proportional to the number of foreground genes annotated to individual
terms. Vertical dashed line indicates no enrichment, horizontal line indicates p =
0.05. GO terms with FDR-adjusted p < 0.05 are shown.
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with the CSF proteome (EV 8.19, p < 0.001; Figure 5.5C).

EV proteins were also less likely to be found in the plasma proteome compared to

either whole CSF (OR 0.60, p < 0.001) or the overlapping proteome (OR 0.32, p <

0.001; Figure 5.5D), using data from the Human Protein Atlas.

Considering markers of specific organelles, the EV-enriched proteome contained the

early endosome marker RAB5C (as well as eight other RAB proteins), multivesicular

body markers CD81 and CD82 and the plasma membrane marker ATP1A1 but did

not contain any of the endoplasmic reticulum (ER) markers calreticulin, calnexin

and ER lumen protein-retaining receptor 1 (KDEL), or lysosomal proteins LAMP1,

LAMP2A and LAMP2B.

Analysis of additional Human Protein Atlas data (which compares RNA expression

in tissues from different organs to identify a tissue-enriched proteome) demonstrated

overrepresentation of cerebral cortex-enriched proteins in both the EV and CSF

proteomes (EV OR 3.18, p < 0.001; CSF OR 3.37, p < 0.001; Figure 5.5E). Twenty-

two cerebral cortex-enriched proteins were identified in EV samples, 33 in whole CSF

and 10 in the overlapping proteome. Overrepresentation analysis for liver-enriched

proteins (a major contributor to the blood proteome through production of albumin,

clotting factors and complement components; Uhlen et al. 2015), demonstrated a

contribution of liver proteins to the overlapping (OR 44.83, p < 0.001), whole CSF

(OR 19.47, p < 0.001) and, to a lesser extent, EV-enriched proteomes (OR 2.58, p

= 0.041; Figure 5.5C).

To determine the relative contribution of different brain regions to the EV and CSF

proteomes, analysis was performed using microarray data from the Allen Brain Atlas.

Overrepresentation analysis of proteins with higher expression in brain structures

was compared in the EV and whole CSF datasets, using all proteins identified in

the proteomic analysis as a background list.

This analysis indicated overrepresentation of genes with higher expression in telen-
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Figure 5.5: Origin of CSF EVs. A Predicted protein class identified proteins (note
that some proteins are annotated to more than one class) B Predicted secreted and
not secreted proteins using SecretomeP and SignalP C Predicted secreted and not
secreted proteins using SecretomeP and SignalP D Proportion of proteins in the
EV-enriched, whole CSF and overlapping proteins identified as plasma proteins. E
Tissue and F brain structure enrichment analysis of whole CSF, overlapping and
CSF EV-enriched proteomes. No brain structure enrichment was detected in the
overlapping proteome. Point size proportional to the number of tissue enriched
proteins per tissue. Vertical dashed line indicates no enrichment, horizontal line
indicates p = 0.05. G-I Overlap of EV-enriched and CSF proteomes with proteomes
of G myelin H laser capture microdissected frontal cortical neurons and I laser
capture microdissected hippocampal neurons.
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cephalic white matter in the EV-enriched proteome compared to other brain regions

(OR 1.99, p = 0.015; Figure 5.5F). The genes overlapping between EV and te-

lencephalic white matter expression predominantly comprised those expressed by

oligodendrocytes or involved in myelination (including CA2, CD9, DNHD1, ENPP6,

EPB41L2, HAPLN2, KLK6, PLEKHB1 and TMBIM1; Cahoy et al. 2008; Dugas

et al. 2006; Kida et al. 2006; Parkkila et al. 2001; Terada et al. 2002; Xiao et al.

2016; Yang et al. 2015) as well as those expressed on axons (CA14; Parkkila et al.

2001), astrocytes (AQP1) and microglia (HLA-DRA Darmanis et al. 2015). Cere-

bral cortex proteins were overrepresented in the whole CSF proteome compared to

the EV-enriched proteome (OR 10.38, p = 0.007). Choroid plexus proteins were

also enriched in the EV-enriched proteome (OR 1.87, p < 0.001; Figure 5.5F).

There was no significant brain region enrichment identified in the overlapping pro-

teome.

In order to provide additional validation for this finding, further overrepresentation

analysis was performed using a dataset of 673 myelin proteins identified from human

post mortem frontal lobe tissue in a previously published study (Ishii et al. 2009).

This demonstrated significant enrichment in the EV but not whole CSF proteome,

compared to the background of all proteins identified in the proteomic analysis,

supporting the earlier enrichment analysis (EV OR 2.10, p = 0.001; CSF OR 0.65,

p = 0.977, Figure 5.5G).

A similar analysis was performed in which overrepresentation of EV and whole

CSF proteins was sought amongst 464 proteins identified in cerebral cortical neu-

rons isolated using laser capture microdissection (LCM) in a previously published

study (Drummond et al. 2015), in order to validate the finding of cerebral cortex

enrichment in whole CSF. This did not support the earlier findings, instead also

demonstrating enrichment of cererbral cortex proteins in the EV-enriched proteome

(EV OR 1.38, p = 0.006; CSF OR 0.93, p = 0.761, Figure 5.5H).
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Further analysis of an additional dataset comprising 3106 proteins identified in pro-

teomic analysis of LCM-isolated hippocampal neurons from healthy controls and pa-

tients with Alzheimer’s disease also demonstrated overrepresentation of hippocampal

proteins in the EV-enriched, but not whole CSF, proteome (EV OR 1.80, p < 0.001;

CSF OR 0.57, p = 0.999; Figure 5.5I).

On examination of the dataset for current candidate neurodegenerative disease

biomarkers, including amyloid beta A4 protein (APP), tau, S100 proteins, 14-3-

3 proteins, neurogranin, presenilin 1 and 2, TDP-43, α-synuclein, Transforming

growth factor beta (TGFB), chitinase proteins, major prion protein (PRNP) and

neurofilament proteins (Lewczuk et al. 2018), only amyloid precursor protein, four

S100 protein isoforms and four 14-3-3 protein isoforms were found in the EV-enriched

list. CHI3L1 and TGFB were detected in the overlapping list, and PSEN1, CHI3L2,

TREM2 and an additional isoform of APP were detected exclusively in whole CSF.

In UC samples (including proteins overlapping with CSF), only APP, five 14-3-3

proteins and six S100 proteins were detected.

5.5 Discussion

The UFLC method described isolated particles with a size distribution and mor-

phology similar to that extracted by UC and typical of EVs. Of note, UFLC vastly

improved the particle and protein yield (around 7-fold) whilst also improving upon

the purity of the EV proteome without systematic alterations in the identified pro-

teins as analysed by GO enrichment. As a consequence of the improved yield, more

proteins were identified in UFLC samples with less variable quantification, making

this the method of choice for MS-based CSF EV biomarker discovery experiments.

Although there appears to be co-isolation of apolipoprotein particles, this is not nec-

essarily problematic for biomarker development in neurodegenerative diseases where

alterations in lipoproteins have been described (Kim et al. 2009; Mariosa et al. 2017).
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The main limitation of this method is the large volume of CSF required to obtain

good quality LC-MS/MS data. Adaptations such as the use of ion exchange chro-

matography or employing smaller size exclusion column volumes may improve this.

Other studies of the EV proteome employing different extraction and proteomic

methods have used smaller volumes of CSF (5-6mLs), but due to the improved

recovery and purity demonstrated here, UFLC remains preferable for biomarker

discovery (Chiasserini et al. 2014; Welton et al. 2017).

Matrix effects, leading to differences in the behaviour of precursor ions from purified

EV and whole CSF samples, render the comparison of the whole CSF and CSF

EV proteomes difficult. For this reason, a semiquantitative approach based on the

presence or absence of protein identifications was used explore differences between

the proteomes. Alternative methods such as the use of non-MS-based proteomics

or isobaric labelling might avoid matrix effects and partially circumvent this issue,

but are themselves associated with significant limitations (current aptamer-based

proteomic technologies, for example, necessarily limit the proteins detectable to a

prespecified list; Welton et al. 2017).

Analysis of the whole CSF and CSF EV proteomes using GO enrichment identified

more intracellular terms in the EV proteome and more terms associated with the

extracellular space and plasma in the whole CSF and overlapping proteomes. These

findings support the enrichment analysis comparing predicted protein class and ori-

gin of the proteomes, suggesting that a greater proportion of the CSF EV proteome

was of intracellular origin and that a greater proportion of the EV proteins that are

secreted are secreted non-classically. This is in keeping with the hypothesis that the

EV proteome contains biomarkers more reflective of intracellular events than the

whole CSF proteome.

In addition, comparison with data from the Human Protein Atlas found a greater

proportion of the whole CSF proteome to be found in plasma compared to the EV

proteome. The overrepresentation of liver proteins in the whole CSF and overlapping
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proteomes is in keeping with this and is likely to reflect the well-documented overspill

of highly abundant plasma proteins into CSF (Guldbrandsen et al. 2014).

Overrepresentation analysis of proteins showing differences in regional expression

was performed, showing enrichment of chroid plexus and white matter proteins in

the CSF EV proteome and enrichment of cerebral cortical proteins in the whole

CSF proteome. Although this analysis should be interpretted cautiously, since the

regional expression patterns were based on RNA rather than protein data, the ad-

ditional analysis of a myelin proteomic dataset provides support for the differen-

tial enrichment of myelin (i.e. white matter) proteins within EVs (including pro-

teins such as 2’3’-cyclic-nucleotide-phosphodiesterase (CNP), previously identified

in oligodendrocyte-derived EVs; Kramer-Albers et al. 2007). This data, though in

need of validation, suggests that oligodendrocytes contribute proportionally more

to the CSF EV proteome than their contribution to whole CSF, in contrast to other

cell types. It should be noted, however, that samples from diverse conditions were

included in the analysis, including CNS demyelination, in which increased oligoden-

droglial EV release might occur.

Interestingly, the enrichment of cortical proteins in whole CSF (and corresponding

lack in the EV-enriched proteome) was not recapitulated in a proteomic dataset

of neocortical and hippocampal neurons. There are several potential reasons for

this discrepancy. For example, it may be a reflection of differences between the

cellular transcriptome and proteome or relate to the preparation of samples for

transcriptomic data (that they are tissue homogenates comprising multiple cell types

and extracellular matrix rather than the relatively pure pupulation of cells analysed

in the proteomic dataset).

Several previously-established biomarkers of neurodegenerative diseases were identi-

fied in EV samples, though only S100 and 14-3-3 proteins were detected exclusively

in EV samples, and a large proportion of current candidates were not detected by

proteomic analysis at all, either due to low abundance or a lack of suitable peptides.
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Notably, several proteins that are major constituents of aggregates in neurodegen-

erative diseases were not identified in this analysis (specifically TDP-43, tau and

alpha-synuclein) but have previously been detected in CSF EVs in target-driven

studies (Stuendl et al. 2016; Saman et al. 2012; Feneberg et al. 2014).

In conclusion, this chapter describes a method for extraction of CSF EVs that sur-

passes ultracentrifugation in terms of recovery and purity, thereby permitting in-

creased proteomic depth. These data suggest that the EV-enriched proteome con-

tains proteins expressed in multiple brain regions but in particular cerebral white

matter and choroid plexus. Furthermore, this work demonstrates that analysis of

CSF EVs increases proteomic depth of the intracellular compartment when compared

to whole CSF and that EVs cargo represents components, processes and specific pro-

teins relevant to neurodegenerative disease.
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6. The Cerebrospinal Fluid Extracel-

lular Vesicle Proteome in ALS

6.1 Hypothesis and aims

6.1.1 Hypothesis

Alterations in the CSF EV proteome of patients with ALS reflect cellular perturba-

tions characteristic of the disease and can provide biomarkers of ALS

6.1.2 Aims

1. Extract and quantify the CSF EVs population from a cohort of ALS patients and

relevant control subjects

2. Perform proteomic analysis of the extracted EVs:

i. Multivariate analysis using hierarchical clustering and PCA

ii. Compare ALS and control proteomes to identify candidate ALS biomark-

ers

iii. Compare C9orf72 and non-C9orf72 -associated ALS proteomes to ex-

plore dysregulated pathways
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6.2 Introduction

As outlined in Section 1.3.2 and 1.2.6, EVs have been implicated in the pathogen-

esis of ALS, particularly as a mediator of intercellular spread of TDP-43 (Feiler et al.

2015; Thompson et al. 2016). Inhibition of exosome biogenesis leads to increases in

insoluble TDP-43 in a TDP-43-mutant mouse model, and reduced EV secretion is

observed in fibroblasts and iPSC-derived motor neurons from patients carrying the

C9orf72 hexanucleotide repeat expansion, (Iguchi et al. 2016; Aoki et al. 2017).

TDP-43 is also found at elevated levels within EV extracted from brain of patients

with ALS (Iguchi et al. 2016); though a study using targeted MS to examine the

quantity of TDP-43 in EVs extracted from the CSF of ALS and FTD patients using

(and the only study of CSF EVs in ALS to date) did not recapitulate this finding in

CSF, potentially due to the diverse origin of CSF EV and the ubiquity of TDP-43

expression (Feneberg et al. 2014).

Regardless of whether aberrant EV secretion or spread of pathological TDP-43 via

EVs occurs in ALS, the experiments described in Chapter 5 demonstrating in-

creased insight into the intracellular compartment by studying the EV proteome

suggest better access to pathways relevant to the pathogenesis of ALS than the

study of whole CSF.

This chapter therefore describes the morphological characterisation and proteomic

analysis of EVs extracted from individual CSF samples from a cohort of patients with

ALS and relevant control subjects, using the optimised UFLC method described in

Chapter 5.
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ALS Mimic
conditions

Healthy
control p

n, first visit 20 9 9 -

n, second visit 6 - -

n, third visit 4 - -

% male 75.0 100.0 55.6 0.082*

Age at sampling,
mean ± SD (years) 60.0±10.9 54.5±12.6 63.5±15.1 0.245+

Age at onset, mean
± SD (years) 57.8±10.7 - - -

% bulbar onset 25.0 - - -
Disease progression
rate, median [IQR]

0.36
[0.18-0.58] - - -

Table 6.1: Demographic data for the CSF EV cohort. * Fisher exact test.
+Kruskal-Wallis H test. ALS – amyotrophic lateral sclerosis; SD - standard de-
viation; IQR - interquartile range.

6.3 Materials and methods

6.3.1 Participants and sampling

This study used CSF from 20 patients with ALS (including 4 carrying the C9orf72

hexanucleotide repeat expansion), 9 patients with mimic conditions (including mul-

tifocal motor neuropathy with conduction block, Kennedy’s disease, cervical spondy-

lotic myeloradiculopathy and motor presentation of multiple sclerosis) and 9 healthy

control subjects. Subject recruitment, CSF sampling, sample processing and clini-

cal characterisation was completed as described in Section 2.3. Demographic and

clinical characteristics are displayed in Table 6.1.
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6.3.2 EV extraction

CSF samples were excluded if they had a red blood cell count >200/mm3 or visible

blood staining. EVs were extracted from 7.2mL CSF from each subject using UFLC

as described in Chapter 5. Following UFLC, samples were concentrated using

Amicon® Ultra-4 10kDa MWCO centrifugal filters (Merck Millipore) at 3500g to a

retentate volume of <400µL. Sample order was randomised prior to EV extraction.

6.3.3 EV characterisation

EV size distribution and concentration was ascertained in fractions 2 and 3 by NTA

using a NanoSight NS500 (Malvern Panalytical, UK) and NTA 2.3 software. Where

necessary, samples were diluted in PBS to achieve a concentration of 2x108-2x109

particles per mL. The camera level was set to 14 and detection threshold 5. Three

recordings of 30-60 seconds were obtained for each sample and estimations of size

distribution were averaged across recordings.

6.3.4 Sample preparation for proteomic analysis

Samples were reduced in 5mM DTT for 30 minutes at room temperature followed

by alkylation with 20mM IAA for 30 minutes at room temperature. Samples were

subsequently precipitated using chloroform-methanol precipitation (Wessel et al.

1984). Precipitated protein was resuspended in 50mM TEAB with vortexing and

sonication for 2 minutes. Samples were digested overnight at 37°C at 300 rpm

using 400ng of trypsin. Peptide digests were acidified with 1% formic acid and

desalted using SOLA SPE cartiridges (ThermoFisher Scientific, UK) and dried by

vacuum centrifugation. Peptide samples were resuspended in 10µL of buffer A (2%

acetonitrile, 0.1% formic acid in water). The entire sample of extracted EV peptide
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was injected for analysis by LC-MS/MS. Sample order was randomised prior to MS

analysis and a sample produced by pooling an equal volume of peptide from each

sample was run after every 10 samples.

6.3.5 Liquid chromatography-tandem mass spectrometry

Peptides were analysed by nUHPLC LC-MS/MS using a Dionex Ultimate 3000

nanoUPLC, (ThermoFisher Scientific, Germany) coupled to an Orbitrap Fusion

LumosTM TribridTM mass spectrometer (Thermo Scientific, Germany). Samples

of peptide digest were loaded onto an EASY-Spray column (75 µm×500 mm, 2

µm particle size, ThermoFisher Scientific, Germany) and eluted using a 60-minute

gradient starting with 2% acetonitrile with 0.1% formic acid and 5% DMSO and

increasing to 35% acetonitrile with 0.1% formic acid and 5% DMSO at a flow rate

of 250nL/min. The data were acquired in data dependent mode with a resolution

of 120,000 full-width half maximum at m/z 200 in the survey scan (375-1500 m/z )

and with EASY-IC using the reagent ion source (202 m/z ) for internal calibration.

MS/MS spectra were acquired after precursor isolation in the quadrupole with an

isolation window of 1.2 Th, dynamic precursor selection (top speed mode) with a

fixed duty cycle time of 3 seconds and dynamic precursor exclusion of 60 seconds.

Isolated precursor ions were fragmented by CID with a normalised Collision Energy

of 35%. Parallelization was enabled and MS/MS spectra were acquired in the linear

ion trap for up to 250 ms with an ion target of 4000 in rapid scan mode.

Raw MS data were analysed using Progenesis QI for Proteomics software v3.0 (Non-

linear Dynamics). MS/MS spectra were searched against the UniProt Homo Sapiens

Reference proteome (retrieved 15/11/2016) using Mascot v2.5.1 (Matrix Science)

allowing for a precursor mass tolerance of 10 ppm and a fragment ion tolerance of

0.5 Da. Carbamidomethylation on Cysteines was defined as fixed modification and

variable modifications included Deamidation on Asparagine and Glutamine, and
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Oxidation on Methionine. The peptide FDR was set at 1% and all peptides with

an ion score higher than 20 were imported into Progenesis QIP.

6.3.6 Normalisation and statistical analysis

Proteins that were defined with at least one unique peptide were included in the

protein data set for further analysis. Protein abundance values were normalised by

centering on the median abundance of the 90% of proteins with the lowest variance

across all runs and scaled by MAD (Keilhauer et al. 2015). Missing values were

imputed using kNN with k = 3. Statistical analysis was performed as described

in Section 2.4. Since the normalised log abundance values followed a normal dis-

tribution, comparisons of abundance were performed using a Welch’s t-test with

FDR correction using the Benjamini-Hochberg step-up procedure. GO enrichment

analysis was performed in R using TopGO using the weight algorithm and a target-

background approach, using all proteins with p < 0.05 and log2 fold change > 0.5 or

< -0.5 as the foreground list and all proteins identified as the background list. PCA

was performed using normalised, imputed abundance and hierarchical clustering

using euclidian distance.

Comparisons of modal EV size and total number were performed using a Mann-

Whitney U test or Kruskal-Wallis H test, since the distribution of values was non-

normal.

GO enrichment analysis was performed using TopGO with a target-background

approach using the weight algorithm. Proteins with unadjusted p-value < 0.05 and

log2 fold change > 0.5 in ALS or healthy control samples were used as the target

list and all proteins identified in proteomic analysis as the background list.
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6.4 Results

6.4.1 EV size distribution and number

The modal size of and total number of EVs isolated per mL starting CSF were com-

pared between ALS patients, healthy controls and patients with mimic conditions.

No significant differences were found (total number p = 0.685, modal size p = 0.390);

Figure 6.1). Since a deficit in EV release from fibroblasts and iPSC motor neurons

from ALS patients carrying the C9orf72 repeat expansion, modal size and total EV

number was also compared for ALS patients with and without a repeat expansion;

there was no significant difference (total number p = 0.284, modal size p = 0.619;

Figure 6.2).

The overall variation in EVs number per mL CSF was high (CV 30.02%), which

was comparable to the longitudinal variation in individuals (6 subjects; median CV

31.46%, IQR 15.72-42.33%). There was no significant correlation of EV number

with PR (Pearson’s r 0.03, p = 0.913) or age at sampling (Pearson’s r = 0.18, p =

0.437).

6.4.2 The CSF EV proteome in ALS

Due to an excessive quantity of missing data (>50%), proteomic data from 7 mimic

samples, 4 healthy controls and 8 ALS patients were excluded from subsequent

analysis. Since the number of remaining mimic samples (2) was below that suitable

for reliable statistical inference, univariate analysis was performed comparing ALS

and healthy control subjects (Table 6.2).

A total of 1228 proteins were identified and quantified across all samples, with 3.08%

missing values. The median combined CV across all subject groups for all proteins

143



Chapter 6

Figure 6.1: A Mean size distribution of CSF EVs in patients with ALS, healthy
controls and ALS-mimic conditions overlaid. Mean ± SD for groups shown in neigh-
bouring plotsB total number of EVs per mL CSF andCmodal size of extracted EVs.
ALS - amyotrophic lateral sclerosis; EV - extracellular vesicle; CSF - cerebrospinal
fluid; HC - healthy control; C9 - C9orf72 hexanucleotide repeat expansion.
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Figure 6.2: A Mean size distribution of CSF EVs in patients with C9 -associated
and non-C9 -associated ALS overlaid. Mean ± SD for groups shown in neighbouring
plots B total number of EVs per mL CSF and C modal size of extracted EVs. ALS
- amyotrophic lateral sclerosis; EV - extracellular vesicle; CSF - cerebrospinal fluid;
HC - healthy control; C9 - C9orf72 hexanucleotide repeat expansion.
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ALS Mimic
conditions

Healthy
control p

n, first visit 12 2 5 -

n, second visit 5 - -

n, third visit 3 - -

% male 66.7 100 20 0.14*

Age at sampling,
mean ± SD (years) 68.1±12.0 68.7±8.6 52.0±14.8 0.21+

Age at onset, mean
± SD (years) 59.7±12.4 - - -

% bulbar onset 50.0 - - -
Disease progression
rate, median [IQR]

0.53
[0.21-0.63] - - -

Table 6.2: Demographic data for CSF EV proteomic analysis. * Fisher exact
test. +Kruskal-Wallis H test. ALS – amyotrophic lateral sclerosis; SD - standard
deviation; IQR - interquartile range.

was 29.48% (IQR 21.78-40.24%). The median CV for pooled samples was 10.11%

(IQR 5.85-16.83%; difference between pooled sample and individual sample CVs p <

0.001); pairwise correlation between pool samples was median 0.96 (Pearson’s r ; all p

< 0.001; IQR 0.95-0.97), non-pooled samples pairwise correlation was median 0.86

(IQR 0.78-0.89; difference between pooled sample and individual sample pairwise

correlation coefficients p < 0.001).

Cross sectional analysis

Multivariate analysis Hierarchical clustering and PCA of first-visit samples did

not lead to separation into subject groups (Figure 6.3), suggesting that most vari-

ance in the data is not attributable to subject group.

Univariate analysis - ALS vs healthy control Comparison of CSF EV protein

abundance between ALS patients and healthy controls identified differential abun-

dance of one protein with FDR-adjusted p < 0.1, Bleomycin hydrolase (BLMH),
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Figure 6.3: A Heatmap and hierarchical clustering of protein abundance in the
CSF EV proteome. Column colour bar indicates sample group. B PCA biplot of
CSF EV samples. ALS - amyotrophic lateral sclerosis; EV - extracellular vesicle;
CSF - cerebrospinal fluid; HC - healthy control; Mim - mimic conditions; PC -
principal component.
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Figure 6.4: Volcano plot of the CSF EV proteome in ALS compared with healthy
control subjects. A first-visit ALS samples only, B samples from all visits for ALS
patients. Red points indicate FDR-adjusted p < 0.1. Negative log fold change
indicates proteins downregulated in ALS compared with controls. Dotted lines in-
dicate p < 0.001 and log2 fold change 0±0.5. ALS - amyotrophic lateral sclerosis;
EV - extracellular vesicle; CSF - cerebrospinal fluid; HC - healthy control; BLMH
- Bleomycin hydrolase; GRIA4 - Glutamate receptor 4; BASP1 - Brain acid soluble
protein 1; ASAH1 - Acid ceramidase; PSMB1 - Proteasome beta subunit type-1;
AOC2 - Retina-specific copper amine oxidase; ILK - Integrin linked protein kinase.

which was downregulated in the CSF EV samples from ALS patients. Including all

ALS samples (i.e. those obtained at second and third visits for some subjects), 7

proteins were differentially abundant with FDR-adjusted p < 0.1, including down-

regulation of BLMH (Figure 6.4 and Table 6.3).

GO enrichment analysis - ALS vs healthy control No GO terms were sig-

nificant with FDR-adjusted p < 0.05. Terms with unadjusted p < 0.05 are shown

in Figure 6.5A-B; the top 10 GO terms ranked by ascending p-value are labelled.

Interestingly, the most significant term in proteins upregulated in ALS was "au-

tophagosome" (2 foreground proteins/7 annotated proteins, OR 18.18, p = 0.005),

whilst several terms in the proteins downregulated in ALS related to the UPS:

"proteasome core complex" (3/8 proteins, OR 13.04, p = 0.001), "protein polyu-

biquitination" (4/14 proteins, OR 10.00, p < 0.001) and "negative regulation of

ubiquitin-protein ligase activity" (3/9 proteins, OR 11.54, p = 0.002). Other terms
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Protein
ALS vs HC - first visit ALS vs HC - all visits
FC p FDR FC p FDR

Integrin linked protein kinase 0.46 0.002 0.364 0.64 <0.001 0.026
Glutamate receptor 4 -0.36 0.005 0.364 -0.47 <0.001 0.026
Retina-specific copper amine oxidase 0.83 0.002 0.364 0.99 <0.001 0.042
Bleomycin hydrolase -0.84 <0.001 0.087 -0.72 <0.001 0.058
Brain acid soluble protein 1 -0.49 0.026 0.628 -0.83 <0.001 0.058
Acid ceramidase -0.56 0.004 0.364 -0.65 <0.001 0.058
Proteasome subunit beta type-1 -0.43 0.014 0.518 -0.44 <0.001 0.062

Table 6.3: Relative abundance CSF EV proteins differentially abundant comparing
ALS and healthy control samples, using samples from the first-visit only or all
samples. ALS – amyotrophic lateral sclerosis; PLS – primary lateral sclerosis; FC –
log2 fold change; p – unadjusted p-value; FDR – false discovery rate.

of relevance to ALS were identified ("intermediate filament cytoskeleton" in ALS

downregulated proteins [6/42 proteins, OR 5.08, p < 0.001], "cytosolic small ribo-

somal subunit" in ALS upregulated proteins [1/1 proteins, OR 50.00, p = 0.016]),

as well as terms not clearly related to ALS such as "keratinization" (proteins down-

regulated in ALS, 4/10 proteins, OR 14.29, p < 0.001, 4/10 proteins).

Further exploring GO terms, although none reached the FDR threshold in first-

visit ALS samples, all proteins in the proteomic dataset encoded by genes anno-

tated to the cellular component term "proteasome core complex" (proteasomal alpha

subunits PSMA5, PSMA6, PSMA7 and beta subunits PSMB1, PSMB2, PSMB3,

PSMB4, PSMB6), have negative log fold change in ALS compared with healthy

controls (Figure 6.5C). Of proteins encoded by genes annotated to the biologi-

cal process term "protein polyubiquitination", (proteasome core complex proteins

plus Ubiquitin B (UBB), BLMH, Checkpoint with forkhead and ring finger do-

mains (CHFR), HECT, UBA and WWE domain containing 1 E3 ubiquitin protein

ligase (HUWE1), Puromycin-sensitive aminopeptidase (NPEPPS) and E3 ubiquitin-

protein ligase RNF213 (RNF213)), only CHFR and RNF213 had positive log fold

change in ALS.

Proteins encoded by genes annotated to "autophagosome", though again not meet-
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ing the FDR threshold in first-visit samples have predominantly positive log fold

change in ALS (FYVE and coiled-coil domain-containing protein 1 (FYCO1), Vac-

uole membrane protein 1 (VMP1), Sushi repeat-containing protein SRPX2 (SRPX),

Ras-related protein Rab-7a (RAB7A) and LAMP2), though three had negative log

fold change (Ras-related protein Ral-B (RALB), Ferritin light chain (FTL) and

SRPX; Figure 6.5D).

Univariate analysis - C9 ALS vs non-C9 ALS Given findings of altered

EV secretion from iPSC-derived motor neurons (Aoki et al. 2017), differences in

the CSF EV proteome in ALS associated with the C9orf72 hexanucleotide re-

peat were sought by a comparison of protein abundances between those carrying

a C9 mutation (n = 3) and those without (n = 9). Six proteins were differentially

abundant with FDR-adjusted p < 0.1: Transmembrane glycoprotein NMB (GP-

NMB), Annexin 11 (ANXA11), Ubiquitin-like modifier-activating enzyme 1 (UBA1),

Cytochrome b-245 heavy chain (CYBB), Cofilin-1 (CFL1) and Protein-glutamine

gamma-glutamyltransferase 2 (TGM2) (Figure 6.6A). Only UBA1, a protein in-

volved with ubiquitination of proteins for degradation by the UPS, had a log2 fold

change of > ± 0.5.

GO enrichment analysis Again, no GO terms were enriched with FDR-adjusted

p < 0.05. GO terms with unadjusted p < 0.05 are shown in Figure 6.6B-C. Most

of GO terms considered significant at this threshold relate to a single significant

protein, including those of most relevance to the pathological processes thought to

underlie ALS, such as "cytoplasmic mRNA processing body assembly" (1/1 proteins,

OR 100.00, p = 0.011) and "ubiquitin activating enzyme activity" (1/1 proteins, OR

100.00, p = 0.008). The exceptions to this were "positive regulation of lymphocyte

proliferation", upregulated in C9orf72 ALS, "intermediate filament" (4/42 proteins,

OR 6.70, p < 0.001), "transferase activity, transferring pentosyl groups" (2/3 pro-

teins, OR 50.00, p = 0.012) and "structural molecule activity" (4/110 proteins, OR
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2.90, p = 0.041).

6.5 Discussion

The experiments described in this chapter explored CSF EVs as they relate to ALS

in terms of size distribution and protein cargo. The study of size distribution using

NTA did not demonstrate differences in the total number or modal size of EVs

purified from the CSF of patients with ALS (including when subdivided by C9

status). This is in contrast to the in vitro findings of Aoki et al. (2017), whereby

a significant deficit in EV production from fibroblasts and iPSC motor neurons

derived from patients with a C9orf72 hexanucleotide repeat expansion. This may

be a reflection of the multiple cell types that contribute to the CSF EV population

(such as oligodendrocytes and choroid plexus as established inChapter 5), or might

suggest that the mechanisms leading to altered EV secretion in C9orf72 expansion-

carrying cells in vitro do not accurately recapitulate events in vivo.

The high variability of the CSF EV concentration was also notable, varying from

0.5 to 2.2x109 per mL CSF. Although this could lead to reduced power to detect

a significant difference, the median total EV number per mL CSF was extremely

similar between ALS and control groups. There was also no correlation with PR

or with age (a decline in CSF EV concentration with increasing age was noted in a

previous study; Tietje et al. 2014).

Analysis of the EV proteome yielded good proteomic depth, with over 1200 protein

groups identified, though the list of candidate markers identified that were differen-

tially abundant between ALS and healthy controls, using a FDR threshold of 10%

and log2 fold change of ± 0.5 was small: just one protein, BLMH, when considering

only first-visit ALS samples. BLMH forms a hexameric barrel-shaped protease some-

what homologous to the proteasome (O’Farrell et al. 1999), with diverse proteolytic

151



Chapter 6

activity (Zheng et al. 1998). BLMH has been implicated in Huntington’s disease,

through cleavage of huntingtin (Ratovitski et al. 2011), and in Alzheimer’s disease

through the processing of amyloid precursor protein (Lefterov et al. 2000). Although

clearly requiring validation, BLMH has biological plausibility as a biomarker candi-

date.

Incorporating data from subsequent visits increased the number of significant pro-

teins to seven, though this likely violates the assumption of independence underlying

the statistical analysis techniques and may falsely depress the associated p-values.

There are several potential reasons for this low number of identified candidates.

The relatively high variability observed (median combined CV across the cohort of

>29%), which is accentuated in low-abundance proteins (median CV of the lowest

intensity 10% of proteins 50.06%, IQR 39.64-63.18%) will have contributed, along

with the small sample size due to exclusion of samples with large quantities of

missing data.

The main signal emerging from GO enrichment analysis, though not meeting a

5% FDR threshold, suggested that involvement of proteostatic mechanisms was

detectable in CSF EVs in ALS, with proteins involved in autophagy upregulated in

ALS and proteasomal proteins downregulated. Protein homeostasis is implicated in

the pathogenesis of ALS (and other neurodegenerative diseases; see Section 1.2.6),

with mutations in genes encoding both UPS and autophagy proteins associated with

the development of ALS.

There is pathological evidence of reduced proteasomal activity and decreases in 20S

β5 proteasomal subunit levels in spinal cord, along with reduced staining for 20S α

subunits in ventral horn motor neurons of patients with ALS (though reductions in

the levels of total 20S β3 or 19S subunits measured by immunoblot were not found

in this study; Kabashi et al. 2012); this is somewhat controversial, as other work

has demonstrated increased proteasomal staining in ALS (Mendonca et al. 2006).
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Upregulation of autophagy is implied by p62 immunopositivity of neuronal and glial

inclusions (Arai et al. 2003; Mizuno et al. 2006). Autophagosomes, though absent

from spinal motor neurons in non-ALS pathological specimens, have been observed

in both normal-appearing and degenerating spinal motor neurons in ALS, implying

upregulation of autophagy (Sasaki 2011).

Although analysis comparing C9orf72 -expansion associated and non-C9 ALS yielded

more significant proteins at the 5% FDR level, these were of low fold change and

GO enrichment analysis demonstrated limited systematic changes in the proteome.

Though the findings of this chapter are partially corroborated by previously pub-

lished pathological data, further validation is required, particularly given the degree

of uncertainty associated with this analysis. Detection of similar changes in CSF

EVs from an independent cohort would help to prove that these findings are not spu-

rious. Given the multiplex nature and high sensitivity required, targeted proteomic

analysis such as PRM would be well-suited to such a task. In addition, alterations

in proteasomal and autophagy-association protein levels in whole CSF should be

sought, since at present EV extraction methods remain too complicated and require

too much CSF for clinical translation.
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Figure 6.5: GO enrichment analysis of the CSF EV proteome in ALS. A GO en-
richment analysis of proteins upregulated in ALS p < 0.05 and log fold change >
0.5 compared with healthy controls and B proteins downregulated in ALS, p < 0.05
and fold change < -0.5 compared with healthy controls. Dotted lines indicate p =
0.05 and OR 1. Point size proportional to number of foreground proteins annotated
to each GO term. Top 10 GO terms in up- and downregulated proteins are labelled.
C proteins annotated to "proteasome core complex" and D "autophagosome" la-
belled and highlighted with yellow points on volcano plots of first-visit ALS samples
vs healthy controls (as in Figure 6.4A). ALS - amyotrophic lateral sclerosis; EV -
extracellular vesicle; CSF - cerebrospinal fluid; GO - gene ontology; OR - odds ratio.
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Figure 6.6: A Volcano plot of the CSF EV proteome in C9 ALS compared with
non-C9 ALS subjects (first-visit ALS samples only). Red points indicate FDR-
adjusted p < 0.1. Negative log fold change indicates proteins downregulated in
C9 ALS compared with controls non-C9 ALS. Dotted lines indicate p < 0.001 and
log2 fold change 0±0.5.B-C GO enrichment analysis of the CSF EV proteome in
C9 ALS. B GO enrichment analysis of proteins upregulated in C9 ALS p < 0.05
and log fold change > 0.5 compared non-C9 ALS and C proteins downregulated
in C9 ALS, p < 0.05 and fold change < -0.5 compared with non-C9 ALS. Dotted
lines indicate p = 0.05 and OR 1. Point size proportional to number of foreground
proteins annotated to each GO term. Top 10 GO terms in up- and downregulated
proteins are labelled. ALS - amyotrophic lateral sclerosis; EV - extracellular vesicle;
CSF - cerebrospinal fluid; GO - gene ontology; OR - odds ratio.
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7. Discussion
The aim of the studies described in this thesis was to advance the development of

biomarkers of ALS. My novel contributions to this field have been:

1. Development of a deeply-phenotyped cohort of CSF from a range of

ALS patients longitudinally, plus comparator disease and healthy control

cohorts

2. Proteomic analysis of whole CSF and ELISA-based analysis of emerging

candidates

3. Development of an optimised method for CSF EV isolation

4. Comparative proteomic analysis of CSF EVs

This chapter will discuss my results in the wider context of ALS research and outline

suggestions for the direction of future research.

7.1 The ALS CSF proteome and the chitinase pro-

teins

The whole CSF proteomic analysis conducted in Chapter 3 identified elevation in

a group of three related glial proteins, the chitinase proteins, in the CSF of ALS

patients compared with disease and healthy controls. Chitinase proteins, particu-

larly CHIT1, were found to correlate with the intrinsic aggressiveness of the disease

as measured by the PR and survival, though correlations were less close than those

observed for neurofilament proteins. These results are very much in keeping with

the literature, confirming the findings of one previous proteomic study, similarly

identifying elevation of the three proteins, and two ELISA-based studies showing
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elevation of CHIT1 (Varghese et al. 2013; Steinacker et al. 2018; Chen et al. 2016b).

Chapters 3 and 4 have also contributed to our understanding of the relationship

between the chitinase proteins and clinical dimensions of ALS. Although the associ-

ation of PR and survival with CHIT1 has previously been demonstrated (Steinacker

et al. 2018), this work highlights more complex associations of the three chitinase

proteins - CHI3L1 being more closely associated with indices of central dysfunction

(i.e. the UMN score and degree of cognitive impairment), and CHIT1 and CHI3L2

being more closely associated with PR.

These differences might be hypothesised to relate to differential expression of chiti-

nase proteins by different glial populations, as is suggested by a combination of

existing post mortem studies in both ALS and other diseases (Hinsinger et al. 2015;

Querol-Vilaseca et al. 2017; Steinacker et al. 2018), or perhaps to different activation

states of microglia in different CNS regions. A true understanding of the source of

the different CSF chitinases, however, would require a more detailed exploration of

chitinase expression by different cell types in post mortem tissue from patients with

ALS from different CNS regions, perferably correlated with post mortem and ex vivo

CSF levels.

The assessment of diagnostic performance of the chitinase proteins compared with

pNFH performed in Chapters 3 and 4, combined with the literature comparing

CHIT1 with neurofilament proteins in diagnostic performance, suggest that the chiti-

nase proteins are unlikely to overtake neurofilaments as the front-running diagnostic

and prognostic biomarkers of ALS. It is possible that, after further study, CSF

chitinase levels might form part of a diagnostic panel or be used to refine prognostic

estimates for the purposes of clinical trials, but the data presented in Chapters 3

and 4 do not provide strong support for this.

Although the chitinase proteins do not fulfill the criteria of the "ideal" biomarker

of ALS lain out in Section 1.3 (Turner et al. 2009), they may still prove useful in
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future. A worthwhile role for chitinase proteins is likely to involve measuring target

engagement and stratification in clinical trials of drugs targeting glial mechanisms,

in particular microglial activity. Should such trials prove fruitful, there is a plausible

clinical use for chitinase proteins as a theranostic marker, predicting response and

permiting tailored ALS therapy. The lack of truly prospective diagnostic cohort in

this study (in common with previous studies), the overlap between the cohorts used

in the ELISA and proteomic studies, and the modest size of the cohort, particularly

the mimic group, are significant limitations of this study which impede extrapolation

of the results and necessitate further validation.

Beyond identifying a set of candidate markers, proteomic analysis of the whole CSF

proteome suggested that the most florid evidence of ALS detectable in CSF is that

of microglial (and possibly astroglial) activity, rather than degeneration of neurons.

This could be misconstrued as evidence of the importance of non-autonomous mech-

anisms in ALS (outlined in Section 1.2.6) and the relevance (or even primacy) of

the microglial response in its pathogenesis. Activated microglia are secretory cells,

releasing multiple cytokines as well as chitinase proteins (Liu et al. 2018; Kanneganti

et al. 2012; Li et al. 2018; Kunz et al. 2015), whereas CSF neurofilaments are not

secreted. As elucidated inChapter 6, proteomic analysis of whole CSF mostly iden-

tifies secreted proteins, meaning that alterations in the proteome are more likely to

reflect processes involving secreted factors.

Commensurate with this, the regression analysis performed in Chapters 3 and 4

suggesting that the association of survival and PR with pNFH is closer than the

association of survival and PR with CHIT1, provides supportive evidence for the

relative importance of neurodegeneration over microglial activity in relation to the

severity of ALS. This does not inform the debate as regards the relevance of microglia

to the pathogenesis of ALS; nor does it exclude the possibility that pharmacological

modification of the microglial response might be beneficial.
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7.2 The CSF EV proteome

In keeping with the general hypothesis of Chapter 5, the CSF EV proteome demon-

strated improved access to the intracellular proteome when compared to the study

of whole CSF and, confirming previous proteomic analysis of CSF EVs, more uncon-

ventionally secreted proteins in EVs (Chiasserini et al. 2014). Intriguingly, analysis

using topographical mRNA expression data indentified differences in the contribu-

tion of different brain regions to the whole CSF and CSF EV proteomes, with the

cortex contributing more to the whole CSF proteome and the choroid plexus and

white matter contributing more to the EV proteome. These findings were partially

recapitulated using individual proteomic datasets, which showed overrepresentation

of myelin proteins, proteins identified in frontal cortical neurons and hippocampal

neurons in the CSF EV-enriched proteome.

Together, these findings are encouraging for CSF EVs as a biomarker source in neu-

rodegenerative diseases, including ALS. The results described in Chapter 5 suggest

that the EV proteome better reflects the intracellular proteome and is therefore more

likely to provide markers of events leading to or indicative of neuronal death and

linked to the pathogenesis of ALS (such as defective RNA biology or proteostatic

mechanisms, described in Section 1.2.6).

It is somewhat discouraging, however, that only a small number of current candidate

markers of neurodegenerative diseases were identified in the EV-enriched proteome,

and that the greatest contribution to the CSF EV proteome appears to arise from

white matter tracts and the choroid plexus. Whilst these regions might provide

useful biomarkers of ALS (indeed, neurofilament proteins probably represent ax-

onal loss and TDP-43 inclusions are found in oligodendrocytes; Menke et al. 2015;

Brettschneider et al. 2014), the most likely source of pathology-specific biomarkers

of ALS is grey matter, specifically pyramidal neurons of the agranular motor cortex

and motor neurons of the spinal cord, since this is focus of the primary pathologi-
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cal and clinical changes in ALS. If choroid plexus and white matter are the major

contributors to the CSF EV population, it would have an impact on signal-to-noise

ratio and the likelihood of detecting alterations in protein abundance.

Indeed, the analysis of the CSF EV proteome in ALS detected only small changes

in protein abundance between ALS and healthy control samples and demonstrated

only one bona fide significant hit at the 10% FDR threshold, albeit one with a

link to proteostasis. This lack of significant hits is likely to be a reflection of the

heterogeneity of the disease combined with variability introduced by such a complex

extraction protocol and the very small amount of protein available for proteomic

analysis.

An agnostic examination of the proteomic data, using GO enrichment highlighted

alterations proteostatic mechanisms (most convincingly the proteasome), pathways

that are implicated in ALS pathogenesis and with evidence of histopathological al-

terations in ALS (Section 1.2.6). The small numbers studied and lack of validation

are major weaknesses that prevent the drawing of firm conclusions from these data.

Although proteasomal dysfunction is implicated across neurodegenerative diseases,

altered levels of CSF EV proteasomal subunits or BLMH might be helpful in distin-

guishing ALS from mimic conditions and would be an attractive target to study in

people carrying ALS-associated mutations as a potential pre-degenerative marker.

7.3 Future directions

There are a wide range of perceived potential roles for biomarkers in ALS (Section

1.3); as yet no biomarker satisfactorily fulfills these roles to the point of widespread

clinical use. The neurofilament proteins are currently the front-runners in terms

of diagnostic accuracy and prediction of prognosis. Although the neurofilaments

have already been studied extensively, estimates of diagnostic accuracy might be
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further refined by wider agreement about what constitute ALS mimicking conditions,

although this is likely to vary with local practice. An alternative strategy might see

clinical adoption of CSF neurofilament levels in the absence of definitive agreement

about their diagnostic performance, with refinement after a period of use.

The accuracy of neurofilaments in diagnosing ALS might also involve the use of

multiple biomarkers to form a panel, for example combining biomarkers representing

different facets of the underlying pathology. This has been successfully performed in

Alzheimer’s disease, where a ratio of amyloid β (low levels indicating accumulation

of amyloid plaques) and tau (a measure of neurodegeneration) outperforms either

marker individually (Lewczuk et al. 2018). The assessment described in Chapters

3 and 4 using a combination of chitinase proteins with pNFH provided somewhat

contradictory results, but warrants further appraisal.

Alternatively, other combinations might prove more fruitful - it is notable that the

incorporation of amyloid β represents a relatively pathology-specific marker in the

Alzheimer’s field; using CSF TDP-43 in combination with pNFH in ALS has not

been examined, though given that most CSF TDP-43 is blood-derived, this seems

unlikely to yield a highly specific marker. Inclusion of a broader panel of markers

(such as the cytokine panel suggested by Mitchell et al. (2009), or incorporating

multimodal biomarkers such as imaging or neurophysiological data) is an alternative

strategy for improving diagnostic accuracy that has not been fully explored.

It is as yet unclear whether including biomarkers in prognostic estimates improves

their accuracy compared with clinical measures alone, probably due to the availabil-

ity of large-scale clinical datasets that enable construction of survival models and

relative paucity of accompanying biomarker data (Westeneng et al. 2018). Assess-

ment of survival models with and without biochemical data is the only way that

this can be achieved.

There are two other applications of biomarkers that are of increasing urgency. The
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first of these is as surrogate markers of clinical effect in drug trials. An effective

biomarker of effect would allow a hastening of go-no-go decisions and reduce the

cost of clinical trials and the burden on patients who may undergo unnecessarily

prolonged treatment with associated side effects (Turner et al. 2015). Neurofila-

ments are, again, probably the most likely candidates for this (though urinary p75

neurotrophin receptor extracellular domain (p75NTRECD) may be an alternative;

Shepheard et al. 2014). Although CSF neurofilament levels have been shown to

decrease following treatment with effective drugs in multiple sclerosis (Gunnarsson

et al. 2011), a similar effect has not been proven in ALS despite there being a treat-

ment with demonstrable (albeit modest) disease-modifying efficacy. CSF extraction

and biomarker analysis is increasingly incorporated into clinical trials in ALS, but a

study specifically looking at the effect of riluzole on longitudinal CSF biomarker lev-

els looks unavoidable. The limited effectiveness of riluzole and concerns about when

its effect is mediated (with some evidence to suggest its survival benefit is mediated

late in the disease course) are potential issues that might make this problematic and

hamper interpretation of a negative result (Fang et al. 2018).

The second of these applications is the prediction of transition from an asymptomatic

state to symptomatic ALS (or FTD; so-called phenoconversion) in carriers of ALS-

associated gene mutations. The advent of antisense oligonucleotide (ASO) therapies

currently under evaluation in C9orf72 and SOD1 ALS has rendered this an urgent

problem. A negative outcome of ASO therapy trials could be attributed to a num-

ber of causes (such as the difficulties associated with delivering large molecules to

cells resident deep within the CNS), but major reasons relate to our limited under-

standing of disease pathogenesis and might reflect the fact that genetic mechanisms

are important for the initiation of neurodegeneration, but that it is maintained by

separate mechanisms. It might therefore be necessary or (even if ASO trials show

benefit) favorable to treat mutation carriers prior to the onset of symptoms, even be-

fore passing the threshold beyond which symptomatic disease is inevitable (Benatar

et al. 2012).
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ALS manifests in mutation carriers decades after the motor system is created and

refined; using currently available biochemical (CSF neurofilaments) and neurophys-

iological methods, changes can be detected up to 12 months before symptom onset

(Benatar et al. 2018; Vucic et al. 2008; Aggarwal et al. 2002). These changes reflect a

short period presymptomatic neurodegeneration (implying that ALS does not follow

a gradual erosion of motor neurons), which is therefore likely to be too late to initi-

ate preventative treatment. It is possible that a period of biochemically detectable

tolerated dysfunction exists that precedes the onset of symptomatic ALS by a longer

period and during which development of neurodegeneration might be preventable.

There is uncertainty about the existence or duration of such a period, but identifying

and defining the biochemical characteristics of this period would be of great value

in terms of treatment planning for people carrying ALS associated mutations and

would have ramifications in terms of our understanding of the pathomechanisms of

ALS in both familial and sporadic disease.

The establishment of appropriate cohorts for this analysis, with long-term longitu-

dinal sampling and phenotyping, is already underway (Benatar et al. 2018). Un-

derstanding the longitudinal biochemical changes so far has been confined to the

measurement of neurofilaments, which has to-date provided evidence for a short

period of detectable axonal degeneration. Testing the levels of the chitinase pro-

teins in this cohort would further advance our knowledge in terms of the temporal

relationship between the microglial response and axonal degeneration. Assuming

successful validation of BLMH and other CSF EV proteins (in particular related to

proteasomal function and autophagy) would also be of great interest, particularly

in the period prior to elevation of neurofilaments.

Applying a proteomic methodology to a set of longitudinal samples spanning nor-

mal, tolerated dysfunction and phenoconversion timepoints is a highly attractive,

albeit challenging, proposition. Given that the whole CSF analytical approach em-

ployed in Chapter 3 detected mainly secreted proteins and did not detect evidence
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of neurodegeneration even comparing cases of established ALS with healthy con-

trols, it seems unlikely that it has sufficient depth to identify subtle changes in the

intracellular proteome that might be indicative of tolerated dysfunction.

Extensive depletion and prefractionation of whole CSF, which has been successfully

used to identify over 3000 proteins in CSF and over 5000 proteins in plasma (Guld-

brandsen et al. 2014; Keshishian et al. 2015), perhaps coupled with global analysis of

PTMs, would provide a comprehensive analysis of the CSF proteome in great depth,

though the sample volume requirement and preanalytical variability are likely to be

problematic. Recently developed DIA methods such as SWATH-MS might in future

also be used to provide greater proteomic depth (Gillet et al. 2012), though the

nascency of this technology limits its use at present.

Increased depth for relevant proteins might alternatively be achieved using the op-

timised EV extraction method described herein, though the large sample volumes

required and complex preanalytical procedure leading to increased variability are

considerations that might prevent this. Further optimisation for low sample vol-

umes (such as smaller column volumes or the use of mixed chromatography) could

improve upon the sample volume requirements.

Notably, translation of EV biomarkers has proven difficult to-date in all diseases,

with no EV protein markers having been adopted for clinical use. This would require

major simplification of extraction and detection methods for the clinical diagnostic

laboratory; approaches incorporating simultaneous capture and detection of disease-

specific EVs or EV proteins based on aptamer or antibody methods show promise

and might be customised for different antigens (Yadav et al. 2016; Dong et al. 2018).

These methods still require significant refinement before they are ready for clinical

use.
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7.4 Closing remarks

Effective treatment of ALS could not come quickly enough. Targeted gene therapies

including ASOs hold obvious promise for those with ALS linked to monogenic genetic

mutations. While significant questions remain about the delivery and timing of such

treatments, though these are likely to be tractable problems that might benefit from

the use of appropriate biomarkers.

Development of treatment for the majority of so-called sporadic ALS, on the other

hand, is a more daunting task. Despite very characteristic clinical features, ALS

appears to result from alterations in numerous upstream pathways which converge

upon the clinical syndrome of ALS, though their relative contribution is not yet

known. A great deal is being learned about the cellular and system changes of ALS

through deep phenotyping in vivo, post mortem tissue, cellular and animal models.

Integration of this knowledge into a coherent paradigm that relates these changes to

the common downstream clinical and pathological picture of ALS draws ever closer.

This provides the tangible hope of effective treatment for ALS and with it a better

future for those living with ALS.
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