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Abstract

Amyotrophic lateral sclerosis (ALS) is a neurodegenerative disease predominantly of motor
neurons, characterized by progressive weakness of voluntary muscles and death from
respiratory failure due to diaphragmatic paralysis, typically within three years of onset. Despite
the very poor prognosis, there is considerable variation in the survival rate, and up to 10% of
people with ALS live more than eight years from first symptoms. There is a strong genetic
contribution to ALS risk. In 5% of cases or more, a family history of ALS or frontotemporal
dementia is obtained, and the Mendelian genes responsible for ALS in such families have now
been identified in about 70% of cases. Even in apparently sporadic cases, twin and population
studies show the heritability is about 60%. Although risk genes reveal information about the
mechanism of causation of ALS, it is also important to identify genomic variants that modify
survival. Such variation could potentially be targeted directly, as could any RNA or protein
product, to improve ALS survival. People with ALS have a progressive symptomatic course,
and an understanding of the genetic burden requires an understanding of the phenotype.
Survival modelling is important, as is an understanding of the way the disease progresses.

Clinical staging is a method of achieving this.

In this thesis | explore the relationship between ALS disease progression, survival and genetics,
developing and using various tools for measurement and assay of these parameters. | show that
clinical staging using a simple system is feasible, usable by clinicians and other healthcare
professionals, and matches with their expectations. | explore the use of such a system to analyse
clinical trials, illustrating this with data from a clinical trial of Riluzole. I develop a pipeline
for the analysis and interpretation of next generation sequence data and apply this to ALS whole
genome sequences. | show that factors influencing survival in ALS include structural genomic

variation, telomere length and rare genomic variants.
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Chapter 1: Anintroduction to ALS

1.1 Introduction
Amyotrophic lateral sclerosis (ALS) is a neurodegenerative disease predominantly of motor

neurons, characterized by progressive weakness of voluntary muscles and death from
respiratory failure due to diaphragmatic paralysis, typically within 3 years of onset. Despite the
poor prognosis, there is considerable variation in the survival rate, and up to 10% of people
with ALS live more than 8 years from first symptoms?. There is a strong genetic contribution
to ALS risk 23, In 5% of cases or more, a family history of ALS or frontotemporal dementia is
obtained, and the Mendelian genes responsible for ALS in such families have now been
identified in about 70% of cases®. Even in apparently sporadic cases, twin and population
studies show that the heritability is about 60% °, and as well as the Mendelian variants found
in familial ALS, at least five susceptibility genes have been identified so far in which variants
increase the risk of ALS: UNC13A, MOBP, SCFD1, C21orf2 and C9orf72 ¢°. Although risk
genes reveal information about the mechanism of causation of ALS, it is also important to
identify gene variants that modify survival. Survival genes could potentially be targeted
directly, or their product or interactors augmented to improve ALS survival. A number of
common gene variants associated with ALS survival have been identified through genome-

wide association studies or other genome-wide approaches®.
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1.2Understanding disease progression in ALS

ALS presents in many different ways (Table 1), and it has been recognised for many years that
the different clinical presentations correspond with differences in survival''2, Bulbar palsy, in
which dysarthria followed by swallowing difficulty is the main presentation, is associated with
the worst prognosis, and flail arm or flail leg syndrome, in which there is symmetrical,
predominantly flaccid weakness of the limbs, is associated with the best prognosis*®. Perhaps
surprisingly, statistical methods such as latent class cluster analysis can analyse the same data
and identify different clinical subtypes that predict prognosis with far more discrimination than
can neurologist classifications!®. Most cases of ALS are focal in onset and relentlessly
progressive, often to contiguous regions, although there are some exceptions®4. The spread
could be the result of a “prion-like” spread of toxic proteins through phagocytosis
(consumption of cells by other cells) or possibly through a time-to-failure model*>6, Lower
motor neuron failure is the main cause of weakness in ALS and can be measured non-invasively
to provide data to assess cellular patterns of spread’. Understanding the mechanisms of spread

will aid the development of novel therapeutics and may aid models of prognosis.

The diagnosis of ALS is clinical, with the support of electrophysiological studies and the
exclusion of mimics. In some cases, early diagnosis can be challenging, particularly if
weakness is confined to one region for some time or is confined to a subset of motor neurons

(upper motor neurons only or lower motor neurons only).

ALS is classified for research purposes by the El Escorial criteria and their revisions, which
improve homogeneity in recruitment for clinical trials and other clinical studies!®-?!, ALS

progression is measured functionally using the ALS Functional Rating Scale — Revised, which
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uses 12 questions scored between zero (no function) and four (full function) to generate a

summary score??, The scale is widely used but has some limitations, since the subscores

correlate more accurately with progression in different clinical subtypes?3.

Classifying feature

Name of phenotype

Description

Motor neuron involvement

Amyotrophic lateral sclerosis (ALS)

Mixture of upper and lower motor neuron signs on clinical
examination. Degree of certainty of diagnosis based on El

Escorial criteria. May involve up to all regions.

Primary lateral sclerosis or upper motor

neuron predominant ALS

Clinical signs limited to upper motor neuron features.
Generally slowly progressive but involving up to all regions.
This phenotype is usually confirmed if there have been no

lower motor neuron signs after 4 years.

Progressive muscular atrophy or lower motor

neuron predominant ALS

Clinical signs limited to lower motor neuron features. Slightly
slower progression but can involve all regions. This phenotype
is usually confirmed if there have been no upper motor neuron

signs after 4 years.

Site of onset

Bulbar onset

Spinal onset

Site of onset may be included in the description of ALS, as
different disease onset patterns have different rates of

progression. The two categories are bulbar and spinal.

Disease focality

Progressive bulbar palsy

Condition involving the bulbar region and predominantly

lower motor neurons. May progress to other regions.

Pseudobulbar palsy

Condition involving the bulbar region and predominantly

upper motor neurons. May progress to other regions.

Flail arm Predominantly lower motor neuron proximal symmetrical
involvement in the upper limbs. Some upper motor neuron
signs may be seen in the lower limbs.

Flail leg Lower motor neuron distal symmetrical involvement

restricted to the lower limbs. May affect one side only.

Cognitive involvement

ALS with cognitive impairment

ALS with some cognitive involvement below the threshold

criteria for frontotemporal dementia.

ALS with frontotemporal dementia (ALS-

FTD)

ALS with frank frontotemporal dementia.

Table 1 Clinical presentations of amyotrophic lateral sclerosis
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Disease staging allows a simple description of the extent of physical or functional involvement
in an affected person and can guide management. Such systems have been in widespread use
in cancer for years. In ALS, two recent staging Systems have been proposed: King’s clinical
staging and Milano-Torino staging (MiT0S)?4%. The King’s system is similar to cancer staging
in that the clinical spread of disease is used to infer the extent of disease progression?®. Spread
is defined as involvement producing signs or symptoms in the El Escorial domains (one domain
is stage 1, two domains is stage 2, and three domains is stage 3), with respiratory or nutritional
failure characterising stage 4. The ALS functional rating scale can be used to estimate the
King’s stage with 92% correlation?’. MiToS uses the ALS functional rating scale subscores to
define functional stage®®. Each system has benefits in describing ALS stage succinctly. The
two disease staging systems are complementary?®. King’s staging summarises the clinical or
anatomical spread of disease. Mapping disease progression to clinical stage rather than survival
could be used as a secondary endpoint in clinical trials, which would shorten trial durations
and provide meaningful information on which stage of the disease is prolonged by an effective
therapy?8. MiToS summarises the functional burden of disease. It would therefore be useful in
showing a functional benefit in clinical trials. Comparison of the systems shows that functional
stage lags behind clinical stage, reflecting the functional reserve available in an affected limb,
and it has been proposed that a combined stage is used, as is standard in cancer, along the lines

of K3M2, which would mean King’s stage 3, MiToS stage 2%,

It is now recognised that ALS involves non-motor systems?°:3°, Between 30 and 50% of people
have cognitive impairment detectable on formal testing, resulting from involvement of the
frontotemporal circuits®%2, Frank frontotemporal dementia occurs in about 5%, and in some
families, people may have ALS, frontotemporal dementia, or both3:33-35 The clinical impact

of frontotemporal impairment in ALS is now more easily recognised because of recent
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advances in the tools available to detect it, such as the Edinburgh cognitive assessment score
(ECAS)%-%, Other neurodegenerative diseases have also been linked to ALS, including
spinocerebellar ataxia, in which case studies have reported the co-occurrence of ALS and
cerebellar degeneration®®. Schizophrenia may be more frequent in families with ALS, and there
may also be an increased frequency of multiple sclerosis*®*L. In many of these cases, genetic
factors are responsible for some of the risk. For example, pathological expansion of a repeat
sequence in the C9orf72 gene is associated with ALS, frontotemporal dementia, or both, and
the same mutation may increase the risk of schizophrenia, Parkinson’s disease, and multiple
sclerosis*2. Expansion of a repeat sequence in the ATXN2 gene is associated with ALS or, if
more than 30 repeats are involved, with spinocerebellar ataxia*®. Autonomic, skin, and eye
movement changes are also seen. Thus, ALS is a neurodegenerative disease in which the brunt
falls on the motor system, but, as for many other neurodegenerations, the clinical syndrome is

also dispersed through other anatomical and physiological systems.

Respiratory impairment is usually an end-stage event in ALS. Despite this, because respiratory
function is difficult to measure reliably with non-invasive methods, measurement of respiratory
function is generally used as a guide to the use of respiratory support rather than
prognostication*44%, There have been many attempts at prognostic modelling, using either
clinical features alone or biological markers such as albumin, creatinine, or neurofilament
levels*®47, Most studies find that longer survival is associated with younger age at symptom
onset, presentation with limb dysfunction rather than swallowing or speech disturbance, and
specific forms of ALS such as symmetrical patterns (e.g. flail arm syndrome) or upper motor
neuron predominant forms. Conversely, cognitive impairment comprising executive
dysfunction, rapid weight loss, and respiratory involvement at first examination, although not

necessarily respiratory onset, predict a poor prognosis*®>4 The best predictor of slow
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progression, however, appears to be a long interval between symptom onset and diagnosis,
probably because this reflects the rate of disease progression overall®®. Genetic variations have
been associated with survival duration, with the best studied being variation in the UNC13A
gene, which also affects risk>¢-8, Variation in the CAMTAL gene has also been associated with
survival®. Furthermore, some risk genes harbour specific variants that are themselves
predictors of prognosis, while other variants in the same gene do not have that effect. For
example, the p.Asp91Ala variation of the SOD1 gene is associated with very slow progression,
while the p.Ala5Val variant is associated with aggressive disease®®®, Statistical models can be
used to provide clinically useful information for patients, the strongest message being that
survival is extremely unreliably predicted in individuals, even though patterns can be seen in

the data® %3,
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1.3 An introduction to genomic structural variation

Over the past two decades, a great deal of research has been focused on understanding the
genetic architecture of ALS. As a result of advances in sequencing technology and the
substantial decrease in cost, gene discovery in ALS has increased exponentially — doubling
every four years (Figure 1)364. Consequently, more than 130 ALS genes have been putatively
associated with ALS®, although only 25 genes show replicable association®. Genome-wide
association studies (GWAS) have been a considerable success (Figure 2), giving a valuable
insight into underlying ALS pathology by examining common variants. With growing evidence
of the role of genetics in this complex disease’s pathology, low frequency variants (minor allele

frequency 0.5-5%) and rare variants have become the next target for study®®®’. Rare and low

frequency variants usually have large effect sizes which can help in the search for causal genes
but they are generally not tagged by GWAS microarrays (microarray technology profiles genes
according to gene expression/functional activity)®¢%8, As a result, the application of next
generation sequencing, which includes whole genome sequencing and whole exome
sequencing, have become powerful tools to understand the genetic aetiology of complex traits.
Choosing the most suitable next-generation sequencing platform can be challenging but the
study design can guide this choice. For example, whole exome sequencing only covers the
coding region of the genome, and thus, the cost can be cut and a bigger sample or a higher
depth is achievable®®. As the cost of whole-genome sequencing goes down, it might become
more feasible for multiple reasons including that it has more variant/allele calling power than

other sequencing techniques’®’". It also has consistent read depth (current sequencing

technologies use an approach that breaks the genome into random ~200bp sections for
sequencing and then assembles them into the presumed original genomic sequence using a high
performance computer; thus by chance some regions are “read” more frequently than others,

and the average number of reads (read depth) is important), which provides the analytical tools
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with enough statistical certainty to detect or differentiate genetic variations and sequencing
error. Moreover, whole genome sequencing provides better distribution of sequencing position
and, most importantly, the coverage of the non-coding area, where structural variants like copy
number variants and single nucleotide variants are thought to play an important role in disease

mechanism’’.  There are multiple challenges associated with choosing whole genome

sequencing, such as the considerable sequencing cost; which includes gathering a substantial
amount of generated data before and after the analysis. Therefore, the main challenge lies in
choosing the appropriate approach for the analysis when dealing with these large amounts of
sequence data and how to filter this data according to priority and pathogenicity. Whole
genome sequencing is a cutting-edge technique where the best methods for analysis, both in
data generation and statistical analysis, are still being discovered. After the genome wide
association studies (GWAS) era, researchers use stringent P-value thresholds for significance
during quality control and analysis and report a new gene only when it is validated in a case-
control study. The ideal scenario is to validate study findings by using a different data-set or

by testing another method.

As non-synonymous rare variants identified to date can explain just 15% of ALS, new study
designs are needed to maximize gene discovery. Various sample selection methods are useful,
including studying population isolates, familial ALS, founder populations, and extreme
phenotyping by selecting the tails of a phenotype distribution®”."2. These sampling methods are
valuable methods for reducing genetic complexity. As an example, higher homogeneity is
observed in population isolates compared with cosmopolitan populations. These sample
selection techniques are confounded by multiple limitations, including the sample-size, as
usually these data-sets are small, particularly in extreme phenotyping. Furthermore, the

uniqueness of these data-sets in population isolates is connected to challenging factors such as

geographical or cultural elements’"3,



20

With every gene discovery, the next discovery becomes more difficult because the remaining
genes are more likely to be rare or of small effect and were missed by previously used
techniques. To overcome these obstacles, collaboration between geneticists, bioinformaticians,
and evolutionary biologists is an effective strategy. Furthermore, data sharing between research
centres is increasing. This has led to the large scale project, ProjectMine’, an international
whole genome sequencing initiative, aiming to sequence 22,500 individuals, 15,000 with ALS,
as well as the recent discovery of 4 new genes (KIFA5, NEK1, C210RF2, MOBP, SCFD1)
through a large collaborative GWAS'®. This study also found evidence that more ALS genes
remain to be found, The amount of heritability explained by genetic information captured on
genome-wide microarrays is about 12%, implying that the remainder is in rare variants and
other types of genetic variation such as copy number variation, microsatellite repeats, post-
transcription RNA editing, and epigenetic changes’®. These are likely to be the next targets of

ALS genetics research and are reliant on international research consortia.

Moreover, there is a growing need to replicate projects like Project MinE in different parts of
the world as most of the large-scale projects have been done in populations with homogeneous
ancestry or in populations of low diversity, which might be useful in finding the genes most
strongly involved, but is probably not enough to tackle an entire disease. The large and
disproportionate genetic study of populations of European descent (96%), leaves very little

room for understanding the diversity of ALS genetic architecture worldwide’”.

It has been 18 years since sequencing of the first human genome was completed, and most of
the science gathered since then shows that we understand a great deal about a small number of
important genes and very little about the larger number of remaining genes. This shows the
importance of understanding the function of the vast majority of the genome, especially when
genotype-phenotype correlation is not clear-cut. By examination of the pattern of gene study

methods of ALS researchers (Figure 3), we can see that only 10% of ALS publications are
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focussed on gene characterisation and prioritization, with the least study of copy number
variation (a form of structural genomic variation comprising variations in segmental DNA
nucleotide arrangements) and gene functional annotation. Both of these research areas are

slowly coming under more intense focus as more is understood about the impact of structural
variation on both gene function and patient phenotype’®’°. Of over 6370 publications focused

on copy number variations, only 7 are ALS publications (PubMed August 2018) (Figure 3).
This can be explained by the lack of confidence in available analytic tools, and the difficulties

of structural variant analysis, as it is computationally intensive and time consuming.

Structural variants (including copy number variations) comprise various forms of genomic
imbalance, including insertion, deletion, inversion, duplication and inter-chnromosomal
translocation8®-82, Structural variants also represent a major difference between individuals in

health and disease®*~8°. Measuring the intensity of signals derived from a genotyping array is

the most used method in detecting structural variants, but advances in next generation
sequencing technologies offer an alternative. Combined with bioinformatics analytical tools,
structural shifts and changes are measured then compared between cases and controls®®-88,
Other techniques can be applied for detection of structural variation, including optical mapping
and NanoString®, which are new technologies that use molecular florescent tagging and
microscopic imaging to detect genomic variations. This might be limited in large scale whole

genome projects but useful for validation of structural variations in a region of interest®.

1.3.1 The role of next generation sequencing and bioinformatics in structural variation
analysis

Producing sequencing data, whether it is whole genome sequencing (WGS), whole exome

sequencing (WES) or from targeted gene panels, is common practice for the study of the genetic
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basis of biological processes. In biomedical research, next generation sequencing data are
widely used to investigate the genetic causes of disease, allowing for the study of genomic
variants including single nucleotide variant (SNV), copy number variation, structural variants

such as insertions or deletions, duplications and inversions.

There are several practical challenges when processing next generation sequencing data. For
example, 40x WGS data for one sample produced on the Illumina Hiseq 2000, one of the most
popular sequencers, is about 400 Gb in its raw format (fastq format)®. This size can be reduced
to approximately one fourth when the data is compressed, using lossless formats such as
fastq.gz (gzip-compressed version of fastq) and bam®2. Such big files are not easy to handle for
the average non-specialised scientist or lab, since they require sophisticated tools,
bioinformatics skills and high-performance computing for their analysis. Indeed, as an
example, consider mapping one of these files, typically about 1 billion 150-base-pair long
reads, to the human genome, a key process in the analysis of WGS data. Assuming that a
standard midrange desktop computer with 4 CPUs and 16 Gb of RAM is used with The Burrow
Wheeler Aligner (BWA)®, probably the most widely used mapper, aligning this data to the
human reference genome would take about 1 day, and this would only be the first step of an
next generation sequencing data analysis pipeline. Faster mappers exist. For example SNAP*
would only take about 4 hours to complete the same job, using the same number of CPUs, but
it requires about 65Gb RAM, making it an unsuitable choice if large memory High-

Performance-Computing (HPC) facilities are not available.

Many gene variants have been identified that drive the degeneration of motor neurons in ALS,
increase susceptibility to the disease or influence the rate of progression®. The ALSoD
webserver®® lists more than 120 such genes and loci which have been associated with ALS,

although only a subset of these have been convincingly shown to be ALS-associated?,
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demonstrating one of the challenges of dealing with genetic data — interpretation of findings.
Next-generation sequencing provides the ability to sequence extended genomic regions or a
whole-genome relatively cheaply and rapidly, making it a powerful technique to uncover the
genetic architecture of ALS®®. However, there remain significant challenges, including
interpreting and prioritizing the found variants and setting up the appropriate analysis pipeline
to cover the necessary spectrum of genetic factors, which includes expansions, repeats,
insertions/deletions (indels), structural variants and point mutations. For those outside the
immediate field of ALS genetics, a group that includes researchers, hospital staff, general
practitioners, and increasingly, patients who have paid to have their genome sequenced
privately, the interpretation of findings is particularly challenging. Although various tools are
available to predict the pathogenicity of a protein-changing variant, they do not always agree,
further compounding the problem. Furthermore, with the increasing availability of next-
generation sequencing data, non-specialists, including health care professionals and patients,
are obtaining their genomic information without a corresponding ability to analyse and
interpret it as the relevance of novel or existing variants in ALS genes is not always apparent.
The same would be true of structural variant analysis, and its interpretation too requires care
related to sample and platform selection, quality control, statistical analysis, results
prioritisation, and replication strategy. Choosing appropriate bioinformatics tools is crucial for
structural variation analysis, and there is a need for fast and computationally powerful tools to

address these demands.

In conclusion, the genetic aetiology of ALS is multifactorial, and a significant proportion of
genetic variance remains unexplained. This hidden heritability may be harboured in structural
genomic variation as well as rare variants that may be unique to an affected individual or

family. Structural variants comprise different forms of genomic imbalance including copy
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number variants, insertions, deletions, inversions, duplications and inter-chromosomal

translocations, as well as repeat sequences and repeat expansions.
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Figure 1 ALS gene discovery rate per year.

The data analysed in this chart is obtained from the ALS Online Genetics Database
(alsod.iop.kcl.ac.uk August 2018).
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Figure 2 ALS gene studying methods.

Pie chart shows each ALS gene studying methods through analysis of the number of
publications (PubMed August 2018). The search was done using the key words which
generated 1630 hits out of total ALS 16559 publications.
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Figure 3 ALS gene study prioritizing methods.

Pie chart shows each ALS gene study prioritizing methods through analysis of the number of publications
(PubMed August 2018). The search was done using the key words which generated 1630 hits out of total
ALS 16559 publications
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1.4 What causes ALS?
The causes of ALS are largely unknown. Significant advances have been made in
understanding the genetic and environmental components of the disease. Here, | will explore
what is known about why some people develop ALS and how the risk factors work together to

cause disease.

1.4.1 Epidemiological studies of ALS

The incidence of ALS is about 2 per 100,000 person-years, and the prevalence is about 5 per
100,000 persons®. Because of the low prevalence, the average primary care physician will see
one person in their lifetime, a typical UK neurologist will diagnose about 2 people a year, while
a tertiary referral centre will see more than 100 people. Despite the low incidence, however,
ALS is not particularly infrequent. The lifetime risk is about 1 in 300 by the age of 85, with the
risk increasing steadily, at least until about the eighth decade of life. This is very similar to the
risk for multiple sclerosis in the UK’

Tertiary referral centres see sufficient numbers of people that research studies may have
adequate power for statistical analysis. However, there is a significant diagnostic delay in ALS,
typically about a year, which seems to be independent of healthcare system and is probably
related to low recognition by primary care physicians®®. As a result, those attending specialist
centres tend to be those with a better prognosis, who are younger, and who are more
motivated®®1%, In contrast, population-based registers capture all cases in a defined catchment
population, regardless of attendance at a specialist clinic. Such registers have provided valuable

insights into the epidemiology of ALS and offer an unbiased view of the condition®°Z,

ALS can affect people at any age. The mean age of onset is 56 in clinic registers but 70 in
population-based registers'®1%, In clinic registers, ALS is more frequent in men*, with a

male:female ratio of about 3:2, and the ratio becomes more equal with increasing age. In
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population registers, although the male preponderance is still seen, the ratio may be closer to

1:1, an effect that can be attributed to the greater capture of older people with ALS®,

1.4.2 Genetics and ALS

There are now more than 25 genes in which an association with ALS has been replicated, with
the rate of gene discovery doubling every 4 years 3. Although up to 10% of people may report
a family history of ALS in a first-degree relative, detailed genealogical studies extending to
more distant relatives and including related diagnoses suggest that more than 20% have a
relevant family history. The genes responsible for familial ALS have now been identified for
about 70% of all cases, but there is a significant genetic component, even in those without a
family history®%®, Furthermore, statistical analysis shows that the distinction between familial

and sporadic ALS is not clear-cut%51%,

The most recent GWAS of ALS identified four new associations, three of which were
successfully replicated”. An interesting feature of the study was that even though this was a
study of people with apparently sporadic ALS, there were associations in genes previously
identified from family-based studies — C9orf72, TBK1, and NEK1 — further supporting the
notion that familial and sporadic ALS are not mutually exclusive categories but rather a
spectrum’.75107.19%8 These three genes all harbour variants that are moderately penetrant. In
other words, carrying a disease-associated variant does not mean ALS will inevitably follow.
Current thinking is that common diseases are the consequence of the additive effects of small
increases in risk from multiple common variations (polygenic), and rare diseases are the
consequence of single gene variants that are themselves rare but have a large effect on the
probability of disease (monogenic). For example, height and schizophrenia are polygenic traits,

while Huntington’s disease and Kennedy’s disease are monogenic diseases. ALS sits
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somewhere between these two extremes, with a lifetime prevalence that is far greater than is
typical for a monogenic disease but far less than a common disease, and it is perhaps, therefore,
to be expected that its genetic architecture also seems to sit somewhere between polygenic

effects and monogenic high-penetrance disease.

There are three genes that have had a major impact on our understanding of ALS. ALS-linked
dominant mutations in the superoxide dismutase gene SOD1 were first identified in 1993, and
since then mutations have been found in every exon of the gene'®. The SOD1 protein is a free
radical scavenger, and loss of function, increasing free radical damage in cells, is a logical
hypothesis to consider. However, several well-characterised SOD1 variants do not lead to a
reduction in dismutase activity, and the evidence instead supports a toxic gain of function*.
Transgenic SOD1 mice develop a motor neuron degeneration and have been used to model the
disease for treatment development!'?, The second important ALS gene is TARDBP, which
codes for TDP-43, a protein regulating RNA expression and the major component of
intracellular inclusions in ALS. The discovery of ALS-linked mutations in this gene was the
first of many showing RNA processing defects to be important in ALS pathogenesis and,
importantly, showed that the TDP-43 inclusions were not simply a passive marker of neuronal
death but a crucial part of the disease pathway''?!13, The third important genetic finding in
ALS was of linkage*4! and then association®*'%117 of a locus on chromosome 9, which led
researchers to the identification of a massive expansion of a hexanucleotide repeat in intron 1
of the C90rf72 gene!'®1%9, This is the most frequent cause of ALS, being responsible for about
30% of familial and up to 10% of sporadic cases.

The focus of genetic research in ALS in the immediate future is therefore on rare variation.
This is best discovered through high-throughput sequencing, and this technique has already

identified several familial ALS genes. The major challenge facing researchers is how to
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interpret the findings, since the identification of a rare variant in an ALS gene is not in itself
strong evidence of relevance in that individual, and over-representation of rare variation in
cases over controls in a particular gene does not provide sufficient information for genetic

counselling on a specific variant’®,

1.4.3 Environmental risk factors

In contrast to genetics, environmental risk factors for ALS have been more difficult to identify.
Such studies are expensive to perform, difficult to fund and are heavily reliant on recall®’. As
a result, they are susceptible to bias. Furthermore, unlike genome-wide analyses, in which a
hypothesis-generating approach can be taken, it is not straightforward to assay all possible
environmental factors, and so a selected subset of assumed risk factors is tested. Smoking has
been associated with increased risk of ALS in some studies but may hold a higher risk in some
subgroupst?®. Occupation, particularly military service with deployment, has been associated
with risk of ALS, but the evidence mainly comes from the US, where there are large military
datasets*. Physical activity is another widely studied risk factor, partly because of a number of
high-profile sports players who have had ALS and because of people with ALS having a low
BMI on presentation and having higher levels of leisure sports participation®?, It is not clear
whether having higher levels of physical activity raises the risk of ALS and, if it does, whether
it is the activity itself or being genetically predisposed to high sporting prowess that is the
mechanism'?2-124 Similarly, electric shock is not a risk factor in some analyses but is in
others'?. There is mixed evidence for the involvement of chemicals, such as heavy metals,
ambient aromatic hydrocarbons, pesticides, and cyanotoxins'?6-1%, Trauma, including head

injury, also appears to be a risk factor in meta-analysis*3Z.
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1.4.4 Inflammation and ALS

Evidence of an immuno-inflammatory component in ALS pathogenesis is compelling'32133, A
pathological hallmark of the neuroinflammation is prominent microglia activation at involved
sites. T-regulatory lymphocytes (Tregs) are important immunomodulatory cells that regulate
the balance between activation and suppression of the immune response and control the
microglia in the central nervous system: specifically, pushing them towards a state in which
remodelling, and repair activities are activated. Defects in Treg levels or function have been
found in ALS patients, becoming more frequent as the disease progresses. Treg levels are
inversely correlated with disease severity, so that lower levels are seen in more severe disease,
and survival is worse in those with Treg defects'34-13¢, Studies are now underway to explore

immune therapies that might improve Treg function and therefore improve survival®’,

1.4.5 Retroviruses and ALS

Poliovirus and other enteroviruses can cause a post-infectious myelitis with subsequent
paralysis, and HIV infection can result in an ALS-like syndrome. Studies of serum and
cerebrospinal fluid from ALS patients suggested that an activated endogenous retrovirus was
associated with ALS'38, Recently, the sequence has been identified as possibly HERV-K, an
endogenous retrovirus that exists as an open reading frame in the human genome3. In mice,
the env protein component of HERV-K is toxic to motor neurons. There is no evidence, yet
that HERV-K is causative of the disease in humans, but studies are now underway to explore

if antiretrovirals might slow progression and improve survival in ALS.

1.4.6 Conclusions
The apparently homogeneous phenotype of predominantly motor degeneration that is ALS can

result from many different causes: genetic, epigenetic, environmental, and internal. Thus, many
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different pathways converge on the final outcome of upper and lower motor neuron death.
Careful analysis of incidence data in European population registers shows that, on average,
each pathway comprises six molecular steps (Figure 4)1°2140, The model explains many
otherwise enigmatic features of ALS, such as the increasing risk with age, genetic pleiotropy
(the same gene variation can result in different diseases), age-dependent penetrance of disease
genes, the difficulty in identifying a single environmental cause, the observation that ALS
appears to start in one region and spread, and that it is specific to motor neurons but can affect
other cell types. The next challenge is to understand the extent to which the pathways overlap
and therefore might be amenable to a common treatment strategy. Although ALS remains a
uniformly fatal diagnosis, accelerating advances in our understanding bring the hope that an

effective treatment can be found for this devastating disease.
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Figure 4. The time course of amyotrophic lateral sclerosis.

Time is represented along the x-axis; physical health and molecular damage are represented along the
y-axis. With time, molecular damage increases in a step-wise way until it reaches a threshold, at which
point physical health declines, representing disease onset. People with a family history of ALS may
have a large genetic predisposition to ALS and so need fewer steps to reach the level of molecular
damage that causes disease, corresponding to a younger age of onset. Lack of exposure to sufficient
risk factors means that the disease does not manifest, even if a genetic cause is present, explaining
reduced penetrance. There isnot a 1:1 mapping of risk factors and steps, as the steps represent molecular
hits that lead to cellular damage rather than actual exposures. Once physical symptoms have started,
progression shows a log-linear decline until the onset of respiratory symptoms, where decline is
exponential. Clinical and functional involvement can be measured by the King’s clinical staging and
Milano-Torino staging (MiToS) systems. A dotted line represents the hypothetical trajectory in an
unaffected individual. Black arrows represent genetic and environmental risk factors. Numbers indicate
remaining molecular hits until disease onset.
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Chapter 2. Clinical staging in ALS

2.1 Introduction

In order to understand the role of genetic variation in disease progression, it is important to be
able to measure disease progression; this can be done using staging?*?°. The King’s staging
system consists of five disease stages, with Stage 5 being death, and Stages 1 to 4 based on the
number of El Escorial central nervous system (CNS) regions involved in the disease, measured
by weakness, wasting, spasticity, dysphagia or dysarthria, and the requirement for gastrostomy
or non-invasive ventilation (NIV). The Milano-Torino (MiToS) Staging system comprises Six
stages, based on functional impairment as assessed by the revised ALS Functional Rating Scale
(ALSFRS-R)14L,

2.1.1Aims:

To answer the following questions: How effective are existing clinical staging systems in
determining ALS disease progression, and do systems for clinical staging classify disease

progression in a way that matches clinical expectations?

2.1.2 Objectives
1. Determine clinical stage using both King’s and MiToS systems in a set of clinical trial
data.
2. Generate 17 clinical vignettes based on actual cases seen in the MND clinic and set up a

Survey Monkey questionnaire for distribution to ALS specialists

3. Perform statistical tests to compare the clinical stages generated by the King’s and

MiToS systems with the expectations of ALS specialists.
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2.1.3 Clinical Vignettes

We wrote 17 case vignettes of patients with ALS, representing different stages of the disease,
with Stage 1 (3 vignettes), Stage 2 (7 vignettes), Stage 3 (3 vignettes) and Stage 4 (4 vignettes)
represented. In 2016 and 2017 we ran two staging workshops during the European Network

for the Cure of ALS (ENCALS) meetings.

The course was split into two tasks. In the first task, participants were asked to intuitively stage
the clinical vignettes from stage one (early stage disease) to stage four (late stage disease). In
the second task, the participants were asked to analyse the same vignettes using a taught clinical
staging system. In all 17 clinical vignettes, the patients described had a diagnosis of ALS, with
clinical examination and investigation consistent with the diagnosis. Participants were asked
to provide information about their role, how long they had worked in the ALS field and to

provide comments where appropriate if they wished to.

Participants included doctors, nurses, allied health care professionals and researchers with
varying lengths of experience in ALS. We collected data on each participant’s occupation and
length of time working in ALS. During each workshop, we provided training in how to apply

the staging SOP, and asked participants to stage the vignettes using the SOP.

In all these cases the patients described had a diagnosis of amyotrophic lateral sclerosis, with
clinical examination and investigations consistent with this diagnosis. All the clinical vignettes
are based on actual cases seen in MND clinic. The vignettes are available in supplementary

material in the appendix.
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2.2 A Standard Operating Procedure for King’s staging

2.2.1 Introduction

In order for the King’s staging system to be applied by different health care professionals and
varying levels of experience working in ALS, as for example may be the case in a multicentre
clinical trial, we designed a Standard Operating Procedure (SOP) for the use of the King’s

system. We then investigated whether it could be used by a variety of health care professionals.

2.2.2 Methods

2.2.2.1 Clinical Vignettes.

We wrote a SOP for using the King’s clinical staging system for ALS (appendix supplementary

material). All the 17 vignettes were included to in this study.

2.2.2.2 Statistical analysis

To measure the reliability of staging using the SOP across the entire cohort, we calculated a
Spearman’s Rank correlation coefficient between the actual King’s clinical stage and the
King’s stage assessed according to the SOP. We also calculated Spearman’s Rank correlation
coefficients for different health care professional groups included in the study (doctors, nurses
and allied health care professionals), and for those with less than 10 years, or 10 years or greater

experience working in ALS.

As a further step to investigate the reliability of using the SOP to calculate clinical stage, we
used the Bland-Altman method to calculate the difference between actual King’s clinical stage

and King’s stage calculated by participants using the SOP, and the mean of the correct clinical
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stage and stage using the SOP, determining the limits of agreement between these. To test for
any systematic bias in the SOP, leading to over-estimation or under-estimation of stage, we
calculated the Spearman’s Rank correlation coefficient between the difference between actual
King’s clinical stage and stage using the SOP, and also the mean of the actual King’s clinical

stage and stage using the SOP.

Analyses were performed in SPSS v20.0 and GraphPad Prism v6.07.

2.2.3 Results

| helped plan the study, collated the data, performed the analyses, and wrote the paper. | am
the first author on a paper in The Amyotrophic Lateral Sclerosis & Frontotemporal

Degeneration journal describing the work in this chapter.

The study consisted of 61 participants in total, with doctors (65.5%), nurses (9.1%) and other
allied health care professionals (25.5%) represented in the cohort (Fig. 5A). There was an even
distribution between those with less than 10 years’ experience working in ALS (50.8%) and

those with 10 years’ or greater experience (48.2%) (Fig. 5B).

A Occupation B Years of experience

B Doctors
B Nurses
B Others

@8 Less than 10 years
@@ 10 years or greater

Figure 5. Demographics of participants included in the staging study

A) The study consisted of 61 participants in total, with doctors (65.5%), nurses (9.1%) and
allied health care professionals (25.5%) represented in the cohort. B) There was an even
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distribution between those with less than 10 years’ experience working in ALS (50.8%) and
those with 10 years’ or greater experience (48.2%).

Use of a Standard Operating Procedure leads to reliable clinical staging

Across the cohort, we found that use of a SOP led to a high reliability of clinical staging of
vignettes. The correlation between staging of the clinical vignettes using the SOP and the actual
King’s clinical stage was Spearman’s Rho = 0.95, p<0.001 (Fig. 6). There was a very strong
correlation between staging using the SOP and the actual King’s clinical stage for every health
care professional group, with similar correlations between each group: doctors (Spearman’s
Rho = 0.95, p<0.001), nurses (Spearman’s Rho = 0.93, p<0.001) and allied health care
professionals (Spearman’s Rho = 0.94, p<0.001). The correlation between staging using the
SOP and the actual King’s clinical stage was the same for those with at least 10 years’
experience working with patients with ALS (Spearman’s Rho = 0.95, p<0.001) as for those
with less than 10 years’ experience (Spearman’s Rho = 0.95, p<0.001). Overall, most
participants correctly staged case vignettes in Stages 1 (95.9%), 2 (95.7%), 3 (84.6%) and 4

(98.9%) using the SOP (Fig. 7).
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SOP clinical stage

Correct clinical stage

Figure 6 Use of a Standard Operating Procedure leads to reliable clinical staging

Participants were trained in how to use the staging Standard Operating Procedure (SOP, Supplementary
Material). Most correctly staged case vignettes in Stages 1 (95.9%), 2 (95.7%), 3 (84.6%) and 4 (98.9%)
when using the SOP. The numbers to the right of each bubble represent the number of answers within
each group.

We used the Bland-Altman method to calculate the difference between correct clinical stage
and stage using the SOP for all pairs and the mean of the stages for all pairs. The mean of the
difference in stage between the two methods was 0.01 (95% CI of the mean -0.01 to 0.04,
standard deviation 0.35) with the 95% confidence limits of agreement lying between -0.69 to
0.71. Therefore, the limits of agreement lie within a single stage, confirming that there is a
clinically acceptable level of agreement between staging using the SOP and actual King’s
clinical stage. To test for systematic bias of the SOP over the range of stages, leading to over-

staging or under-staging, we calculated a Spearman’s Rank correlation coefficient between the
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differences in stages and the means of stages, which showed a negligible relationship between
the two (Spearman’s Rho = 0.069), Therefore, there are unlikely to be any systematic biases in
staging when using the SOP. As a further confirmation of this, there was a similar number of
cases where staging using the SOP led to a higher stage than the actual clinical stage (23 cases)
and cases where SOP staging led to a lower stage (20 cases), and these erroneously staged cases

amounted to only 5.35% in total of the whole study.

Staging using the SOP

Clinical stage

N Y X 5 0N D 9 O NOD NS A

Vignette number
Figure 7 Variability of scores for staging by intuition or using the SOP for each case vignette.

Bars represent the mean and standard deviation of scores for staging using the SOP for each vignette.
Variability in the answers was greatest for Vignettes 8, 9 and 12. Use of the Standard Operating
Procedure for patients with Stage 4 disease.

Variability in the answers for staging using the SOP was greatest for Vignettes 8, 9 and 12 (Fig.
7). In vignette 9 a gastrostomy had been inserted for a reason other than ALS, due to
oropharyngeal malignancy. Some participants had staged this case as Stage 4, despite the
gastrostomy not being required as an intervention for ALS-related dysphagia. In vignette 9 a
gastrostomy had been inserted for a reason other than ALS, due to oropharyngeal malignancy.
Some participants had staged this case as Stage 4, despite the gastrostomy not being required

as an intervention for ALS-related dysphagia. Although this is a rare scenario to see in the

clinic, it is important to clearly differentiate between clinical intervention because of ALS
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complications and other intervention related to other diseases such as the example used in
vignette 9. The SOP clarifies that when the gastrostomy is required as an intervention for ALS-
related dysphagia, Stage 4 is reached and has clear parameters for when these criteria are
fulfilled. In vignettes 8 and 12 the patients did not yet meet the criteria for respiratory failure,
however some participants had staged these cases as Stage 4. The SOP clarifies that Stage 4 is
only reached when the UK National Institute of Health and Care Excellence guidelines for
respiratory failure in ALS are reached, and the guidelines are stated in a summarised format

within the SOP, although relaxed, country-specific guidelines are also acceptable.

2.2.4 Discussion

We have shown that using an SOP provides a highly reliable method of calculating clinical
stages in patients with ALS. The 95% confidence limits of agreement of staging using the SOP
were within less than a clinical stage and there were no clear systematic biases leading to over-

or under-staging, further confirming that using the SOP for clinical staging is reliable.

We have demonstrated that using an SOP is effective across different groups of health care
professionals and across different levels of experience working within ALS. ALS staging
systems have utility in stratifying patients in clinical studies, as a marker of disease progression
when assessing validity of biomarkers, and as outcome measures in clinical trials. For their use
to be effective, it is critical the system is simple to understand and apply. This is of clear
importance in ensuring staging can be applied reliably by different individuals, separated in
space and time, as is the case for example in multicentre clinical trials. Participants were
attendees at an ALS specialist meeting, therefore are likely to be representative of the

individuals that would use the SOP and staging system in the future in clinical studies and
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clinical trials. The impact of this study is that the SOP can now be implemented widely in

future studies where it would be useful to prospectively collect staging data.

We found that the vignettes that were most variable were sometimes over-estimated as Stage
4. We have clarified in the SOP the exact definitions of when Stage 4 is reached, either when
gastrostomy or NIV are required. It is likely that as this SOP is used more frequently alongside
further training sessions, its repeated use will improve the reliability of clinical staging further.
Some flexibility in the definitions of Stage 4 may however be necessary in implementations in

different health systems.

Although the agreement between staging using the SOP and actual King’s clinical stage was
high, it was not perfect. Although 84.5 % of participants correctly staged stage 3, there appears
to be a decrease in the ability to define stage 3, compared to the other stages. This might be
explained that in order to identify the 3" stage, three neurological signs have to be identified.
This might be not straightforward as stage one or four. However, we found that the limits of
agreement lay within a single stage, with systematic biases being negligible, and we detected
a very low rate of errors (~5%) represented equally by cases of over- and under-staging,
indicating that the extent of agreement is clinically acceptable. Overall, this suggests that the

SOP is straightforward to understand as written.

A potential limitation of this study is that staging using the SOP was performed directly after
a training session was delivered, and the accuracy of staging may have therefore been at its
highest at this time. However, we would expect these reliability measures to continue to
improve after repeated use of the SOP on subsequent occasions, and the SOP is now readily

available for users to refer to in the future as required. A further limitation is that this cohort
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represents a relatively small number of participants with an overrepresentation of doctors
compared to nurses and other allied health care professionals. Further studies are therefore
required to validate whether the SOP is reliable across a larger and more diverse group of health
care professionals. Future validation could be achieved using an online survey platform.

2.2.5 Conclusion

We have demonstrated that the staging SOP provides a reliable method of calculating the
clinical stage of a person with ALS and can be used prospectively by a range of health care

professionals with different levels of experience.
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2.3 Investigation of the relationship between King’s clinical ALS stage and
ALS stage as intuitively assigned by health care professionals.

2.3.1 Objective

As shown above, clinical stage in ALS can be assigned using King’s staging with a simple
protocol based on the number of CNS regions involved and the presence of significant
nutritional or respiratory failure. It is important that the assigned clinical stage matches
expectations, and generally corresponds with how a health care professional would intuitively
stage the patient. We therefore investigated the relationship between King’s clinical ALS stage

and ALS stage as intuitively assigned by health care professionals.

2.3.2 Introduction

Disease duration in ALS varies greatly between individuals®42142143 even though median time
to death is just 40 to 44 months from onset?42°. Disease progression rates therefore range from
very aggressive, rapid disease to very slowly progressive disease 2144146 Recently, we used
King’s staging to estimate the clinical stage at which Riluzole, a treatment for ALS, showed
greatest effect'#4. The King’s ALS stage corresponds well to anatomical clinical spread, and in
this regard differs from the MiToS staging system, which corresponds more to the spread of

functional impairment experienced by the patient?®.

It is important that clinical staging matches expectations and corresponds with how a health
care professional would intuitively stage a patient based on their clinical experience with the
disease, so that the meaning of any given stage can be easily interpreted. We therefore
investigated the relationship between King’s clinical ALS stage and ALS stage as intuitively

assigned by health care professionals.
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2.3.3 Methods

2.3.3.1 Clinical vignettes

We have used 10 case vignettes of patients with ALS, representing a spectrum of cases with
different stages of disease, ranging from Stage 1 to 4, representing as a spectrum of cases with
upper and lower limb involvement, upper and lower motor neuron signs and symptoms, bulbar
and spinal site of onset, and cases requiring respiratory support and gastrostomy intervention.
In all vignettes, the patients described had a diagnosis of ALS, with clinical examination and

investigation consistent with the diagnosis.

2.3.3.2 Participants

Participants were asked to intuitively stage the clinical vignettes from Stage 1 (early stage
disease) to Stage 4 (late stage disease). They were also asked to provide information about
their role, how long they had worked in ALS and to provide comments where appropriate if
they wished to. Sixty-one participants were classified into three groups in accordance with
their role (doctors, nurses, other health care professionals/researchers). Participants were
additionally classified based on their work experience into two groups, those with more than
ten years’ experience, and those with less than ten years’ work experience. All the
participants agreed to take part of this study. All the information was anonymized, kept

confidential, and digitally stored behind a password.

2.3.3.3 Statistical analysis
To measure the reliability of intuitive staging across the entire cohort, we calculated a
Spearman’s Rank correlation coefficient between the actual King’s clinical stage represented

by each vignette and stage assessed intuitively. We also calculated Spearman’s Rank
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correlation coefficients for the different types of health care professional included in the study
(doctors, nurses and allied health care professionals), and for those with less than 10 years, or
10 years or greater experience working in ALS. Analyses were performed in SPSS v20.0 and
GraphPad Prism v6.07.

2.3.4 Results

| helped plan the study, collated the data, performed the analyses and wrote the paper. | am a
co-first author on a paper to be submitted describing this work.

There was a good correlation between stages assigned using King’s clinical staging and stages
assigned intuitively by the course participants (Spearman’s Rho = 0.64, p<0.001 and Fig. 8).
This was true for every health care professional group: doctors (Spearman’s Rho = 0.68,
p<0.001), nurses (Spearman’s Rho = 0.59, p<0.001) and allied health care professionals
(Spearman’s Rho = 0.58, p<0.001). Overall, the majority of participants declared the same
stage intuitively as the actual King’s stage for case vignettes representing King’s Stages 1 and
2 (73.0% and 53.0% respectively), but a minority of participants did for case vignettes
representing King’s Stages 3 and 4 (41.1% and 48.9% respectively and figure 9). In all cases,
the most frequent alternative answer for intuitive staging was only one stage different from the

actual King’s stage (Figure 8)
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Intuitive Staging

Figure 8. Health care professionals can intuitively stage patients with ALS. Participants were asked to
score each vignette intuitively from Stage 1 (early stage disease) to Stage 4 (late stage disease). The
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majority of participants correctly staged case vignettes in Stages 1 and 2 with intuition (73.0% and
53.0% respectively), however the minority of participants correctly staged case vignettes in Stages 3
and 4 (41.1% and 48.9% respectively). In all cases, the most frequent alternative selected was an
adjacent stage. The numbers to the right of each bubble represent the number of answers within each

group.

N L B xS b A D O O

Figure 9.Variability of scores for staging by intuition for each case vignette.

Bars represent the mean and standard deviation of scores for staging using the clinical staging for each
vignette. Variability in the answers was greatest for Vignettes 5, 8, and 9.

2.3.5 Discussion

Disease staging allows a simple description of the extent of disease progression. Staging
systems have been used in cancer to guide patient management and treatment. In ALS, two
recent staging systems have been proposed, King’s clinical staging and Milano-Torino
staging®*%®. The King’s system is similar to cancer staging in mapping clinical spread with
disease progression. Both ALS staging systems are complimentary as we previously shown?8,
We have demonstrated that the King’s clinical staging system correlates well with clinical stage
assigned intuitively by health care professionals. It is important that clinical staging matches
expectations and corresponds with how a health care professional would intuitively stage a
patient based on their clinical experience with the disease, so that the meaning of any given

stage can be easily interpreted.
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We have shown that staging using the King’s system was straightforward with minimal
confusion between clinical staging and intuitive staging, as all the participants behaved
similarly. King’s system provides a clear system that all members of the multidisciplinary team
can understand by supporting evidence-based actions that is prepared for a multidisciplinary

team intervention if there is a significant change.

A weakness of this study is the limited number of participants in each subgroup. Although the
agreement between actual King’s clinical stage and intuitive staging was high, it was not
perfect. However, we found that the limits of agreement lay within a single stage, with
systematic biases being negligible, and we detected a very low rate of errors (~5%) represented
equally by cases of over- and under-staging, indicating that the extent of agreement is clinically
acceptable. Furthermore, stage two was overrepresented in the clinical vignettes but we think
we managed to cover multiple clinical scenarios that might be seen in MND clinic.

We have shown that King’s clinical ALS staging system corresponds with professional

expectations, an important quality for a staging method.

2.3.6 Conclusion
In conclusion across a spectrum of ALS scenarios, King’s clinical ALS stage corresponds to

intuitive ALS stage as assigned by a range of health care professionals
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2.4 ldentification of the benefits and disadvantages of the King’s and MiToS
ALS staging systems and possible clinical uses

2.4.1 Introduction

Although the Milano-Torino (MiToS) functional staging and King’s clinical staging systems
both measure stage and show content validity, mapping correctly to disease progression, it is
not clear to what extent they are collinear and therefore redundant. We therefore set out to
compare the systems using data from a phase 3 randomised double-blind placebo-controlled
trial of lithium carbonate in ALS (LiCALS) (EudraCT number 2008-006891-31)%*7 , in which

ALSFRS-R scores were recorded at 3 monthly intervals.

2.4.2 Methods
2.4.2.1 Patients
Anonymised data from the LICALS clinical trial was reanalysed. Data consisted of ALSFRS-
R scores, site of disease onset (bulbar or limb), gastrostomy timing, measures of respiratory
function, and timing of non-invasive ventilation, recorded every three months during an
eighteen-month trial enrolment. For all patients, date of death or last follow-up were also

recorded.

2.4.2.2 Clinical staging systems

ALS clinical stage comparisons were undertaken using two staging systems; King’s clinical
staging and MiToS functional staging. As stages were not previously recorded during the
LiCALS clinical trial, stages for both systems were determined retrospectively and derived
from historical data, as previously described?*2° (Figure 10). For simplicity, we encoded King’s
stages with prefix K, and MiToS stages with prefix M, so for example, K2M3 would represent

King’s stage 2 and MiToS stage 3.



50

Kings clinical staging
system

Stage 3
(Involvement of
third clinical

fegion)

MiToS functional
staging system

Stage 2 (Loss of

independence in
two domains)

Figure 10: Flowchart of ALS staging systems (King’s staging and MiToS staging
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2.4.2.3 Statistical analysis

A Kaplan-Meier survival analysis and log-rank test were used to test differences in survival
from disease onset for each categorical variable, site of onset (bulbar or spinal), family history
(sporadic ALS or familial ALS), gender, and age of onset in 10-year categories. We also tested
the proportion of patients dead or alive on 30 June 2011 (defined as the censor date) using a

chi square test.

Standardised median times for reaching clinical stages were calculated as a proportion of time
elapsed from onset to each disease stage across the duration of the disease for both King’s and
MiToS systems, with O representing symptom onset, and 1, death, using only data from

deceased patients, as previously described?.

Spearman’s coefficient was used to test overall correlation between the two systems. Pairwise
comparisons between the number of patients in each King’s and MiToS stage were used to test
the relationship between specific stages using a chi-square test. Standardised residuals were

used to test which items were most responsible for any associations observed.

All statistical tests were carried out using SPSS v22.0 (SPSS Inc, lllinois, USA).

2.4.2.4 Ethics

The LICALS clinical study was ethically approved by the South East London Research Ethics
Committee reference 09/H1102/15. All participants involved, provided written consent. This
current study does not require ethical approval due to analysis being conducted on fully

anonymised pre-existing clinical trial data.
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2.4.3 Results

2.4.3.1 Patient characteristics

| helped plan the study, collated the data, performed the analyses and wrote the paper. | am a
co-first author on a paper to be submitted describing this work.

Data was available for 217 patients, of whom 95 had died by the end of the study. Patient
characteristics are shown in Table 2. Median survival was 43.6 months, which is similar to that
found in a previous study, 42.3 months?4. There were no significant differences in survival by
gender, family history or site of onset, and no differences were seen in the proportion still alive
by the study end date. Older age at disease onset was associated with worse survival p=0.01,
and consistent with this observation, the proportion of deaths compared with censored
observations progressively increased as patients were classified into higher age groups: 56%

of patients in the 75-84 year age group had died by the end of the trial, compared with only

14% for the 25-34 year age group.

n (%) Median time to death or last ~ p-value Death at last p-value
observation in months (95% observation (%0)
Cl

Gender : p=0.19 p=0.13
Male 151 (70) 47.8 (39.0-56.6) 61  (40)
Female 66  (30) 37.9 (32.0-43.9) 34 (52)

Site of Onset p=024 p =0.60
Limb 170 (78) 40.1 (32.8-47.3) 76 (45)
Bulbar 47  (22) 47.8 () 19  (40)

Type p=091 p=0.60
Sporadic 211 (97) 43.6 (36.6-50.5) 93 (44)
Familial 6 3 - O] 2 (33)

Age p=0.01 p =0.02
25-34 7 3 - () 1 (14)
35-44 16 (7) - () 4 (25)
45-54 58  (27) - ) 18 (31)
55-64 75  (35) 34.4 (29.0-39.7) 41 (55)
65-74 52 (24) 37.9 (32.3-42.9) 26 (50)
75-84 9 4 32.2 (20.0-44.3) 5 (56)
Total 217 (100) 436 (36.6-50.5) 95 (44)

Censor date was 30/06/2011

Table 2 Characteristics of LICALS patients.

Median time to death or last observation and percentage of death at last observation compared using
different categories (gender, site of onset, family history and age of onset).
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95 patients had died by the end of the study. The standardised median proportion of time

elapsed from onset to each King’s stage is shown in Table 3a and Figure 11a. Corresponding

values for MiToS stages are shown in Table 3b and Figure 11b, showing a wider distribution

of King’s stages through the early and middle disease course, compared with a tendency for

MiToS stages to be distributed later in the disease course.

A King's SMT

0.8

0.6
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Figure 11 Box plot for Standardised Median Time (SMT) from onset to each disease stage.

(A) SMT for King’s stages. (B) SMT for MiToS stages.
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A)
King’s staging  Median number of  SMT (IQR)
system (n) months from onset
(IQR)

1(95) 9.0 (5.4-13.0) 0.33 (0.24-0.46)
2 (49) 184 (12.8-22.6) 0.62 (0.51-0.73)
3 (67) 18.9 (12.6-24.6) 0.67 (0.55-0.82)
4 (32) 248 (17.4-30.9) 0.86 (0.79-0.95)
5(95) 27.7 (22.0-34.0) 1.00 (1.00-1.00)

B)  Milano-Torino Median number of ~ SMT (IQR)
staging system months from onset

(n) (IQR)

0 (95) 90 (5.4-12.9) 0.33  (0.24-0.46)
1(94) 165 (11.9-22.1) 058 (0.49-0.71)
2 (37) 250 (20.0-31.7)  0.88 (0.72-0.93)
3(12) 251 (21.0-30.0) 093 (0.86-0.97)
4(2) 270 (24.1-29.8) 095 (0.95-0.96)
5 (95) 277 (22.0-34.0)  1.00 (1.00-1.00)

Table 3Median number of months and Standardised Median Time (SMT) from onset to each stage.

(A) King’s staging system, (B) MiToS staging system.

2.4.3.3 Comparison of staging systems

To compare each staging system, King’s and MiToS scores were plotted against frequency for
all pairwise comparisons (Figure 12 & Table 3). King’s stages 1 and 2 matched almost perfectly
with MiToS stage 1 (K1M1 n=186, K2M1 n=310) with little overlap to MiToS stage 2 (K2M2
n=4) and none with MiToS stages 3 and 4. However for King’s stage 3, more patients were
defined as MiToS stages 2 (K3M2 n=37) and 3 (K3M3 n=9). In King’s stage 4 all four MiToS
stages were seen (K4M1 n=68, KAM2 n=77, K4AM3 n=26, K4M4 n=6). A chi-square test
confirmed association between some stages with the two staging systems (p<0.001) and
standardised residuals showed the strongest association was of King’s stage 4 with MiToS
stage 2. A Spearman’s rank correlation coefficient between the King’s and MiToS systems

showed a correlation of 0.48 (p=0.01).
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Figure 12 Bar chart showing the count of patients in each clinical stage by both systems.

2.4.4 Discussion

While the King’s clinical staging system is able to differentiate early to mid-disease well, the
MiToS staging is able to differentiate late stages in detail, which is in line with previous
findings?®. These results support the use of both systems when staging, as they summarise two
different aspects of patient information. King’s staging is mostly focussed on anatomical
disease spread and significant involvement of respiratory muscles, whereas MiToS staging is

aimed more towards the distinction of functional capabilities during the spread of the disease.

55
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Because functional engagement necessarily follows anatomical involvement, MiToS stages
inevitably tend to lag behind King’s stages, manifesting as a higher resolution later on in the
disease. This is most easily seen in Figure 12, where the relative distribution of individuals in
each staging system is shown. The MiToS stages remains at a low resolution for the majority
of King’s stages up until K4, at which point there is significant differentiation of the MiToS

stages.

These differences in disease description by the two systems are also shown by a Spearman’s
rank correlation of 0.48, showing some correspondence between the two systems. Association
testing shows that King’s stage 4 and MiToS stage 2 are the most strongly associated between

all staging pairs.

Examination of the proportion of disease elapsed at each stage confirms that King’s stages
show more resolution through early to mid-disease and MiToS stages towards the end. Patients
in King’s stages 1, 2 and 3 are often in MiTos stages 0 or 1. We found that King’s Stage 4
corresponds to MiToS stages 2, 3 and 4, and about 80% to 90% of the disease course. The
benefit of MiToS staging in differentiating later stages of disease is in contrast to the ALSFRS-
R scores from which it was derived, that exhibits a floor effect and lack of sensitivity in the
later stages®?>2°, In other words, by combining information from different parts of the
ALSFRS-R, MiToS staging is able to provide value over and above the ALSFRS-R score as a

functional indicator for disease progression.

A limitation of this study is its use of clinical trial data rather than clinic or population data.
However, this may be advantageous, as results are more likely to be relevant to daily clinical

practice. We have previously shown that clinical trial data show a shift towards a greater
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proportion of disease course passed for a given stage?®. This occurrence is likely a result of left
censoring due to the population being selected for trial participation and sourced from a biased

clinic population.

The two disease staging systems described are complementary rather than redundant and
provide different types of information. King’s staging summarizes the clinical or anatomical
spread of disease, while MiToS staging summarizes the functional burden of disease. A similar
situation exists for cancers. The American Joint Committee on Cancer’s TNM scale allocates
a score for size, lymph node infiltration and metastasis as a functional indicator for disease
progression'*, and this is combined with grouping of patients into one of four clinical stages
that determine overall disease progression. King’s stage prefixed K, and MiToS stage prefixed
M, would allow a concise summary of disease spread and functional burden. We therefore

propose using both to describe ALS stage.

2.4.5 Conclusions

In conclusion, these staging systems are complementary, with the King’s clinical staging
system having a higher resolution in early-mid diseases stages, and the MiToS system having
a higher resolution in late disease stages. In the King’s staging system there is more
homogeneity between patients in the same stage, and a greater discrimination between patients

in different disease stages.



58

Chapter 3. Understanding the relationship between the survival
benefit of Riluzole and disease stage

3.1 Introduction
The course of ALS varies considerably between people, so that although the median survival

is only about 2 or 3 years from symptom onset, the range of survival is large, and in some
instances more than 20 years. This variability complicates the analysis of clinical trials, since
time is used as a proxy for disease progression, but the wide variability means that in some
people there will have been little change over the course of a trial, potentially reducing the
power to detect an effect of treatment. To mitigate this, most clinical trials in ALS have strict
entry criteria that aim to exclude the most slowly progressing patients. Disease staging is
another approach, because it provides a framework for measuring disease progression
regardless of whether the disease is aggressive or relatively slow inany one individual. Several
methods have been previously proposed, but the most widespread systems are the Milano-
Torino functional staging®!, and King’s clinical staging?* systems, both of which can be derived

from standard clinical observation.

King’s clinical stage ranges from 1, early disease, to 4, late disease, with stage 5 being death.
The motor system is considered in the EI Escorial domains of bulbar, upper limb and lower
limb®°, Stages 1, 2 and 3 correspond to symptomatic, functional or examination involvement
of one, two or three domains respectively. Stage 4 corresponds to nutritional failure (10% of
premorbid weight loss because of dysphagia), or significant respiratory failure (fulfilling
guidelines for needing non-invasive ventilation). King’s stage can be derived from the ALS
Functional Rating Scale (ALSFRS-R) with a high correspondence to actual clinical stage,

making it useful for retrospective analyses. It has been validated by confirmation in multiple
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populations, and correlation with biomarkers. It has been used to assess the timing of cognitive
change in ALS, and for health economics analysis4®,

Riluzole, a glutamatergic antagonist, is the only disease modifying treatment shown to extend
life in a neurodegenerative disease in the UK, improving survival in ALS in an efficacy trial
and dose-ranging study which completed recruitment in 199427150, There is no apparent effect
on function, but any effect is difficult to assess in a clinical trial because those with the worst
function drop out, either because travel becomes too onerous, or through death. The result is
that only those with relatively preserved function remain, which reduces the power to detect an
effect between treatment groups. A key question therefore is whether Riluzole extends life
throughout the disease course, or only at an early or late stage of the disease. From a patient
perspective, there is a major difference between a drug that prolongs the early disease stages
and a drug that prolongs later disease stages. From a health economics standpoint, a survival
benefit from extending early stages of disease might be preferable to prolongation at later, more

expensive stages'4®.

To understand the relationship between the survival benefit of Riluzole and disease stage, we
retrospectively applied a clinical staging analysis to the original dose-ranging study of

Riluzole!®0,
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3.2 Methods

3.2.1 Participants and data collection

Patients in Belgium, France, Germany, Spain, Canada, the USA, and the UK with probable or
definite ALS as defined by the El Escorial criteria were eligible for the original Riluzole dose-
ranging study, and enrolled between December, 1992, and November, 199351, In this
retrospective analysis, data were extracted from the electronic case record forms of the Riluzole
dose ranging study'>?. There were 959 patients with case records in four treatment arms, 50mg
Riluzole per day (n = 237), 100mg (n = 236), 200mg (n = 244) and placebo (n = 242). The
censor date for the Riluzole survival data was set as the original study end date, 31 December
1994. To exclude an artefactual explanation for findings, a trial of Lithium carbonate in ALS
was also tested for comparison, LICALS; ISRCTN:83178718!47. There were 217 patients with

case records, 214 of whom were randomized, 107 to treatment and 107 to placebo.

3.2.2 Staging

Participants were staged retrospectively from the clinical trial data available at each study visit
using an algorithm. For the LICALS study, the algorithm, based on the ALSFRS-R, has been
previously published and shown to correlate 92% with actual clinical stage'®2. The Riluzole
dose-ranging study data were collected before the ALSFRS-R had been developed, and we
therefore used the same principles to develop a corresponding algorithm based on functional
scores from electronic case-records. Affected domains were established following the criteria
of King’s ALS staging system, using questions on the modified Norris scales, MRC muscle
strength scores, El Escorial category, gastrostomy data and vital capacity. In both cases,
tracheostomy and intubation were classified as equivalent to death for the purposes of analysis.
Allocation to Stage 4 requires either nutritional failure sufficient to require gastrostomy, or

respiratory failure sufficient to require non-invasive ventilation. We therefore used as proxies,
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insertion of gastrostomy, or vital capacity <75% predicted. The vital capacity threshold was
selected based on thresholds used in previous studies®®!51153 and national guidelines®®,.
Because clinical stage was being estimated, and previous studies have not shown transition to
earlier stages, we maintained the highest stage recorded if a subsequent estimate of stage
showed an apparent reversal. The lowest allocated clinical stage was stage 2 as the original
trial consisted of only patients with EI Escorial probable or definite ALS, and the analysis is

therefore unable to answer questions about the effect of Riluzole at Stage 1.

3.2.3 Staging algorithm

A regional analysis was performed, using regions defined as Bulbar, Upper limb, Lower limb.
- Stages 1-3 were scored based on the number of affected regions. A region was considered
affected if there was a drop in maximum score for that region in any of the relevant scales
(Norris bulbar, Norris limb and muscle strength). One affected region = stage 1, two affected
regions = stage 2, three affected regions = stage 3. The minimum stage at entry was stage 2
because the minimum EI Escorial category at entry was Probable, which requires two regions
to be affected.

- Stage 4 was scored if the person had a gastrostomy, defined by the date of insertion, or vital
capacity <75% predicted value, whichever date fell earlier.

- Stage 5 was scored as the date of death, tracheostomy or intubation, whichever date fell
earlier. The censor date was 31 December 1994. Any events occurring after this date were not

recorded and treated as censored. No stage reversals were allowed.

3.2.4 Statistical analysis
Because stage at enrolment might differ between treatment groups, and might therefore

influence our analysis, we performed a chi-square test of the independence of stage at
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enrolment and treatment group. To test the hypothesis that the benefit of Riluzole treatment
would be seen in all disease stages, the mean duration of each stage was estimated for each
treatment arm. The Kaplan-Meier product limit distribution was used to compare treatment
groups for the time taken to change stage for stages 2, 3 and 4. The test was repeated, stratifying
for stage at enrolment. Cox regression was used to confirm any finding of an effect of treatment
group on time in clinical stage, controlling for covariates. Regression models were built step-
wise, adding in clinical stage at entry, an interaction term for treatment group and clinical stage

at entry, age, and sex, with covariates discarded if the model fit was not significantly improved.

3.2.5 Sensitivity analysis

Several sensitivity analyses were performed to ensure findings were robust. Kaplan-Meier
analyses were repeated after combining Riluzole treatment groups either using the doses found
to significantly improve survival (100mg per day and 200mg per day), using current treatment
recommendations (100mg per day), or using all doses (50mg per day, 100mg per day and
200mg per day), and with alternative vital capacity thresholds to define Stage 4 of <70% and
<80% of predicted. Since clinical staging in ALS has not previously been used to estimate the
timing of benefit in clinical trial data, we also performed the same analyses in the LICALS data
to exclude an artefact in trial data as a basis for findings. To confirm the results were not an
artefact of the analysis method, we also used a second approach, Multi-state Outcome Analysis
of Treatment (MOAT)*. MOAT does not tolerate missing data, and we therefore imputed
missing or superseded disease stages by using the mean stage duration proportion by treatment
groups across the study. Statistical tests were performed using IBM SPSS Statistics 24.0 (SPSS
Inc., Ilinois)%, RStudio 1.0.143 (RStudio Inc., Boston)'®’, R Foundation for Statistical

Computing 3.4.1 (R Core Team, Vienna)®® and SAS 9.4 (SAS Institute Inc., Cary)®°.
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3.3 Results

| reformatted and inputted the dataset from the original Riluzole clinical trial and the original
lithium carbonate in amyotrophic lateral sclerosis trial. I contributed to the design of the study,
the analysis of the data and the writing. Statistical analysis including survival analysis was done
by Ton Fang under my guidance. | am second author on a paper in The Lancet Neurology

describing the work in this chapter.

| reformatted and inputted the dataset from the original Riluzole clinical trial and the original
lithium carbonate in amyotrophic lateral sclerosis trial. I contributed to the design of the study,
the analysis of the data and the writing. Statistical analysis including survival analysis was done
by Ton Fang under my guidance. I am second author on a paper in The Lancet Neurology
describing the work in this chapter.

Of the 959 participants who took part in the Riluzole trial, 355 enrolled at Stage 2, 451 at Stage
3 and 153 at Stage 4. Stage at enrolment did not differ between treatment arms (Supplementary
Table 1) (P =0.22). Counting the same patient at multiple stages where necessary, 355 patients
reached Stage 2, 678 reached Stage 3 and 306 reached Stage 4. Although there was no
difference in the proportions changing disease stage (Table 4A), in the treatment arms, there
was a large increase in the proportion remaining in Stage 4 rather than other stages (Table 4B),
suggesting that Riluzole increases survival by prolonging Stage 4. Kaplan-Meier analysis
confirmed that Riluzole treated groups spent longer in Stage 4 than the placebo group (P =
0.037, Figure 13-A). Stratification by stage at enrolment confirmed the finding (P = 0.027).
Time from Stage 2 or Stage 3 to subsequent stages or death was not significantly different

between treatment arms and placebo, (Stage 2, P = 0.83, Figure 13-B, Stage 3, P = 0.88, Figure
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13-C), and this remained true when combining treatment doses (Stage 2, P = 0.99, Figure 14-

B, Stage 3, P =0.86, Figure 14-C).

Table 4A Time transitioning to a later stage or death
Treatment Stage 2 Stage 3 Stage 4
50 mg/day Riluzole 256 (152) 241 (138) 224 (158)
100 mg/day Riluzole 243 (161) 265 (150) 248 (180)
200 mg/day Riluzole 243 (156) 230 (143) 233 (154)
Placebo 223 (157) 248 (143) 233 (154)
Table 4B
Time maintaining the same stage over the trial
Treatment Stage2 Stage3  Stage 4
50 mg/day Riluzole 570 (92) 492 (158) 404 (404)
100 mg/day Riluzole 560 491 490
200 mg/day Riluzole 576 450 507
Placebo 568 485 391

Table 4 Stage transition times

The mean time patients spent transitioning to a later stage (Table 4A) or maintaining the same stage
(Table 4B) is shown. Mean time spent calculated on a per patient basis and averaged over all patients
in that group. There is a dose-dependent increase in time spent in stage 4, not seen for the other stages.
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Figure 13. Patients progressing from each stage of amyotrophic lateral sclerosis with Riluzole or
placebo.

Figure 13-A. Treatment with 100 mg Riluzole per day significantly prolonged time in stage 4 compared

with placebo (p=0-037).
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Figure 13-B. Patients progressing from each stage of amyotrophic lateral sclerosis with
Riluzole or placebo. Treatment with all doses did not prolong time in stage 2 compared with

placebo (p=0-827).
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Figure 13-C. Patients progressing from each stage of amyotrophic lateral sclerosis with
Riluzole or placebo. Treatment with all doses did not prolong time in stage 3 compared with

placebo (p=0-882). HR=hazard ratio.
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Restricting the analysis to the recommended treatment dose of 1200mg still showed an extension
of Stage 4 (P = 0.003), which remained the case after stratifying by stage at enrolment (P =
0.003). Cox regression confirmed an effect of treatment group on time in Stage 4 (P = 0.009),
independent of the effect of clinical stage at entry (P = 2.0 x 10-°) with no evidence for an effect
of the interaction of treatment group and stage at entry, age or sex. The findings were the same
if treatment groups were tested in combination (treatment group P = 0.006, stage at entry P =
7.0 x 10°), or restricted to the recommended treatment dose of 100mg per day (treatment group

P =3.9 x 104, stage at entry P = 1.3 x 10°) (Table 5).
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Variable P-value | Hazard 95% CI

ratio
A. Individual treatment groups
Treatment effect overall 0.009
50mg/day Riluzole compared with Placebo 0.138 0.742 (0.501-1.101)
100mg/day Riluzole compared with Placebo 0.001 0.480 (0.313-0.735)
200mg/day Riluzole compared with Placebo 0.085 0.710 (0.481 - 1.048)
Stage at entry effect overall <0.001
Entry at stage 2 compared with 4 0.027 1.697 (1.063 - 2.709)
Entry at stage 3 compared with 4 <0.001 | 2.966 (2.118 - 4.152)
B. Combined treatment groups compared with placebo
Treatment at any dose compared with placebo | 0.006 0.638 (0.464 - 0.878)
Stage at entry effect overall <0.001
Entry at stage 2 compared with 4 0.033 1.664 (1.043 - 2.655)
Entry at stage 3 compared with 4 <0.001 |2.825 (2.026 - 3.939)

C. Recommended treatment dose compared with placebo

100mg/day treatment compared with placebo <0.001 | 0.456 (0.295 - 0.704)
Stage at entry effect overall <0.001

Entry at stage 2 compared with 4 0.041 2.034 (1.031 - 4.016)
Entry at stage 3 compared with 4 <0.001 | 3.154 (1.957 - 5.080)

D. Combined higher treatment doses compared with plac

ebo

100mg or 200mg/day treatment compared with | 0.002 0.578 (0.409 - 0.816)
placebo

Stage at entry effect overall <0.001

Entry at stage 2 compared with 4 0.002 2.268 (1.357 - 3.790)
Entry at stage 3 compared with 4 <0.001 | 3.023 (2.055 - 4.447)

Table 5. Effect of variables on time spent in Stage 4, by Cox regression

Variables were included step-wise in the model and removed if there was no significant improvement
in the model fit. Variables tested were treatment arm, stage at trial entry, interaction between treatment
arm and stage at trial entry, age, and sex. Only treatment arm and stage at trial entry were retained in

the model.
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Sensitivity testing
Combining treatment groups made no difference to the result. Analysing all treatment groups
as a whole against placebo showed a significant prolongation of Stage 4 in the treatment groups
(P = 0.01), as did limiting the analysis to the two higher doses against placebo (P = 0.006,

Figure 14).

Altering the vital capacity threshold defining Stage 4 to <80% did not change the findings (P
=0.014), although reducing it to <70% meant that only 39 fulfilled respiratory criteria for Stage
4 and the effect was no longer seen (P = 0.18, Supplementary Figure 14). The findings were
unchanged when treatment groups were combined, regardless of the definition of Stage 4: vital
capacity <70%, two higher doses vs placebo P = 0.037, all doses vs placebo P = 0.067, and

<80%, two higher doses vs placebo P = 0.002, all doses vs placebo P =0.002.

Three people are recorded as not taking trial medication, one randomized to 50mg Riluzole
treatment, and two randomized to 100mg. It is therefore unlikely that the findings are
confounded by differences in ability to take medication. All 217 participants in the LICALS
trial entered at Stage 1. Treatment with lithium did not prolong the duration of any stage (Stage

1, P=0.98; Stage 2, P = 0.73, Stage 3, P = 0.082 and Stage 4, P = 0.25).
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Figure 14. Patients progressing from each stage of amyotrophic lateral sclerosis with 100 mg plus 200
mg Riluzole or placebo.

Figure 14-A. Treatment with higher doses significantly prolonged time in stage 4 compared with

placebo (p=0-006).
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Figure 14-B. Patients progressing from each stage of amyotrophic lateral sclerosis with 100 mg plus
200 mg Riluzole or placebo. Treatment with higher doses did not prolong time in stage 2 compared

with placebo (p=0-994).



73

C 10 k P-value = 0.859
™ h;g(sr):?/o cnv : ;.Zs (0.73-1.22) Treatment
g =I1100mg/day+200mg/day
-y |
E 0.8 Placebo
(7))
=
(o))
£ 0.6
=
©
£
S 0.41
c
2
5 0.2
Q.
()
| .
o
O-G L L) T 1
0 200 400 600 800

Time (days)

Number at risk
100mg/day+200mg/day 406 285 173 35
Placebo 210 150 86 19

Figure 14-C. Patients progressing from each stage of amyotrophic lateral sclerosis with 100 mg plus
200 mg Riluzole or placebo. Treatment with higher doses did not prolong time in stage 3 compared

with placebo (p=0-859). HR=hazard ratio.
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Multi-state Outcome Analysis of Treatment
MOAT analysis confirmed the findings of the Kaplan-Meier approach, showing that those

treated with Riluzole had a significantly longer Stage 4 than those on placebo, but the same
duration of other stages (Table 6), although there was a suggestion that Stage 3 was shortened

in those receiving Riluzole.

To exclude an artifactual explanation for findings, we did comparison tests using data from the
LiCALS trial in which all 217 participants entered at stage 1, of which 214 were randomly
assigned, 107 to treatment and 107 to placebo. Treatment with lithium did not prolong the
duration of any stage (for stage 1, HR 1-00, 95% CI 0-84-1-19, p=0-98; stage 2, 1-04, 0-83—
1-30, p=0-73, stage 3, 1-40, 0-96-2-04, p=0-082, and stage 4, 1-51, 0-74-3-05, p=0-25).
MOAT analysis confirmed the findings of the Kaplan-Meier approach, showing that those

treated with Riluzole had a longer stage 4 than those on placebo (table 3).

Stage | 50mg/day 100mg/day 200mg/day Placebo
change | Mean 95% CI | Mean 95% ClI | Mean 95% CI | Mean 95% ClI
number number number number
of days of days of days of days
2-3 109 99 -118] | 70 60-81] | 100 89- 110] | 82 72 - 91]
3-4 38 29 - 48] |52 43-61] |30 23- 37] |69 61 - 78]
4-5 207 195 219] | 234 222 246] | 226 215 237] | 198 186 209]

Table 6. Multi State Outcome Analysis of Treatment (MOAT).

Analysis of the mean number of days to transition from one stage to the next by treatment group. Time

in Stage 4 is prolonged on Riluzole at higher doses compared with placebo.
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3.4. Discussion
We have shown that treatment with Riluzole prolongs time in Stage 4 in ALS, and that this
result is robust to the method of analysis, and independent of the stage at which treatment is
started. This finding implies that the survival benefit of Riluzole is achieved by extending Stage

4, not by prolonging Stages 2 or 3, or generally slowing disease.

Until now, patients counselled about Riluzole have been told that it extends life, but not at
which point, since this was not clear from the original study. The original analysis of the dose-
ranging Riluzole trial showed no overall effect on function®, which led to the conundrum of
how to explain an improvement in survival without a concomitant effect on function. Our
finding that the extension of life is due to an extension of Stage 4 helps to resolve this, since
function at this stage is limited, and a flattening of the slope of functional decline would be
very hard to detect. This difficulty is compounded by the observation that the ALSFRS-R slope
change with time is curvilinear and therefore flatter at the beginning and end®3. Although the
benefit may not seem to be desirable on one level, since the prolongation of life is at a late
disease stage when disability is high, rather than an early stage, when the person with ALS is
functionally well, all our other current treatments that extend life act at the last stage of disease.
Non-invasive ventilation for example, has been shown to prolong life and improve quality®,
and is used at Stage 4. The take-up of non-invasive ventilation (N1V) is high among patients*®®,
suggesting that prolongation of life at later stages of disease is not undesirable in itself,
especially as Riluzole seems to be well tolerated in advanced ALS?, Similarly, gastrostomy
is used to support those with nutritional failure due to dysphagia, which improves quality of
life’®? and is also applied at Stage 4. A direct clinical implication of our findings is that patients
can be told that Riluzole extends the later stages of ALS, but it is important to note that it may

also extend Stage 1, since we have no information on this stage from the trial data.
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When Riluzole was first identified as a beneficial treatment for ALS, its use in various health
systems was controversial, because the survival benefit was seen as small, while the drug cost
was seen as high. A combination of health economics analysis and pressure from patient groups
led to its widespread adoption®, although in some countries approval was delayed'®3-1%, In the
UK, the National Institute for Health and Clinical Excellence (NICE) approved Riluzole for
the treatment of ALS following a detailed cost-benefit analysis that included the concept of
Quality Adjusted Life Years'%:167 Although our finding of a prolongation of Stage 4 might
affect such analyses, Riluzole is no longer on patent, and its cost is now small compared with

other treatments.

Despite increasing scientific effort to understand the mechanism of therapeutic benefit of
Riluzole, the mechanism of action remains unclear. Several hypotheses have been suggested
such as central anti-glutaminergic modulation of excitotoxic effect, mitochondrial dysfunction,
and peripheral axonal effects on persistent sodium channel function with potentiation of
calcium-dependent potassium currents. We have shown that 100 mg/day of Riluzole was
associated with longer survival in the last clinical stage of ALS before death (stage 4) compared
with placebo. These findings suggest that the disease-modulatory effects and survival benefits
of Riluzole occur in an advanced stage of disease. Furthermore, it has been suggested that
Riluzole treatment is most effective in individuals with ALS with impaired respiratory
function. Benefit was observed in individuals with reduced vital capacity, or in patients on non-
invasive positive pressure ventilation with reduced maximal inspiratory pressure, consistent
with our observation that Riluzole benefits people with stage 4 ALS. Previous work from our
lab has shown that feeding failure, defined as swallowing difficulty, resulting in 5 to 10%
premorbid weight loss is often coincident with clinically significant respiratory failure,4, 5 so

it would therefore be important to establish whether the beneficial metabolic effect targets
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weight loss, respiratory function, or both, given the coincidental timing of these. Future work
should include studying the characteristics of King’s stage 4, which is the defined by the need
for specific clinical intervention. The findings from the MIROCALS trial on the effect of
Riluzole on respiratory function, weight, blood biomarkers, and cerebrospinal fluid biomarkers

will be important in this regard.

A strength of this study is the use of clinical staging to analyse clinical trial data in a
neurodegenerative disease, allowing an examination of when any benefit occurs in a way that
is easily understood by clinicians and patients. Thus, as an outcome measure, clinical staging
has an important role to play in future trial design in ALS, and other neurodegenerative
diseases. In cancer, another group of diseases which if untreated lead to progressive disability
and death, trials routinely use staging to decide on the appropriate treatment and to assess
outcome'®®, A further benefit is that successful treatments can be shown to reverse the

progression through clinical stages.

There are several important weaknesses of this study. It is a post-hoc analysis, and as such
cannot be regarded as providing the same level of evidence as a pre-specified analysis, since
the study design did not take into account staging in the calculation of statistical power, or in
the assessment criteria. Furthermore, the criteria for Stage 4 mean that 153 (16%) of the 959
patients were in Stage 4 at enrolment. This would not usually be the case in a modern trial in
ALS. Clinical stage was estimated from trial data. We have previous experience in this process,
and have successfully applied an algorithm to the ALSFRS-R to derive clinical stage'®. In this
study, we could not use the ALSFRS-R because such a scale did not exist when the trial data
were collected. As a result, we had to generate a new algorithm to estimate clinical stage. There

is no way to validate this new algorithm, since one of the scales it uses, the Norris scale, is no



78

longer in use. To overcome this, we have applied the same logical process to the data that was
used to generate the ALSFRS-R algorithm for staging. Furthermore, adjusting the criteria
defining the clinical stages does not change the findings of the study, and using two entirely

different analytical approaches reached the same conclusions.

A further limitation of this study arises from the strict inclusion criteria of the original trial,
which was restricted to people with El Escorial probable or definite ALS!. This prevents our
study from analysing the treatment effects of Riluzole in Stage 1 of disease. However, some
studies have suggested that the effects of Riluzole may be transient!’®"* and support treatment
in early stages of ALS"*. To determine whether Riluzole extends Stage 1 will require a specific
trial to address this issue. Although it is ethically difficult to perform new studies exclusively
on Riluzole, studies of Riluzole embedded within other clinical trials have been completed, for
example in the study of Dexpramipexole in ALS (EMPOWER, NCT01281189)'2, or are
underway, for example in a study of low-dose interleukin 2 in ALS (MIROCALS,
NCT03039673)'"3. Such an approach could potentially address our findings within a
prospective study design, or retrospectively confirm these findings using similar techniques to

ours within existing data.

Riluzole is currently the only treatment shown to prolong life in ALS, or indeed in any
neurodegenerative disease. We have shown that it acts by prolonging Stage 4 ALS rather than
by slowing the entire disease course or prolonging early stages. Similar methods should be
employed in future clinical trials where survival is an endpoint, to show where benefit is

accrued, and to allow a full discussion of effects when counselling patients about treatment.
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3.5 Conclusions

In conclusion, we showed that Riluzole prolongs survival in the last clinical stage of ALS; this
finding needs to be confirmed in a prospective study, and treatment effects at stage 1 still need
to be analysed. The ALS stage at which benefit occurs is important for counselling of patients
before starting treatment. Staging should be used in future ALS clinical trials to assess the stage
at which survival benefit occurs, and a similar approach could be used for other

neurodegenerative diseases.
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Chapter 4. Developing bioinformatics pipelines for the analysis of
next-generation-sequencing data

4.1 DNAscan: a fast, computationally and memory efficient bioinformatics
pipeline for the analysis of DNA next-generation-sequencing data

4.1.1 Introduction

To understand the role of gene variation in disease progression, methods are needed to assay
that variation. This chapter describes an analysis method designed as a pipeline from raw data
to report, applied to researchers and then to patients and clinicians. Next generation sequencing
technologies (NGS) play a key role in human genetic research. The effort needed to sequence
a whole genome has reduced from about 15 years of work at a cost of $3 billion in 200374 to

hours for ~$1000 in 2011

Producing sequencing data, whether it is whole genome sequencing (WGS), whole exome
sequencing (WES) or targeted gene panels, is common practice for the study of genetic bases
of biological processes. In biomedical research, NGS data are widely used to investigate the
genetic causes of disease, allowing for the study of genomic variants including single

nucleotide variations, small insertions or deletions of a few bases, as well as structural variants.

On a large scale, international collaborations are forming sequencing consortia to study the
genetic landscape of thousands of individuals. Examples of such consortia are Project MinE 74
and The Cancer Genome Atlas!’®. Project MinE is an international consortium seeking to
obtain sequencing data from 15,000 Amyotrophic Lateral Sclerosis cases and 7,500 matched
controls. TCGA is a rich dataset of sequencing data of over 11,000 individuals affected by 33
different tumour types. On an individual scale, NGS data are also being investigated for their
use in diagnostic medicine and so called Precision Medicine’®"’, whose aim is to tailor

medical treatments to patient genetics.
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There are several practical challenges when processing NGS data. For example, 40x WGS data
for one sample produced on the Illumina Hiseq 2000, one of the most popular sequencers, is
about 400 gigabytes in its raw format (fastq format)®l. This size can be reduced to
approximately one fourth when the data is compressed down to about 100 gigabytes, using
lossless formats such as fastq.gz (gzip-compressed version of fastq) and bam?®. Such big files
are not easy to handle for the average non-specialised scientist or lab, since they require
sophisticated tools, bioinformatics skills and high-performance computing for their analysis.
Indeed, as an example, consider mapping one of these files, typically about 1 billion 150-base-
pair long reads, to the human genome, a key process in the analysis of WGS data. Assuming
that a standard midrange desktop computer with 4 cpus and 16 gigabytes of RAM is used with
The Burrow Wheeler Aligner (BWA)®3, probably the most widely used mapper, aligning this
data to the human reference genome would take about 1 day, and this would only be the first
step of an NGS data analysis pipeline. Faster mappers exist. For example SNAP®* would only
take about 4 hours to complete the same job, using the same number of cpus, but it requires
about 65Gb RAM, making it an unsuitable choice if large memory High-Performance-

Computing (HPC) facilities are not available.

For big collaborations and projects, collecting NGS data from thousands of individuals,
powerful and expensive HPC facilities, as well as highly specialised staff are needed. To handle
such data, the Project MinE consortium makes use of SURFsara, the Dutch national HPC
facility, and the TCGA invested millions of dollars in HPC infrastructures and e-infrastructures
(https://cancergenome.nih.gov) making use of, among others, Amazon Web Services (AWS)

and Seven Bridges (https://www.sevenbridges.com).

Further challenges are represented by the large number of bioinformatics tools available for
NGS analysis. Omictools!’®, a web database where most available tools are listed and reviewed,

lists over 7000 bioinformatics NGS tools, and given the great interest in this field, new tools
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are frequently released. Therefore, designing a bioinformatics pipeline for the analysis of NG S
data, taking into account both the available computing facilities and the study aim, is not trivial,

and requires specialised expertise.

Here we describe DNAscan, an extremely fast, accurate and computationally light
bioinformatics pipeline for the analysis, annotation and visualisation of DNA NGS data.
DNAscan is designed to provide a powerful and easy-to-use tool for applications in biomedical
research and diagnostic medicine, at minimal computational cost. DNAscan can analyse 40x
WGS data in 8 hours using 8 threads and 16 Gb of RAM and WES data in 1 hour using 4
threads and 10 Gb of RAM, enabling the processing of NGS data to be carried out on most
midrange computers and the minimisation of computational costs. The pipeline can detect
SNVs, small indels, SVs, repeat expansions and viral genetic material (or any other organism).
Its results are annotated using a variety of databases including ClinVar!’®, EXAC'° , dbSNP28!
and dobNSFP82 made available for a local deployment of the gene iobio platform for an on-
the-fly visualisation and user-friendly quality control (QC) reports are generated. DNAscan
also allows the user to restrict the analysis to any subregion of the human genome, including
the whole exome or a set of genes or gene panel, speeding up the processing time and
generating region specific reports. DNAscan is available on GitHub*® and Docker and
Singularity'® images are also available for fast and reliable deployment. The extent to which
this is my work is explicitly stated in the Appendix. I am the second author on two published

manuscripts describing the work in this chapter.

4.1.2 Motivation
The current genomics initiatives include a variety of projects ranging from large scale
international sequencing projects such as ProjectMinE and ADNI*®, collecting thousands of

whole-genome-sequencing samples, to medical studies designing gene panels for diagnostic



83

purposes. In this context, research and medical workers, with different scientific backgrounds
and levels of bioinformatics skills, deal with NGS data constantly. The pipeline requirements

were the following:

1) Speed: Some studies for which the pipeline is being used, require the analysis to be

concluded within working hours.

2) Usable on personal laptops and desktops: Even if most academic institutions have HPC
facilities available for their staff, this does not necessarily mean everything can be processed
on them. In many circumstances, many factors, e.g. the informatics skills of the research
workers, privacy and ownership policies, technical obstacles, etc., might make using local

machines necessary. This is common in a medical research environment.

3) Annotation and visualisation: For non-specialised users, e.g. physicians, wet lab biologists,
etc., an automatic annotation of the results and user-friendly interface for their visualisation

can be fundamental.

4) Screen for microbial presence: NGS data are widely used to investigate the role of microbes,
such as viruses and bacteria, in many diseases. Viral and bacterial metagenomics studies are

also common.

5) Specific known repeats: Many repeat expansions have a crucial role in the development of

several diseases. E.g. C9orf72 repeat'® in Amyotrophic Lateral Sclerosis (ALS).

6) Region restricted analysis: Use of shared datasets for heterogeneous research purposes often
focuses on subregions of the genome. E.g. screening NGS samples for particular variants or

over a disease specific panel of genes.
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7) Reproducibility and easy and fast deployment: The pipeline must be easily deployable and
its results and analyses reproducible on any machine. This is to favour both reproducibility of

our research and collaborations through the analysis pipeline sharing.

8) Easy to use: It must be suitable for a wide range of users with different level of informatics

expertise.

4.1.3 Methods

4.1.3.1 Hardware

The tests using four threads were performed on a single machine with 16GB RAM and an Intel
i7-670 processor. The tests using more than four threads were performed on a Dell PowerEdge

R630 server.

4.1.3.2 Performance profiling

Memory usage was recorded using the following command lines:

$ nohup bash -c 'while true; do (echo "%CPU %MEM ARGS $(date)" && ps -e -0

pcpu,pmem,args -- sort=pcpu | cut -d" " -f1-5 | tail) >> ps.log; sleep 5; done' &

Peak memory usage was parsed by:

$ cat ps.log | grep -e $proc_name -e ARGS | awk 'BEGIN{max=0} if (SUM>max)

max=SUM; if ($3=="ARGS") print SUM, SUM=0; else SUM+=$2}END{print max}'
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4.1.3.3 Variant calling assessment

To assess the performance of DANscan in calling SNVs and indels, we used the Illumina
Genome  Analyzer Il whole exome sequencing of NA12878 (ftp://ftp-
trace.ncbi.nih.gov/1000genomes/ftp/

technical/working/20101201_cg_NA12878/NA12878.ga2.exome.mag.raw.bam). [llumina

platinum calls (ftp://platgene_ro@ussd-ftp.lllumina.com/) were used as true positives.

GATK BPW calls were generated using default parameters and following the indications on
https:// software.broadinstitute.org/gatk/ (https://software.broadinstitute.org/gatk/best-
practices/ bp_3step.php?case=GermShortWGS) for germline snvs and indels calling. These
include the Pre- processing (https://software.broadinstitute.org/gatk/best-
practices/bp_3step.php? case=GermShortWGS&p=1) and variant discovery steps for single
sample, i.e. skipping the Merge and Join Genotype steps
(https://software.broadinstitute.org/gatk/best-practices/bp_3step.php?

case=GermShortWGS&p=2).

SpeedSeq calls were generated running the “align” and “var” commands as described on

Github (https://github.com/hall-lab/speedseq)

RTG Tools (“vcfeval” command) was used to evaluate the calls (https://github.com/

RealTimeGenomics/rtg-tools).

F-measure, Precision and Sensitivity were defined as in Equation 1.

T, T, +T,
T -IZ-JF ; Sensitivity = P ; Accuracy = P L

Equation 1: Precision =
» Y T, + F, T,+T,+F,+FE

Equation 1 Precision and Sensitivity
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C90rf72 repeat primed PCR

C9orf72 gene Hexanucleotide Expansions were determined using a Repeat Primed PCR (RP-

PCR), previously published by DeJesus-Hernandez et al. [58].

Simulated reads
150,000,000 HHlumina 100-bases-long paired-end human reads were generated using pIRS [59]

with default parameters and hg19.

Whole-Genome-Sequencing data of ALS patients

Venous blood was drawn from patients and controls from which genomic DNA was isolated
using standard methods. DNA concentrations set at 100ng/ul as measured by a fluorometer
with the PicoGreen® dsDNA quantitation assay. DNA integrity was assessed using gel
electrophoresis. All samples were sequenced using Illumina’s FastTrack services (San Diego,
CA, USA) on the Illumina Hiseq 2000 platform. Sequencing was 150bp paired-end performed
using PCR-free library preparation and yielded ~40x coverage across each sample.

Miseq ALS gene panel

The ALS gene panel was designed using Illumina TruSeq Custom Amplicon and implemented
on an lllumina Miseq platform. This utilises polymerase chain reaction amplicon-based target
enrichment and screens for variants in 10 ALS disease genes: BSCL2, CEP112, FUS, MATRS,
OPTN, SOD1, SPG11, TARDBP, UBQLN2, and VCP. For these genes full exon sequencing
was examined. These genes were selected based on their association with ALS, so that all the
chief causal genes were included as well as several risk factors and a selection of variants with
an uncertain relationship to ALS, either through a lack of evidence or through the gene more
commonly causing a related disease. This panel of genes were sequenced in a study was
initiated before the discovery of the ALS genes KIF5A, MOBP, C21orf2, CHCHD10, MATRS,

NEK1, TBK1 and TUB4A.
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Whole-Genome-Sequencing of HIV infected human cells

Genomic libraries were prepared using the TruSeq® DNA Sample Prep kit V2 (lllumina)
following the manufacturer’s instructions. Briefly, 1 ug of genomic DNA was sheared with the
Covaris 2 system (Covaris). The DNA fragments were then end-repaired, extended with an ‘A’
base on the 3’ end, ligated with indexed paired-end adaptors and PCR amplified. PCR
amplification was carried out as follows: initial denaturation at 98°C for 30 sec, followed by 8
cycles consisting of 98°C for 10 sec, 60°C for 30 sec and 72°C for 30 sec, then a final
elongation at 72°C for 5 min. Four different genomic libraries were pooled and sequenced in
one lane of an Illumina Hiseq 2000 sequencer using a 2 x 95bp paired end indexing protocol.
Demultiplexed fastq files were obtained for each sample using the Illumina CASAVAvV1.8.1
software. The complete high throughput sequencing dataset was downloaded from the

Sequence Read Archive (SRA) [60] under accession number SRA056122.

Viral database

In this paper DN Ascan makes use of the whole non-redundant NCBI database of complete viral
genomes (9334 genomes). These can be downloaded both as a multi sequence fast file, together
with its fai index and HISAT2 index from our GitHub repository (link) and directly from the

NCBI database ftp server (ftp.ncbi.nlm.nih.gov/refseg/release/viral)

DNAscan can also be used to screen for the DNA of other organisms including bacteria or
fungi in which case the user can download the preferred database from the NCBI ftp server or
from our GitHub where the corresponding index files can also be found (e.g.

ftp.ncbi.nim.nih.gov/refseq/ release/bacteria or ftp.ncbi.nim.nih.gov/refsea/release/)



ftp://ftp.ncbi.nlm.nih.gov/refseq/release/
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Software availability
DNAscan isavailable on GitHub (https://github.com/KHP-Informatics/DN Ascan). Docker and
Singularity images are also available for fast deployment and reproducibility (see instructions

on Github).

4.1.3.4 List of tools

- Genome Analysis Toolkit 3.8 - BWA 0.7.15
- Picard 2.2.1

- Samtools 1.5

-HISAT2 2.1.0

- Beftools 1.5

-RTG Tools 3.6.2

- Python 3.5

- MultiQC 1.2

- FastQC v0.11.7

-Docker 1.7.1

- Docker-compose 1.4.2

- Freebayes 1.0.2

- ExpansionHunter 2.0.9

- Manta 1.0.3

- Annovar "Version: $Date: 2016-02-01 00:11:18 -0800 (Mon, 1 Feb 2016)”

- Bedtools2 2.25
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4.1.4 Results

4.1.4.1 Pipeline description

Dr lacoangeli and I conceived and planned the study. Code writing was done by Dr
lacoangeli. All the data in this chapter was generated by me, and | contributed to the analysis,
and to the writing of the paper. | am second author on a paper in The BMC Bioinformatics

journal describing the work in this chapter.

DNAscan pipeline consists of four stages (Figure 15), Alignment, Analysis, Annotation and
Report generation, and can be run in three modes, Fast, Normal and Intensive, according to
user requirements. Fast mode minimises the RAM and time required while Normal and
Intensive modes improve the variant calling performance by performing an alignment and

small indel calling refinement stage respectively.

The user can tailor the DNAscan pipeline to their needs by performing any subset of the
available analyses or restricting them to a subregion of the human genome. e.g. if variants have
already been called (this is commonly the case when the sequencing is provided by companies
such as Illumina, Novagen, etc) and we are only interested in a particular set of genes, the
snv/indel calling steps would be skipped and DNAscan can be used to call SVs only and results
visualisation on that set of genes. DNAscan accepts genome regions both as a bed file or a list

of gene names. Optionally, the analysis can be restricted to the whole exome.
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DNAscan accepts sequencing data, and optionally variant files. The pipeline firstly performs
an alignment step (details in the left panel), followed by a customisable data analysis protocol
(details in the right panel). Finally, results are annotated and a user-friendly QC report is
generated. Right panel: detailed description of the post alignment analysis pipeline (intensive
mode). Aligned reads are used by the variant calling pipeline (Freebayes + GATK HC +
Bcftools), both aligned and unaligned reads are used by Manta and ExpensionHunter (for
which no repeat description files have to be provided) to look for structural variants. The
unaligned reads are mapped to a database of known viral genomes (NCBI database) to screen

for their DNA in the input sequencing data. Left panel: Alignment stage description. Raw reads
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are aligned with HISAT2. Resulting soft-clipped reads and unaligned reads are realigned with

BWA mem and then merged with the others using Samtools.

4.1.4.2 Alignment

DNAscan accepts sequencing data both in raw fastq (and its .gz compressed version) and as a
Sequence Alignment Map (SAM) file (and its compressed version BAM). HISAT2'#" and
BWA are used to map the reads to the reference genome (Figure 15, left panel). This step is
skipped if the user provides ready-aligned data in SAM or BAM formats. HISAT2 is a fast and
sensitive alignment program for mapping next-generation sequencing reads to a reference
genome. Based on an extension of BWT8 for graphs'®, HISAT2 implements a large set of
small graph FM indexes (GFM)*° that collectively cover the whole genome. These “local”
indexes, combined with several alignment strategies, enable rapid and accurate alignment of
sequencing reads. This new indexing scheme is called a Hierarchical Graph FM index
(HGFM). Thanks to this novel approach HISAT2 can guarantee a high performance,
comparable to state-of-the-art tools, in approximately one quarter of the time of BWA and

Bowtie21%L,

Variant calling pipelines based on HISAT2 generally perform poorly on indels®2. To address
this issue, DNAscan uses BWA to realign soft-clipped and unaligned reads. This alignment

refinement step is skipped if DNAscan is run in fast mode.

Samblaster'® is used to mark duplicates during the alignment step and Sambamba!®* to sort
the aligned reads. Both the variant callers, Freebayes'® and GATK Haplotype Caller (HC)%
used in the following step, are duplicate-aware, meaning that they automatically ignore reads

marked as duplicate. The user can optionally exclude it from the workflow. This might be
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necessary in some studies, e.g. when an intensive PCR amplification of small regions is

required.

4.1.4.3 Pipeline Analysis

Various analyses are performed on the mapped sequencing data (Figure 15, right panel): SNV
and small indel calling is performed using Freebayes, whose reliability is well reported®®7.1%8 |
However, taking advantage of the documented better performance of GATK HC in small indel
calling we decided to add a customised indel calling step to DNAscan, called Intensive mode.
This step firstly extracts the genome positions for which an insertion or a deletion is present on
at least one read, and secondly calls indels using GATK HC on these selected positions. The
reduced number of positions where this occurs allows for a targeted

use of GATK HC, limiting the required computational effort and time. Resulting SNV and
small indel calls are finally hard filtered with Bcftools®®.

Two Illumina developed tools, Manta®® and Expansion Hunter?® are used for detecting medium
and large structural variants (> 50bp) including insertions, deletions, translocations,
duplications and known repeat expansions. These tools are optimised for high speed and can
analyse a 40x WGS sample in about 30 minutes using 8 threads, maintaining a very high

performance.

DNAscan also has options to scan the sequencing data for microbial genetic material. It
performs a computational subtraction of human host sequences to identify sequences of
infectious agents including viruses, bacteria or fungi, by aligning the non-human or unaligned
reads to the whole NCBI database??12%2 of known viral, bacterial or any custom set of microbial
genomes and reporting the number of reads aligned to each non-human genome, its length and

the number of bases covered by at least one read.
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4.1.4.4 Annotation

Variant calls are then annotated using Annovar?®®, The annotation includes the use of databases
such as Clinvar'’®, Exac'®, dbSNP®! and doNSFP®2 (more information about how to
customise the annotation, e.g. by selecting alternative databases and/or focusing on specific

genome regions, are available on GitHub).

4.1.4.5 Report generation

Finally, a user friendly, readable and customisable report is generated. Bcftools, Samtools and
FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) are used to generate
statistics on the variants called by the pipeline, the quality of the sequencing data and its
alignment. MultiQC?% is used to wrap up these stats and make them available as html report.
A local deployment of a set of iobio services including the gene.iobio platform (gene.iobio.io)
are available for an on-the-fly visualisation of the result variant files (gene.iobio and vcf.iobio)

and sequencing data (bam.iobio®%®).

4.1.4.6 Pipeline (DNAscan) benchmarking

Benchmarking every DNAscan component is beyond the aim of my project since a range of
literature is available®8197.200.206  However, to our knowledge, none exists assessing HISAT?2
either for small DNA read mapping or as part of DNA variant calling pipelines. Inthe following
section, we both assess the performance of HISAT2 with BWA and Bowtie2 mapping 1.25
billion WGS reads sequenced with the Illumina Hiseq 2000 and 150 million simulated reads
(see Methods) and compare our SNV/indel calling pipeline in Fast, Normal and Intensive
modes with the Genome Analysis Toolkit best practices workflow and SpeedSeq?®” over the

whole exome sequencing of NA12878. Illumina platinum calls are used as true positives.
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We show how DNAscan represents a powerful tool for medical and scientific use by analysing
real DNA sequence data from two ALS patients and of HIV infected human cells. For the ALS
patients we use both a gene panel of 10 ALS-related genes, whose feasibility for diagnostic
medicine has been previously investigated’’, and their equivalent WGS data from the Project
MinE sequencing dataset. DNAscan is used to look for SNVs, small indels, SVs, and known
repeat expansions. The WGS of an HIV infected human cell sample?®® is used to test DNAscan

for virus detection.

4.1.4.7 The HISAT?2 aligner assessment

To assess the performance of the HISAT2 aligner we used two datasets: 1.25 billion WGS
reads of a human WGS DNA sample sequenced with an Illumina Hiseq 2000 (see Methods),
and 150 million simulated human reads (see Methods). In this assessment we took into
consideration the memory footprint (RAM), the time needed to complete the alignment,
percentage of reads mapped to the reference genome, and the percentage of uniquely mapped
reads and properly paired reads. The performance of HISAT2 was compared with the BWA
aligner (mem algorithm?®) and Bowtie2, which are two of the most widely used small reads

aligners. Table 7 shows the results from this test.

On this real dataset, HISAT?2 uses 4.2 gigabytes of RAM, slightly larger than Bowtie2 (3.8Gb
RAM), while BWA has the biggest memory usage (9.1Gb RAM). In terms of speed, HISAT2
completes the mapping in 4 hours while both the other aligners take about 4-5 times longer (19
hours 27 minutes for BWA and 17 hours 50 minutes for Bowtie2). In terms of percentage of
uniquely mapped reads, HISAT2 closely compares with BWA (86.17% and 86.80%

respectively) outperforming Bowtie2 (75.14%).
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On the simulated dataset, all aligners perform well, however HISAT2 is over 4 times faster

than the others, although uniquely aligning slightly fewer reads (97.75% versus BWA-MEM

100%). These results highlight how HISAT2 performs comparably to BWA and Bowtie2 while

keeping a low memory footprint (4.2Gb RAM) and the highest speed (over 4 times faster than

the other aligners on the real dataset). All tests were run using 4 threads on a machine with

16GB RAM and two Intel Xeon E5-2670 processors.

BOWTIE2 Simulated reads Real reads

HISAT2 BWA-MEM  |BOWTIE2 HISAT2 BWA-MEM  [BOWTIE2
Number of reads
(Millions) 150 150 150 1250 1250 1250
Time (minutes) |32 130 115 245 1167 1070
Memory
fingerprint
(Gigabytes) 4.2 6.6 3.8 4.2 9.1 3.8
Aligned reads
(%) 99.82 100 99.98 90.14 96.22 93.89
Uniquely aligned
reads (%) 97.7 100 99.98 86.17 86.80 75.14
Properly paired
reads (%) 99.46 100 52.48 85.61 95.60 62.55

Table 7. DNAscan Alignment assessment results.

HISAT2, BWA and Bowtie2 were tested on 150 million simulated Illumina paired end human reads
and 1.250 billion real Illumina paired end human reads. For the three aligners on the two dataset the
table shows the time taken, their memory fingerprint and the percentage of aligned-one-or-more-times
reads, aligned-only-once reads and properly pared. All tests were run using 4 threads.




96

4.1.4.8 Variant calling assessment

To assess the performance of the DNAscan variant calling pipeline with the GATK best
practice workflow (GATK BPW) and SpeedSeq, we used the exome of the well-studied
NA12878 sample and the Illumina platinum calls?'? as a gold standard (our set of true calls).
GATK BPW consists of using the BWA aligner, the removal of duplicates with Picard, a base
recalibration step and variant calling with GATK-HC. The SpeedSeq pipeline uses BWA for
alignment, Sambamba and Samblaster to sort reads and to remove duplicates, and Freebayes
for variant calling. Considering the overlap in the software used by DNAseq and SpeedSeq,
assessing their performance is therefore of interest. Figure 16 A shows the results from this test.
DNAscan in Fast mode performs comparably with both the GATK BPW and the SpeedSeq on
SNVs. Their F-measure (Fm), a harmonic mean of precision and sensitivity defined in equation
1 (see Methods), is 0.923, 0.911 and 0.928 respectively.

For indels, DNAscan in Fast mode performs poorly (Fm= 0.570). In Normal mode DNAscan
shows improvements, reaching an indel calling precision and sensitivity comparable to
SpeedSeq (Fm equal to 0.610 and 0.620 respectively). The better performance of the Normal
mode is driven by a major increase in sensitivity, which reaches 0.734 from 0.596. However,
GATK BPW outperforms SpeedSeq on indels (GATK BPW Fm = 0.815). DNAscan, in
Intensive mode, can perform comparably to GATK BPW also on indels with an Fm of 0.820.
Figure 16B shows a comparison of the time needed by the tested pipelines and their memory
usage. DNAscan in Fast mode completes the analysis in just 63 minutes while SpeedSeq takes
over twice the time (132 minutes) and GATK BPW 5 times longer (310 minutes). DNAscan in
both Normal and Intensive mode completes the analysis in a reasonable time (77 and 98
minutes respectively). In terms of memory, DNAscan uses as little as 10GB of RAM in Fast
mode, 12GB in Normal and Intensive mode, while GATK BPW 15GB and SpeedSeq over

25GB.
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4.1.4.9 ALS Miseq and Whole-Genome-Seq test cases

Using DNAscan in Fast mode, we analysed real DNA sequence data from two ALS patients
(case A and case B). Case A carries a non-synonymous mutation in the FUS gene®® variant
(NC_00001610:9.[31191418C>G\])%® known to be a cause of ALS (Clinvar id
RCV000017609.27,RCV000017611.25). Case B is a confirmed C9orf72 expansion carrier (see
Methods), this repeat expansion is known to be strongly associated with ALS. A panel of 10
ALS related genes was sequenced with the Illumina Miseq platform for both cases, while 40x
WGS data was generated with the Illumina Hiseq 2000 for case B only. The Miseq gene panel
was designed and tested for diagnostic purposes®® (see Methods). For these 10 genes (BSCL2,
CEP112, FUS, MATRS3, OPTN, SOD1, SPG11, TARDBP, UBQLN2, and VCP), the full exon
set was sequenced, generating over 825,000 222-base-long paired reads. The WGS sample
(paired reads, read length = 150, average coverage depth = 40) was sequenced as part of Project
MinE sequencing dataset. For both the samples, SNVs, indels, and SVs were called. For the
WGS sample, DNAscan also looked for the C9orf72 repeat.

For the WGS sample we ran DNAscan on the whole genome. However, both for practical
reasons and to simulate a specific medical diagnostic interest, we focus our analysis report on
the 126 ALS related genes reported on the ALSoD webserver?t

(http://alsod.iop.kcl.ac.uk/misc/dataDownload.aspx#C5).

Frontotemporal Dementia (FTD) is a neurodegenerative disease which causes neuronal loss
predominantly involving the frontal or temporal lobes. Considering its genetic and
electrophysiological overlap with ALS?12213 we report variants linked to FTD as well as to

ALS in the following results
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Table 8 shows the results from this analysis. For the Case A Miseq DNA gene panel, DNAscan
detected 13 SNVs reported to be related to amyotrophic lateral sclerosis and 4 to FTD on
Clinvar, 6 non-synonymous variants and 6 variants with a deleteriousness CADD phred
score?!* equal to or higher than 13, meaning that they are predicted to be in the top 5% most
deleterious substitutions. Finally, the known pathogenic FUS SNV rs121909670 was detected.
No SVs were found. The whole analysis was performed in ~30 minutes using 4 threads. Since
no ALS related repeat expansions are known in these genes, DNAscan was not used to look
for any repeat expansions in this analysis.

On the WGS data of Case B, for the selected 126 genes, DNAscan identified 33 SNVs reported
to be related to amyotrophic lateral sclerosis and 3 to frontotemporal dementia on ClinVar, 64
non- synonymous variants, 748 variants with a deleteriousness CADD phred score equal to or
higher than 13, one 60-base-pair long insertion, 3 over 100,000-base-pair long deletions and 1
tandem duplication. DNAscan was also able to detect the known C9orf72 expansion.

Table 8 also shows the WGS findings restricted to the same regions sequenced with Miseq
(table 8 - WGS panel genes column). Considering these results together with the intersection
between the WGS and Miseq results of the same ALS patient, thus case B (Miseq N WGS),
we can see how all the variants reported to be linked to ALS/FTD on ClinVar were also
detected in the WGS data and no novel variants, among the classes considered in table 8, were

spotted. The whole analysis was performed in 8 hours using 8 threads.

4.1.4.10 Virus scanning

We used DNAscan to detect the presence of viral genetic material in a whole genome
sequencing sample of HIV infected human cells (see Methods). The DNA sequencing data was
produced using the IHlumina Hiseq 2000 sequencer generating about 350 million 95-base-long

paired reads (see Methods). Following the well-established approach of computational
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subtraction of human host sequences to identify sequences of infectious agents like viruses, the
human reads (91%, Figure 17-a) were subtracted by mapping the sequencing data to the
reference human genome using HISAT2. To screen our sequencing sample for the presence of
known viral DNA, HISAT?2 was then used to map the unmapped reads from the initial mapping
phase of the pipeline (9%, Figure 17-a) to all the viral genomes available on the NCBI virus

database.

Figure 18a shows in descending order, the 20 viral genomes to which the highest number of
reads were mapped. They show both the presence of HIV DNA and bacterial DNA in our
sample. Indeed, 4,412,255 reads mapped to the human immunodeficiency virus (NCBI id
NC_001802.1) and only the Escherichia virus phiX174 (NCBI id NC_001422.1), a bacterial
virus, presented a comparable number of reads (4,834,017 reads). This phage is commonly

found in Illumina sequencing protocols?!4,

Figure 18b shows a logarithmic representation of the number of reads aligned to the viral
genomes, highlighting a smaller (3-4 orders of magnitude) number of reads belonging to other
viruses. The disproportion between the presence of the first two hits (phiX174 and HIV) and
the rest of the viruses is also shown in Figure 18b. Discussing this heterogeneous viral genetic
material in this sample is beyond the aim of this article. The complete results with the list of
the whole set of viruses (120 viruses) for which at least one read was aligned can be found on
Github (https://alfredokcl.github.io/sample_report/Virus_test.pdf). The whole screening was

performed by DNAscan using 4 threads in ~2 hours

4.1.4.11 Reports and visualisation utilities
DNAscan produces a wide set of QC and result reports and provides utilities for visualisation

and interpretation of the results. MultiQC is used to wrap up and visualise QC results of the
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sequencing data (FastQC), its alignment (Samtools) and variant calls (Bcftools). An example
is available at the following link:

https://alfredokcl.github.io/sample_report/multigc_report.html

A tab delimited file including all variants found within a selected region is also generated. This
report would include all annotations performed by Annovar in a format that is easy to handle
with any Excel-like software by users of all levels of expertise. An example is available at the
following link: https://alfredokcl.github.io/sample_report/sample_variant_report.txt

Three iobio services are locally provided with the pipeline allowing for the visualisation of the
alignment file (bam.iobio?%®), the called variants (vcf.iobio) and for a gene based visualisation
and interpretation of the results (gene.iobio)

These utilities are also available for evaluation at the following links: http://bam.iobio.io
http://vcf.iobio.io

http://gene.iobio.io

Various analyses are performed on the mapped sequencing data (Figure 15, right panel): snv
and small indel calling is performed using Freebayes, whose reliability is well reported®200
However, taking advantage of the documented better performance of GATK HC in small indel
calling we decided to add a customised indel calling step to DNAscan, called intensive mode.
This step firstly extracts the genome positions for which an insertion or a deletion is present on
at least one read, and secondly calls indels using GATK HC on these selected positions. The
reduced number of positions where this occurs allows for a targeted use of GATK HC, limiting
the required computational effort and time. Resulting SNV and small indel calls are finally

hard filtered with Bcftools (see methods).
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Two Illumina developed tools, Manta and Expansion Hunter are used for detecting medium
and large structural variants (> 50bp) including insertions, deletions, translocations,
duplications and known repeat expansions. These tools are optimised for high speed and can
analyse a 40x WGS sample in about 30 minutes using 8 threads, maintaining a very high

performance.

DNAscan also has options to scan the sequencing data for microbial genetic material. It
performs a computational subtraction of human host sequences to identify sequences of
infectious agents including viruses, bacteria or fungi, by aligning the non-human or unaligned
reads to the whole NCBI database?®* of known viral, bacterial or any custom set of microbial
genomes and reporting the number of reads aligned to each non-human genome, its length and

the number of bases covered by at least one read.
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DNAscan Variant calling assessment.

Graph A shows the precision, sensitivity and F-measure of DNAscan in fast, normal and intensive
mode, SpeedSeq and GATK best practice workflow (BPW) in calling SNVs and small indels over the
whole exome sequencing of NA12878. Illumina platinum calls were used as true positives. The first
three columns show the results for SNVs and the last three columns for indels. Graph B shows the time

needed and the memory fingerprint for the same pipelines.
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MISEQ Miseq WGS
N
Case A Case B WGS gene | ALS
ane enes
Case B . :
Case B Case B
Analysis time
(minutes) 30 30 460
Data size (MBs) 40 40 70000
N. of ALS-related
variants 13 11 11 11 33
N. of FD-related
variants 4 1 1 1 3
N. of non-synonymous
variants 6 7 3 3 64
N. of variants with
CADD>13 6 9 4 4 748
N. long insertions 0 0 0 0 1
N. long deletions 0 0 0 0 3
N. Duplications 0 0 0 0 1
N. Inversions 0 0 0 0 0
C9orf72 expansion --- --- --- Yes
rs121909670 Yes

Table 8. WGS panel genes column.

Table 8 shows the WGS findings restricted to the same regions sequenced with Miseq (table 8 - WGS
panel genes column). Considering these results together with the intersection between the WGS and
Miseq results of the same ALS patient, thus case B (Miseq N WGS), we can see how all the variants
reported to be linked to ALS/FD on ClinVar were also detected in the WGS data and no novel variants,
among the classes considered in table 8, were spotted. The whole analysis from fastq to annotated vcf
file and human readable summary results was performed in 8 hours using 8 threads.
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Figure 17. Comparison of Human and Virus reads captured by DNAscan.

Pie chart shows the proportion of human reads (blue), viral reads (red) and unknown reads (yellow).
Pie chart b shows the proportion for viral reads belonging to HIV (blue), PhiX174 (red) and to other
viruses (yellow). Human reads are defined as reads which aligned to the human reference genome, viral
reads as the reads which did not align to the human reference genome but aligned to at least one of the
NCBI viral genomes and unknown reads as the reads which did not align neither to the human nor to
any viral reference genomes.
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4.1.5 Discussion

DNAscan is an extremely fast and computationally efficient pipeline for the analysis,
annotation and visualisation of NGS DNA sequencing data. DNAscan can analyse 40x WGS
data in 8 hours and WES data in one hour on a mid-range commercial computer. DNAscan

also provides utilities to favour a user friendly visualisation and interpretation of its outcomes.

After the assessment showing a positive outcome of HISAT2 versus BWA and Bowtie2, we
showed the performance of DNAscan is comparable to the widely used GATK BPW. Its three
running modes (fast, normal and intensive) allow the user to tailor the pipeline to their needs,

while reducing the time and RAM needed compared to the current GATK BPW and SpeedSeq.

| also reported a few use cases such as the analysis of Miseq and WGS data of an ALS case for
diagnostic purposes and the virus screening of HIV infected human cells. In the ALS test |
showed how with both technologies DNAscan detected a range of reported ALS related
variants in a reasonable time (half an hour for the Miseq panel and 8 hours for the WGS)
reporting the presence of both the C9orf72 expansion and rs121909670. In the HIV test,
DNAscan detected the expected viral presence by finding both the HIV virus and a phage such
as PhiX174 commonly present in HHlumina NGS DNA data. It is important to highlight that
contamination and unknown sequence reads can come from multiple sources including but not
limited to sequencing controls such as PhiX, cloning vectors, adapters, PCR primers, nucleic
acid impurities present in reagents required for sample isolation and preparation, sequencing

artifacts and human error?25,

Other DNA NGS data analysis pipelines exist. Omictools currently lists 101 such tools. Most
of which do not cover the whole data analysis, annotation and visualisation process and are

computationally more intensive. Among these SpeedSeq and GATK BPW are two of the most
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popular ones. SpeedSeq is a framework for fast genome analysis and interpretation. Analysing
a 40x WGS sample with SpeedSeq would take 10 hours on a machine with 32 CPU and 126G
of RAM. GATK BPW is a pipeline designed and developed by the Broad institute
(https://www.broadinstitute.org) which aims to provide the community with best practice
standard pipelines and software for the analysis of NGS data. At present it can be used for SNV
and small indel calling and analysing a WGS sample with the GATK BPW would take about
24 hours on a machine with 32 CPU and 126G of RAM. Compared to these pipelines, DNAscan
requires a substantially lower computational effort, provides user friendly utilities for the
visualisation and interpretation of results and allows the user to screen the NGS data for
microbial genetic material and detect known repeat expansions. Taking into consideration the
well reported involvement of microbes and the role of repeat expansions in several diseases of

genetic interest?*>216, we believe both these analyses to be valuable research tools.

Cloud computing and storage services offer practically unlimited computational power and
storage. However, this has a cost and its optimisation, in particular for large scale sequencing
projects, is not of secondary importance. Amazon Web Services (AWS) is one of the most
popular cloud computing services. Performing the alignment, variant calling and annotation
using DNAscan fast mode on an EC2 instance (https://aws.amazon.com/ec2/pricing/on-
demand/) would cost about $2.96 (8 hours of usage of a t2.2xlarge machine with 8 cpus). The
same analysis using SpeedSeq would cost about $22.28 (10 hours of usage of a ¢3.8xlarge
machine with 32 cpus). These prices do not take into account the storage, were updated on 28th
of January 2017 and take into consideration the cheapest machines available in the US East
(Ohio) region matching the pipeline computational requirements (8 cpus and 16Gb of RAM

for DNAscan and 32 cpus and 128Gb of RAM for SpeedSeq?®’.



108

DNAscan is also available as a docker and a singularity image. These allow the user to deploy
quickly and reliably the pipeline on any machine where either of these softwares is available.
Singularity also allows for the deployment of the pipeline on environments for which the user
does not have root permission. This could be particularly useful for users working on shared

HPC facilities.

4.1.6 Conclusions

DNAscan is a novel and promising pipeline which can be used for genetic research as well as
medical research. It is suitable for both small and large-scale analysis. Covering the whole end-
to-end analysis process, from sequencing data in fastq format to the results visualisation,
generating user friendly reports and providing result navigation utilities. DNAscan aims to be
suitable for a wide audience of users, ranging from research and medical workers with basic

command line usage knowledge to expert bioinformaticians.
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4.2 ALSgeneScanner: a pipeline for the analysis and interpretation of DNA
NGS data of ALS patients

4.2.1 Introduction

Many gene variants have been identified that drive the degeneration of motor neurons in ALS,
increase susceptibility to the disease or influence the rate of progression®. The ALSoD
webserver®® lists more than 120 genes and loci which have been associated with ALS, although
only a subset of these have been convincingly shown to be ALS-associated®, demonstrating
one of the challenges of dealing with genetic data—interpretation of findings. Next-generation
sequencing provides the ability to sequence extended genomic regions or a whole-genome
relatively cheaply and rapidly, making it a powerful technique to uncover the genetic
architecture of ALS®®. However, there remain significant challenges, including interpreting and
prioritizing the found variants and setting up the appropriate analysis pipeline to cover the
necessary spectrum of genetic factors, which includes expansions, repeats, insertions/deletions
(indels), structural variants and point mutations. For those outside the immediate field of ALS
genetics, a group that includes researchers, hospital staff, general practitioners, and
increasingly, patients who have paid to have their genome sequenced privately, the

interpretation of findings is particularly challenging.

The problem is exemplified by records of SOD1 gene variants in ALS. More than 180 ALS-
associated variants have been reported in SOD1%. In most cases, the basis of stating the variant
is related to ALS is simply that it is rare and found in SOD1. Neither of these conditions is
sufficient for such a statement to be made. The p.D91A variant, for example, reaches
polymorphic frequency in parts of Scandinavia, and yet has been convincingly shown to be
causative of ALS. A few variants have been modelled in transgenic mice, shown to segregate

with disease or have other strong evidence to support their involvement®27 but most do not
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have such support. Rare variation can be expected to occur by chance, and its existence in a
gene is not evidence of relationship to a disease, making interpretation of sequencing findings
difficult. Although varioustoolsare available to predict the pathogenicity of a protein-changing

variant, they do not always agree, further compounding the problem.

We therefore developed ALSgeneScanner, an ALS-specific framework for the automated
analysis and interpretation of DNA sequencing data. The tool is specifically targeted for use

by people with knowledge outside genetics.

4.2.2 Methods

4.2.2.1 Gene and loci prioritization

ALSgeneScanner groups genes and loci associated with ALS into three classes: i) genes for
which a manual scientific literature review identified a strong and significant association with
the disease or influence on the phenotype in ALS (see Table 1), ii) genes in which variants of
clinical significance have been reported on ClinVar” and for which no contradictory
interpretation is present, and iii) genes for which any association evidence has been submitted
to ALSoD?'8, The union of these three sets (available on Github) of genes is used to restrict the

genome analysis. However, ALSgeneScanner allows the user to use a custom list of genes.

4.2.2.2 Variant prioritization

The pathogenicity prediction programmes, SIFT, Polyphen2 HDIV, Polyphen2 HVAR, LRT,
MutationTaster, MutationAssessor, Fathmm, PROVEAN, Fathmm-MKL coding, MetaSVM
and CADD are used to prioritize variants. A variant is scored X where X is equal to the number
of tools which predict it to be pathogenic. A higher priority is given to variants which are

reported to be “likely pathogenic” or “pathogenic” on ClinVar. For each tool we used the
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authors’ recommendations for the categorical interpretation of the variants. For each variant,
the score ranges between 0 and 11 according to the number of computational tools (11 in total)

that predict it to be pathogenic.

4.2.2.3 Whole-genome sequencing

The whole-genome sequencing (WGS) sample used to assess the computational performance
of ALSgeneScanner was sequenced as part of Project MinE. Venous blood was drawn from
patients and controls and genomic DNA was isolated using standard methods. DNA integrity
was assessed using gel electrophoresis. All samples were sequenced using Illumina’s FastTrack
services (San Diego, CA, USA) on the Illumina Hiseq X platform. Sequencing was 150bp
paired-end performed using PCR-free library preparation and yielded ~40x coverage across

each sample.

4.2.2.4 Whole-exome sequencing
To assess the computational performance of ALSgeneScanner we also used the Illumina
Genome Analyzer Il whole exome sequencing of NA12878 (ftp://ftp-

trace.nchi.nih.gov/1000genomes/ftp/technical/working/20101201 cg NA12878/NA12878.0a

2.exome.madg.raw.bam)

4.2.2.5 VariBench and ClinVar datasets

To assess our variant prioritization approach, we used a set of non-synonymous variants from
the VariBench dataset for which the effect is known, and all ALS-associated non-
synonymous variants stored in ClinVar (71 benign and 121 pathogenic). The VariBench
variants are not ALS genes specifically, but because they are all annotated depending on
whether or not they are deleterious, the general principles of the method could be tested. The

dataset includes VariBench protein tolerance dataset 1


ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/technical/working/20101201_cg_NA12878/NA12878.ga2.exome.maq.raw.bam
ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/technical/working/20101201_cg_NA12878/NA12878.ga2.exome.maq.raw.bam
ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/technical/working/20101201_cg_NA12878/NA12878.ga2.exome.maq.raw.bam
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(http://structure.bmc.lu.se/VariBench/tolerance datasetl.php) comprising 23,683 human non

synonymous coding neutral SNPs and 19,335 pathogenic missense mutations [18].

4.2.2.6 Evaluation of performance
Receiver Operating Characteristic (ROC) curves and their corresponding area under the curve
statistic (AUC) were calculated using easyROC?%°. Accuracy, Precision and Sensitivity are

defined as in Equation 1 where T, is true positives, F, false positives, F, false negatives and T,,

true negatives.

T, +T,
T,+T,+F,+F,

o T,
; Sensitivity =
T,+ F

p p p n

Equation 1: Precision = T ; Accuracy =

4.2.2.7 Hardware
All tests were performed on a single, mid-range, commercial computer with 16GB RAM and

an Intel i7-670 processor.

4.2.2.8 Output
Resulting variants are reported in a tab delimited format to favour practical use of worksheet

software such as iWork Number, Microsoft Excel or Google Spreadsheets.

4.2.3.9 Software

ALSgeneScanner is available on GitHub (https://github.com/KHP-Informatics/DNAscan).

The repository provides detailed instructions for tool usage and installation. A bash script for
an automated installation of the required dependencies is also provided as well as Docker??°

and Singularity'®* images for a fast and reliable deployment. A Google spreadsheet with the


http://structure.bmc.lu.se/VariBench/tolerance_dataset1.php
https://github.com/KHP-Informatics/DNAscan
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complete list of genes and loci used by ALSgeneScanner is publicly available to visualize and

comment (see Github repository).

4.2.3 Results

Dr lacoangeli and | conceived planned the study. Code writing was done by Dr lacoangeli.
All the data in this chapter was generated by me, and | contributed to the analysis, and to the
writing of the paper. | am second author on a paper in The Amyotrophic Lateral Sclerosis &

Frontotemporal Degeneration journal describing the work in this chapter.

Manual literature review identified 36 genes and 2 loci (Table 9) with strong and reproducible
supporting evidence of association with ALS or influence on phenotype. ClinVar reported
SNVs and small indels in 44 genes and 7 structural variants ranging in size from 3 to 50 million
base pairs. ALSoD reported variants in 126 genes and loci. The union of these sets of genes
contained 150 genes and loci. The Venn diagram in Figure 20 shows the overlap between the
three sets.

Using a midrange commercial computer (4 CPUs and 16 gigabytes of RAM), (Figure 21)
ALSgeneScanner could analyse 40x WGS data of one individual in about 7 hours using 12.8
Gb of RAM, and whole-exome sequencing data in 1 hour and 20 minutes using 8.5 Gb of

RAM.

We tested the computational score that the tool used to rank variants on two datasets. The
VariBench dataset which includes ~40,000 variants of known effect (pathogenic and benign),
and on the ALS associated ClinVar entries. Figure 22 shows the results on the two datasets and

Table 2 precision, sensitivity and accuracy of the method in function of the chosen threshold.
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The ROC curve for the VariBench dataset (Figure 22, AUC = 0.90) suggests a cut-off equal to
9 which maximises the accuracy (0.827) however, a lower or higher cut-off can be chosen to
reach a better precision or sensitivity according to the user’s needs. For example, for
diagnostics a higher sensitivity is generally required and a cut-off equal to 5 would increase
the sensitivity to 0.90 (Table 10). The ROC curve for the ClinVar variants suggests a cut-off
equal to 7. Comparing to the VariBench variants, ClinVar ALS variants are more difficult to
assess. The AUC for such variants is 0.82 (Figure 22) and the accuracy for the ideal cut-off is
0.75 (Table 10). This performance drop can be explained by the following factors: first the
uncertainty in the ClinVar entries. ClinVar provides the community with an infrastructure to
allow researchers to store their clinical observations, but the quality checks are very limited
and the only filter we have adopted in this study to select the variants was the absence of
contradictory entries. The second is the difficulty that available computational tools have in
assessing the effect of ALS related variants®1%, in part because the mechanism of ALS is
unknown, and in part because at least some of the variants result in a toxic gain of function that

is difficult to understand or model.
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Gene Associated ND Key Reference
ANG ALS/PD 10.1038/srep41996.
ANXA11 ALS 10.1126/scitranslmed.aad9157
APOE Longer survival 10.1212/WNL.58.7.1112
ATXN2 ALS 10.1038/nature09320
CAMTAL Shorter survival 10.1001/jamaneurol.2016.1114
C2lorf2 ALS 10.1038/ng.3622
C9orf72 FTD/ALS Primarily bulbar onset  10.1016/j.neuron.2011.09.011.
CCNF FTD/ALS 10.1038/ncomms11253
CHCHD10 FTD/ALS 10.1093/brain/awu138
DAO ALS 10.1073/pnas.0914128107
DCTN1 ALS 10.1212/01.WNL.0000134608.83927
B
EPHA4 Longer survival 10.1038/nm.2901
FIG4 ALS 10.1038/ejhg.2016.186
FUS FTD/ALS Early age of onset and 10.1126/science.1165942
shorter survival
HNRNPA1 ALS 10.1038/nature11922
IDE Shorter survival 10.1001/jamaneurol.2016.1114
MATR3 ALS 10.1038/nn.3688
MOBP ALS 10.1038/ng.3622
NEK1 ALS 10.1038/ng.3626
OPTN ALS 10.1126/science.aaa3650
PFN1 ALS Limb onset 10.1038/nature11280
PGRN FTD/ALS 10.1126/science.1077209
SARM1 ALS 10.1038/ng.3622
SCFD1 ALS 10.1038/ng.3622
SOD1 ALS Limb onset, early age 10.1038/362059a0
of onset and shorter
survival
SPG11 ALS 10.1126/science.aaa3650
SQSTM1 FTD/ALS 10.1001/archneurol.2011.250
SETX ALS 10.1086/421054
TAF15 ALS 10.1073/pnas.1109434108
TARDBP FTD/ALS 10.1126/science.1154584
TBK1 ALS 10.1038/ng.3622
TUBA4A FTD/ALS 10.1016/j.neuron.2014.09.027
UBQLN2 FTD/ALS 10.1038/nature10353
UNC13A ALS Shorter survival 10.1038/ng.3622
VAPB ALS 10.1086/425287
VCP FTD/ALS 10.1016/j.neuron.2010.11.036
8p23.2 ALS 10.1038/ng.3622

1p34- rs3011225

Late age of onset

Table 9. List of ALS genes identified by literature review

10.1016/j.neurobiolaging.2012.07.01
7



VariBench variants

ClinVar ALS variants

Score

10

11

Precision

0.430

0.507

0.549

0.580

0.618

0.653

0.692

0.736

0.783

0.845

0.919

0.954

Sensitivity ~ Accuracy

1

0.990

0.978

0.950

0.928

0.900

0.875

0.841

0.796

0.731

0.635

0.436

0.430

0.581

0.644

0.682

0.721

0.751

0.779

0.801

0.817

0.827

0.819

0.748

Precision

0.612

0.659

0.707

0.745

0.754

0.798

0.832

0.863

0.911

0.926

0.931

0.925

Table 10. ALSgeneScanner variant prioritization performance

Sensitivity ~ Accuracy

1

0.957

0.949

0.949

0.889

0.812

0.761

0.701

0.615

0.538

0.462

0.316

0.613

0.670

0.728

0.770

0.754

0.759

0.759

0.749

0.728

0.691

0.649

0.565
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4.2.4 Discussion

We have developed ALSgeneScanner, a fast, efficient and complete pipeline for the analysis
and interpretation of DNA sequencing data in ALS, targeted for use by non-geneticists. The
method is able to distinguish pathogenic from non-pathogenic variants with 83% accuracy and
reports findings in a simple format, able to be exported for further analysis. With the decreasing
costs and increasing availability of next generation sequencing, health care professionals and
motivated patients are progressively more likely to have whole genome sequence data
available, without the tools to interpret findings. An automated system to provide a meaningful
report therefore has a potentially important part to play in giving patients ownership of their

data and arming them with the knowledge to understand it.

Omictools'’®, a web database where available bioinformatics tools are listed and reviewed, lists
over 7000 such tools for next generation sequencing, including more than 100 pipelines; given
the great interest in this field, new tools are frequently released. As a result, designing a
bioinformatics pipeline for the analysis of next generation sequencing data, keeping the system
simple to use on a standard computer and translating the output into a format that is easily
understood, is not trivial, and requires specialised expertise. The computational effort and the
informatics skills required to use typical pipelines can dramatically limit the use of next
generation sequencing data. Adequate high-performance computing facilities and staff
specialised in informatics are not always present in medical and research centres. Furthermore,
the use of cloud computing facilities, which could theoretically provide unlimited resources, is
not always possible due to privacy and ownership issues, cost and the expertise required for
their use. To this end, ALSgeneScanner is computationally light as it can run on a midrange
commercial computer, is easy to use since it performs sophisticated analyses using few

command lines and is comprehensive, including the necessary analyses to identify all known
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ALS associated genetic factors. Finally, a tab-delimited output, in which the analysis results
are enriched with information from several widely used databases such as ClinVar and ALSoD,
as well as information from our manual literature review, and the graphical visualization
utilities integrated in the pipeline as part of DNAscan, favour an easily accessible interpretation

of the results.

Our table of sensitivity, specificity and accuracy (Table 10) means that the appropriate cut-off
can be used to interrogate data, depending on whether the aim is the exclusion of potentially

harmful variants, or the detection of definitely harmful variants.

4.2.5 Conclusion
ALSgeneScanner puts a powerful bioinformatics tool, able to exploit the potentialities of next

generation sequencing data in the hands of patients, ALS researchers and clinicians.
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Figure 19. ALSgeneScanner pipeline main steps. From sequencing data in fastq format to the report
generation of the results.
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Manual Review

11
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ClinVar
ALSoD
86 10

Figure 20. Number of ALS selected genes used in ALSgeneScanner. Venn diagram of the ALS related
genes that we selected in our literature review, found in the ALSoD webserver and in the ClinVar

database.
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Figure 21. Computational performance of the ALSgeneScanner pipeline.

Computational performance of the ALSgeneScanner pipeline to process whole genome sequence and
whole exome sequence data from fastq file to the generation of the final result report.
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Figure 22. Comparison of performance of ALSgeneScanner in VariBench and ClinVar datasets.

ROC curve of the performance of ALSgeneScanner in VariBench and ClinVar datasets.
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Chapter 5. Telomere length analysis in ALS

5.1 Next Generation Sequence Analysis of Telomere length in ALS

5.1.1 Introduction

Although the heritability of ALS is about 60%?®, the heritability explained by common gene
variants is only about 11% *?° suggesting that other forms of genetic variation play an important
role. Such variants may also play a part in controlling disease progression, but are not well

studied. One such sequence variation is the telomere.

Telomeres are repeated DNA sequences located at the ends of chromosomes and exist to
maintain DNA integrity during cellular replication; chromosome ends tend to shorten with
replication, and the repeat region protects against the loss of important gene sequences because
loss of repeats can be tolerated??*. As such, telomeres shorten naturally with age as repeats are
lost during replication cycles??2. Natural variation in telomere length exists in the population,
with women on average having longer telomeres than men?23; shorter telomeres are associated

with an increased risk of cancer??4,

A major risk factor for ALS is age®, and ALS is also more common in men than women?04,
Furthermore, there are some similarities between ALS and cancer, such as evidence for a
multistep process in pathogenesisi®>49, All these factors are related to telomere length. We
therefore investigated telomere length in ALS. The extent of my contribution to the work in
this chapter is explicitly described in the Appendix. | am first author of a paper describing this

work.
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5.1.2 Methods
5.1.2.1 Whole-genome sequencing
Samples were from multiple centres across the UK contributing to the international Project

MinE whole genome sequencing initiative’.

DNA was isolated from venous blood using standard methods. The DNA concentrations were
set at 100ng/ul as measured by a fluorometer with the PicoGreen® dsDNA quantitation assay.
DNA integrity was assessed using gel electrophoresis. All samples were sequenced using
Illumina’s FastTrack services (San Diego, CA, USA) on the lllumina Hiseq 2000 platform??°,
Sequencing was 100bp paired-end performed using PCR-free library preparations and yielded
~40x coverage across each sample. Binary sequence alignment/map formats (BAM) were

generated for each individual.

5.1.2.2 Determination of Telomere Length
TelSeq??® was used to quantify telomere length using data from whole genome sequences.
Telomere lengths were estimated from reads, defined as repeats of more than seven TTAGGG

motifs.

5.1.2.3 Assessment of nine loci affecting mean telomere length and their association with ALS
We selected nine SNPs, reported in multiple genome-wide association studies (GWAS) as
associated with mean telomere length in European-derived populations??’-2%, The selected
SNPs were rs6772228-PXK?%7, rs9419958-OBFC12%°, rs9420907-OBFC1%%8, rs4387287-
OBFC12%, rs3027234-CTC12%, rs8105767-ZNF2082%8, rs412658-ZNF6762%°, rs6028466-

DHX35%%°, and rs755017-ZBTB462%,
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5.1.2.4 Statistical Analysis
The effects of telomere length on ALS were tested using a generalised linear regression model,
which included total telomere length, age and sex to predict disease affected status. To assess

the model, Pearson’s chi-squared test was used.

Because telomere length correlates with age, we performed an additional test to examine the
possibility that survival bias could affect the results. To do this, we also performed the analysis
restricted to the subgroup of people with ALS onset below the median cohort age (62 years).
Although such an analysis would halve our sample and therefore greatly reduce statistical

power, the direction of effect should be observable.

To evaluate SNP effects on telomere length we calculated Nagelkerke's R? from the results of
a generalised linear model using the value of telomere length, age, gender, and nine SNPs

selected for having been previously shown to associate with telomere length.

To assess the effect of covariates on telomere length affecting survival, we used Cox

regression, controlling for age, gender and site of disease onset (bulbar or spinal).

To assess the association of genes with ALS we used the SNP-set Sequence Kernel Association
Test (SKAT)L, which is a test for association between a set of rare and common variants and

continuous/dichotomous phenotypes using kernel machine methods.

Statistical tests were performed using IBM SPSS Statistics 24.0 (SPSS Inc., Illinois) ¢,
RStudio 1.0.143 (RStudio Inc., Boston), R Foundation for Statistical Computing 3.4.1 (R Core

Team, V)%
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5.1.2.5 Ethical approval
Informed consent was obtained from all volunteers included in this project. Generation of

whole genome sequences was approved by the Trent Research Ethics Committee 08/H0405/60

5.1.3 Results
| conceived the study, planned the work, collected the data, performed the analyses, and wrote
the paper. 1 am a first author on a paper in The Amyotrophic Lateral Sclerosis &

Frontotemporal Degeneration journal describing the work in this chapter

There were 1241 people with apparently sporadic ALS and 335 controls. The median age for

people with ALS was 62.5 years and for controls, 60.1 years, with a male-female ratio of 62:38

Table 11.
ALS Controls
Total n 1241 335
Male:Female ratio 766:475 (62% male) | 124:211 (37% male)
Mean age 62.9 (SD 11.08) 60.1 (SD 11.47)

Table 11. Demographics of the UK sample.

The mean telomere length in people with ALS was 3.95kb, and in controls, 3.80kb, not taking
into account gender or age (Figure 23). Generalized linear regression accounting for these
covariates showed a mean 9% (95% CI 3%, 15%) increase of telomere length in people with
ALS compared to age and gender-matched controls (p = 0.008). Covariate analysis showed
that females (p = 0.03) and younger people (p = 2 x 10%6) had on average longer telomeres
(Table 12), confirming the results of earlier studies that telomere length reduces with age and

females have on average longer telomeres.
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Estimate | SE of estimate p-value
Age (per year) -1% 0.1% 2x 1016
Gender (Male vs Female) | -5% 2% 0.03
Case-Control status | -9% 3% 0.008
(Controls vs Cases)

Table 12. Telomere length comparison between people with ALS and healthy controls using a
generalized linear model.
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Figure 23.Plotting general linear model covariates in telomere length analysis.

A- Estimate of average telomere length plotted against age in years. B- Telomere length plotted using

gender. C- Comparison between telomere length between ALS and controls. All average length
estimates in kilobases.

There was no association between telomere length and site of disease onset (p = 0.7), or with

C9orf72 expansion status (p = 0.24). In the analysis exploring survival bias as an explanation
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for our results, in which we restricted testing to those younger than the median age, the same
direction of effect was observed, although as expected, because of the greatly reduced sample

size, this did not reach statistical significance (p = 0.08).

Cox regression analysis showed that in the ALS group, those with longer telomeres had a 16%
increase in median survival (hazard ratio 0.81 (95% CI1 0.72-0.91), p = 0.001).

The generalised linear regression model showed that of the nine SNPs associated with telomere
length, two were also associated with ALS: rs8105767 near the ZNF208 gene (p = 1.29 x 10,
MAF=0.03) and rs6772228, which is in an intron for the PXK gene (p = 0.001, MAF=0.03;
Table 13), but the SKAT test did not show an association of overall variant burden in these
genes with ALS after correction for multiple testing (ZNF208, p = 0.81 and PXK, p = 0.03).
Nagelkerke's R? test showed that the nine selected SNPs contributed 3% to the variance in total

telomere length.
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W
_ 0.33 0.37 0.001
_ TIT 0.61 0.56 0.036
_ CIT 0.59 0.54 0.031
_ C/C 0.59 0.53 0.021
_ AIA 0.6 0.53 0.024
_ AIA 0.71 0.16 0.014
_ AIC 0.63 0.07 0.067
_ GIG 0.62 0.07 0.009
_ AIG 0.63 0.07 0.011
_ G/A 0.66 0.08  1.29x 10
_ G/G 0.91 0.07  4.89x 10~
_ C/C 0.73 0.07 0.008
_ CIT 0.69 0.06 0.058
_ GIG 0.36 0.22 0.087
_ AIG 0.37 0.22 0.088
_ AIA 0.45 0.63 0.054
_ AIG 0.45 0.63 0.052

Table 13. Assessment of telomere associated SNPs. Investigation of causal effect of telomere length on
ALS by using 9 lead single-nucleotide polymorphisms (SNPs) identified by telomere length GWAS.
SNP rs8105767 (PXK) and rs6772228 (ZNF208) are associated with ALS in a UK cohort.
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5.1.4 Discussion

We have shown that longer telomeres are associated with ALS and with longer survival in
ALS. In keeping with previous studies, we found that mean telomere length was longer in
females and shortened with increasing age. Of a panel of nine SNPs known to be associated

with telomere length, two showed association with ALS, one in ZNF208, and the other in PXK.

Although both these SNPs, rs6772228 and rs8105767, are known to be associated with
telomere length, no association with ALS was seen in a previous large genome-wide
association study’, suggesting that either there is a population-specific effect, or that the
telomere length itself is driving the association, and other factors that influence it have a larger
effect than these SNPs. Another possibility is that the difference in results is because the
analysis performed was different, as we have tested genotypic association, whereas the

genome-wide association study used linear mixed modelling of alleles.

Telomeres have largely been investigated for their roles in cancer and ageing, shorter telomeres
being associated with disease pathology and death. Surprisingly, telomere elongation is also
seen in about 15% of cancers, such as adenocarcinoma of the lung and pancreas?®, and in
general, cancers with long telomeres are resistant to therapy and carry a poor prognosis?%,
Telomere elongation phenomena are well documented but far less well understood than

telomere shortening phenomena?33-237,

A study of telomere length in ALS brains found a trend to longer telomeres in glial cells?%
consistent with our results, but is in contrast to an earlier small study of 50 people with ALS

and 50 controls, finding that shorter telomeres are associated with ALS?3. Microglial cells
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have been implicated in ALS disease progression?#, although their exact role in ALS is still
not known. Previously, it has been shown that microglia utilise telomerase to regulate telomere

length in vivo, this might indicate a higher proliferative activity of glial cell in ALS?,

Our study has some strengths and weaknesses. Although ALS isa disease of the central nervous
system, our telomere data are derived from leukocyte DNA, since our DNA source was whole
blood. The relationship between leukocyte telomeres, which can be expected to shorten with
age as leukocytes undergo mitosis, and telomeres in neurons, which are post-mitotic, is not
clear?®?, but glial and other cells that do undergo mitosis are probably involved in ALS
pathogenesis, and provide a possible mechanism. Furthermore, we did not directly measure
telomere length using Southern blotting, but estimated it using whole genome sequence data.
However, our findings have the advantage of a large sample size of more than 1200 cases,
compared with previous reports of 50 or fewer. Furthermore, our examined cohort is more
homogeneous in genetic background, and the sequencing technology used was the same across
the entire cohort. However, one limitation of our method is that we cannot draw firm
conclusions about the exact length of a telomere. The method we have used, Telseq, correlates
with results from Southern blotting®®, and Q-PCR?*® and is in widespread use?244,
Nevertheless, different sequencing technologies will generate different telomere length
estimates because of differences in library preparation and platform 245246, To overcome this
potential weakness, we have used the same industry-leading sequencing platform for all
samples, as well as designing the study to minimize batch effects by having cases and controls

sharing the same sequencing plate.
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We found that longer telomeres were associated both with ALS and with increased survival in
ALS. It is possible that telomere length does not associate with ALS risk but only with survival,
and that our cohort was biased in such a way that those with longer survival were more likely
to be genotyped. In that case, we would also observe an apparent association with risk, but the
driver would be the actual association with increased survival. While this possibility cannot be
completely excluded, the cohort tested was an incident cohort, collected from a population
rather than a specialist clinic, reducing the likelihood of this explanation. Furthermore, we
assessed survival bias by testing the relationship between telomere length and ALS in the
younger half of the sample. We found the direction of association of longer telomeres with
ALS was still present, although as expected, the statistical power was reduced due to the
smaller number of young controls (<175). Replicating these findings in a bigger cohort such as

the entire Project MinE sample, is an important future step.

Telomere elongation is maintained by two pathways: telomerase activation or a telomerase-
independent mechanism termed alternative lengthening of telomeres (ALT). Using Project
MinE data browser?*” and the latest GWAS summary statistics’ the telomerase gene shows no
association with ALS, which suggests involvement of the ALT telomere elongation
mechanism. Indeed, our results are consistent with the involvement of ALT for the following
reasons: in ALT telomere elongation, telomere length usually results in a heterogeneous length,
while in telomerase-based elongation a consistent length is usually observed throughout the
study cohorts?32248, Furthermore, a common observation in the ALT alerted pathway is extreme
elongation in net telomere length (>5kb) in a subset of samples, which is also a consistent with
our results?4, Thus, further investigation of involvement of ALT activation and involvement
of telomerase pathway inhibition might be an effective strategy in understanding the observed

longer telomere length phenomena in ALS.
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The mechanisms of ALT pathway activation are not clear. It has been suggested that nuclear
receptors are involved in these recombination processes?32:249250  Furthermore, it has been
suggested that the exposed ssDNA 3" telomere overhangs can invade into the sister chromatid
or extra-chromosomal telomeric DNA repeats that can be used as templates and can then
elongate their ends using the DNA replication machinery resulting in net elongation in telomere

There are multiple methods available for telomere length analysis, including terminal
restriction fragmentation, quantitative fluorescence in situ Hybridization (Q-FISH) 2%,
polymerase chain reaction-based techniques (PCR) and southern blotting. These techniques
have the disadvantage of lengthy protocols and limitations, such as the requirement that DNA
is extracted from fresh blood, or that chromosomes are individually stained, which is a time-
consuming process?4°246:252.253 Differences in applying these techniques between laboratories
can create measurement differences?>*. Thus, for large scale analyses, whole genome sequence
data that can be processed using a standard bioinformatics pipeline can standardize
measurements and overcome many of these issues?*°. We have shown that measuring telomere
length in a UK cohort is feasible using a bioinformatics tool such as TelSeq, and that this is
fast and cost-effective. Estimating the telomere length with TelSeq on a single 40x whole
genome sequence takes about 90 minutes using 4 threads on a midrange computer, which
would translate to about 100 days for our entire dataset. Since high performance computing
access is now straightforward, and multiple computers are able to run the same analysis in

parallel, the analysis time can easily be shortened significantly.
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5.1.5 Conclusion
In this large study of telomere length and ALS, we have shown that longer telomeres in

leukocytes are associated with ALS, and with increased survival in those with ALS.
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5.2 Gene-based association analysis of rare variants with telomere length in
ALS.

5.2.1 Introduction

With growing evidence of the role of genetics in the pathology of complex disease, low
frequency variants (minor allele frequency 0.5-5%) and rare variants have become the next
target for ALS researchers %667, Rare and low frequency variants usually have large effect sizes
which can help find causal genes but generally not tagged by GWAS microarrays (microarray
technology profiles genes according to gene expression/functional activity)%6:682%, As a result,
the application of next generation sequencing, which includes whole genome sequencing and
whole exome sequencing, have become powerful tools to understand the genetic aetiology of

complex traits?>’.

Current thinking is that common diseases are the consequence of the additive effects of small
increases in risk from multiple common variations (polygenic), and rare diseases are the
consequence of single gene variants that are themselves rare but have a large effect on the
probability of disease (monogenic). ALS lifetime prevalence that is far greater than is typical
for a monogenic disease but far less than a common disease?®, and it is perhaps, therefore, to
be expected that its genetic architecture also seems to sit somewhere between polygenic effects

and monogenic high-penetrance disease. 414025

We have previously shown that longer telomeres are associated with ALS and with longer
survival in ALS. In keeping with previous studies, we found that mean telomere length was
longer in females and shortened with increasing age. Of a panel of nine SNPs known to be

associated with telomere length, two showed association with ALS, one in ZNF208, and the
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other in PXK. The effect of telomere length in health and disease is well documented, but
genetic factors that influence telomere length are not well understood. Therefore, we tested the
relationship between the length of telomere and rare variations in ALS using a large sample set

from the UK.

5.2.2 Methods
5.2.2.1 Whole-genome sequencing
Samples were from multiple centres across the UK contributing to the international Project

MinE whole genome sequencing initiative’.

DNA was isolated from venous blood using standard methods. The DNA concentrations were
set at 100ng/ul as measured by a fluorometer with the PicoGreen® dsDNA quantitation assay.
DNA integrity was assessed using gel electrophoresis. All samples were sequenced using
Illumina’s FastTrack services (San Diego, CA, USA) on the Illumina HiSeq 2000 platform?2,
Sequencing was 100bp paired-end performed using PCR-free library preparations and yielded
~40x coverage across each sample. Binary sequence alignment/map formats (BAM) were

generated for each individual.

5.2.2.2 Determination of Telomere Length
TelSeq??® was used to quantify telomere length using data from whole genome sequences.
Telomere lengths were estimated from reads, defined as repeats of more than seven TTAGGG

motifs.
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5.2.2.3 Quality Control and rare variants extraction

VCF Annotation was performed using ANNOVAR Nov20142% and Variant Effect Predictor
(VEP v84) tools®® and compared against the EXAC database of genetic variants?!
(http://exac.broadinstitute.org/), to remove common variants, we filtered variants with minor
allele frequency more than 0.01. Any locus with significant missingness between cases and
controls was excluded using PLINK v1.09%%2, An in-house coverage analysis determined that
92% of the desired regions were covered by at least 5 reads. Variants called with 10-20 reads
were flagged to be visually inspected to remove false positives. Furthermore, we excluded
variants with a poor genotyping quality, defined as variants with sequencing quality score less
than 20 (out of 100) as well as variants with minimal read depth less than 5 base pairs.
Patients were later classified into three groups: group 1, ALS; group 2, ALS with bulbar site

of onset ALS; group 3, ALS with spinal site of onset ALS.

5.2.2.4 Statistical Analysis

To compare the rare-variant burden in cases and controls -we used the Variable Threshold (VT)
test. This test is based on the assumption that the minor allele frequencies of causal rare variants
is different from those of non-functional rare variants263. To assess the model, Pearson’s chi-

squared test was used.

The idea behind this approach is that there exists some (unknown) threshold for which variants
with a minor allele frequency are more likely to be functional than are variants with a minor
allele frequency above the certain threshold. This is because selection pressure prevents a rare
deleterious variant from becoming frequent while a non-functional variant could drift to high
frequencies. Variable Threshold works by finding the maximum z-score across all possible

values for the threshold.
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Because rare variation is too infrequent to test statistically in a sample of this size, we used a
region-based test comparing the rare-variant burden in people with ALS with that in controls.
We included intronic, exonic, synonymous, coding, and known causal variants only if they
were novel or had a minor allele frequency of at most 0.01 and were of high-quality with no
bias in the proportion of missing data between cases. To calculate the Variable Threshold, we

used R package (AssotesteR) using the following function:

VT(y, X, maf, perm)
y IS a numeric vector with phenotype status: 0 = controls, 1 = cases and no missing data is
allowed. X isa numeric matrix or data frame with genotype data coded as 0, 1, 2. Missing data
is allowed. maf is a numeric value indicating the minor allele frequency threshold for rare
variants which must be a positive number between 0 and 1, and is 0.01 by default. Perm is a
positive integer indicating the number of permutations (100 by default). Using gene window

size, we assessed Variable MAF Threshold with different strategies for weighting variants. To
restrict the analysis to rare variants, MAF threshold was set not to exceed the 0.01 frequency.

5.2.3 Results
| conceived and designed the study, planned the work, collected the data, created the pipeline
for analysis described, performed the analyses, and wrote the paper. | am a first author on a

paper to be submitted describing the work in this chapter.

There were 1128 people with ALS, 330 with bulbar onset (154 males, 176 females) and 798
with spinal onset (534 males, 264 females). The variable threshold analysis showed an
associated between telomere length and rare variation on chromosome 5 in ALS
(rs1051688193_T/C; p = 8.6 x10”; Figure 24), with the T variant associated with longer
telomeres. No other variant passed the multiple testing correction threshold p = 5.0 x10®

(Table 14) 256264,
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Summary of Variable Threshold analysis; Top 20 variants
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98688693

98706012
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44463198

170739317

END MARKER_ID
352349 5:352349 T/C

1.18E+082:117587211_G/A

1.34E+08 10:134192379_A/T

1.66E+08 2:165876796_C/T_rs28581396

1.84E+08 4:184207363_T/C_rs528195621
66833568 9:66833568_G/A_rs199728833

1.06E+08 6:106301893_C/T

1.39E+08 4:138878036_A/G_rs559567647
53105994 4:53105994_T/C rs11133432

1.8E+085:179580231_G/A rs11249676

55927260 15:55927260_T/C_rs578045011
98688693 7:98688693_T/C_rs2176021
98706012 7:98706012_T/C_rs13237374

1.33E+082:133027652_G/T_rs796842260

3687277 6:3687277_G/A_rs181437615
29520988 6:29520988 _T/C_rs754441399
31508791 15:31508791_T/C_rs8035866

5906552 8:5906552_A/G_rs6559085
44463198 1:44463198_A/G_rs201807166

1.71E+08 6:170739317_C/T_rs4710825

Table 14 Table: Summary of Variable Threshold analysis; Top 20 variants

STAT
5.8015
46581
4.5991

-4.5858
4.5726
4.5107
4.4988
4.4974

-4.4922

-4.4787
43122

-4.31
-4.31
4.3069
4,2887
4.2884
-4.2241
-4.2047
4.204
4.2022

PVALUE
8.67E-09
3.60E-06
4.75E-06
5.06E-06
5.39E-06
7.18E-06
7.59E-06
7.64E-06
7.82E-06
8.32E-06
1.77E-05
1.78E-05
1.78E-05
1.81E-05
1.96E-05
1.96E-05
2.61E-05
2.84E-05
2.84E-05
2.87E-05

BETA
1.187
1.463
1.246
-0.8797
1.246
1.099
1.415
1.005
-0.9212
-1.4
1.172
-1.045
-1.045
1.356
0.9551
1.348
-1.033
-1.321
1.148
1.019

SEBETA
0.2046
0.3141

0.271
0.1918
0.2726
0.2437
0.3146
0.2234
0.2051
0.3126
0.2717
0.2424
0.2424
0.3148
0.2227
0.3144
0.2445
0.3142
0.2731
0.2426

R2

0.03078
0.02006
0.01956
0.01945
0.01934
0.01883
0.01874
0.01872
0.01868
0.01857
0.01724
0.01722
0.01722

0.0172
0.01706
0.01705
0.01655
0.01641

0.0164
0.01639
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5.2.4 Discussion

We have examined the relationship between telomere length and rare genetic variation in the
whole genome in 1128 individuals with ALS. SNP rs1051688193 is in an intron in the Human
Aryl Hydrocarbon Receptor Repressor (AHRR) gene. No previous association has been
reported between this rare variant and ALS or telomere length and telomere common variants,
athough multiple studies have shown an association of AHRR gene variants with environmental
pollutants such as dioxin (2,3,7,8, tetrachlorodibenzo-p-dioxin). Dioxins are toxic
environmental pollutants known to induce an acute inflammatory response, immune
suppression and carcinogenesis?®. Dioxins have been suggested as a possible risk factor for
ALS and were found to induce up to a 3-fold increase in TDP-43 protein in human neuronal

cell lines (BE-M17 cells), motor neuron differentiated iPSCs, and in murine brain26®,

There are over 30 genes associated with telomere length identified by multi-population genome
wide association studies, perhaps targeting rare variants in these genes is an effective strategy

to understand how telomere length is maintained?33.267.268,

Our study has several weaknesses. Although this study was done in over 1000 people, it is still
underpowered for small effects or rare variants. Furthermore, in rare variant analysis, small
sampling differences can result in a very small p-value. Therefore, unless the sample size is
very large, the result should be always interpreted with caution. For example, to detect a rare
variant with frequency of 0.1% with odds ratio 0.2 and 80% power would need a sample size
of 60,000 cases and an equal number of controls?°. For this reason, this result will need to be

replicated in a larger cohort.
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5.2.5 Conclusion
In conclusion, we have investigated the association between telomere length and rare genetic
variants in ALS. We have identified one rare variant that has an effect on telomere length.

Further studies using a larger sample is required to confirm the results.
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Chapter 6. Structural variation analysis in ALS

6.1 Introduction
Genome wide association studies have shown considerable success in identifying ALS risk

genes through SNP associations. However, these variants tend to have very small effect sizes
and can explain only a small portion of heritability. Therefore, in order to understand the
disease risk conveyed by genetic variation, it is crucial to consider other genomic variants such

as genomic structural variations.

Structural variants (including copy number variations) comprise different forms of genomic
imbalance including insertions, deletions, inversions, duplications and inter-chromosomal
translocations®. Structural variants have been associated with multiple psychiatric and
neurological diseases such as Charcot-Marie-Tooth neuropathy®, schizophrenia®® and
autism?79:271, Multiple attempts to understand the relationship of structural variations including
copy number variation to ALS have been limited by sequencing technology, computational
burden, and the small number of samples?’2273, Measuring the intensity of signals derived
from a genotyping array is the most used method in detecting structural variants?’427>, but
advances in next generation sequencing technologies and increased computing power have
made studying structural variation feasible?’s. As a consequence, as part of the Project MinE
initiative, a genomic structural variation working group was created to study the implications
of structural variations in ALS risk and phenotype. In this chapter | report the analysis of
structural variations in known ALS genes using 6580 whole genome sequences and test

genotype-phenotype correlation using the rich Project MinE deep phenotype dataset.
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6.2 Methods

6.2.1 Data sources

Samples were from multiple centres across the world contributing to the international Project
MinE whole genome sequencing initiative. A total of 7 sources spanning the United States and
Europe, including Ireland, Belgium, the Netherlands, Spain, Turkey, and the United

Kingdom were included in this study. All cases met the revised El Escorial criteria.

6.2.2 Whole-genome sequencing

DNA was isolated from venous blood using standard methods. The DNA concentrations were
set at 100ng/ul as measured by a fluorometer with the PicoGreen® dsDNA quantitation assay.
DNA integrity was assessed using gel electrophoresis. All samples were sequenced using
Illumina’s FastTrack services (San Diego, CA, USA) on the Illumina HiSeq 2000 and HiSegX
platforms???5. Sequencing was 100bp and150bp paired-end performed according to the
sequencing platform, using PCR-free library preparations and yielded ~40x coverage across
each sample. Binary sequence alignment/map formats (BAM) were generated for each

individual.

6.2.3 Quality Control

There were 6321 samples (4374 cases and 1947 controls) which passed quality control from a
total of 6580 whole genome sequences. Quality control was preformed separately on genotyped
data of each population according to the Project MinE methods published previously’.
Sample mismatch was tested using sex checks, where genetic sex was compared to reported
gender.

Quality control was preformed separately on genotyped data of each population according to

the Project MinE methods published previously’. After quality control, the full set of genomic
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Variant Call Formats (gVCFs) were merged together by first converting the gVCFs to Plink
format and then merging all files together. This generated a single dataset containing all variant
sites across all individuals. Non-autosomal chromosome and multi-allelic variants were
excluded from pilot analyses. Sample and SNP quality control were performed using Plink!-
and VCFtools®. To begin sample quality control, missingness by sample was calculated on a
per-chromosome basis; all samples had missingness < 10% across all 22 chromosomes and no
samples were removed at this step.

All other sample quality control steps were performed on a set of high-quality biallelic SNPs
that had minor allele frequency minor allele frequency 10%, missingness < 0.1%, were linkage
disequilibrium pruned at an r? threshold of 0.2, were not A/T or C/G SNPs, did not lie in the
major histocompatibility complex or lactase gene locus, and did not occur in the inversions on
chromosome 8 or chromosome 17. The ~30,000 SNPs overlapping this set of SNPs and
HapMap 3 were used to calculate principal components projecting the ALS cases and controls
onto the HapMap 3 samples. Samples of non-European ancestry, defined as further than 10
standard deviations from the European-ancestry population principal components in HapMap
3 (CEU, people of Northern and Western European ancestry living in Utah; TSI, Tuscans in
Italy), were excluded from analysis to ensure an ancestrally homogeneous group of samples
for association testing. Samples with an inbreeding coefficient > 3 standard deviations from
the mean of the distribution were excluded, as were unexpectedly related samples. Genotypes
available from genotyping on the Illumina Omni 2.5M array were compared to sequencing
genotypes, and samples with < 95% concordance were dropped from the analysis. Lastly,
samples with discordant sex information (comparing chromosome X genotypes and phenotype

information) were excluded.


https://paperpile.com/c/RpHGTX/6TRcb+9kJ6L
https://paperpile.com/c/RpHGTX/FgJZ4
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For variant quality control, variants with missingness > 5% were removed, as were variants out
of Hardy-Weinberg equilibrium in controls (p < 1 x 10-%) and monomorphic variants (induced
by sample exclusions). Differential missingness between cases and controls was checked and
variants with p < 1 x 10% were removed. Variants with extreme low or extreme high depth of
coverage (> 6 standard deviations from the mean of the total depth distribution) were also
excluded. Finally, the mitochondrial, X and Y chromosomes were excluded from analysis (but
will be included in later analyses as sample sizes in Project MinE continue to grow).

Approximately 10 million sites were lost during variant quality control.

Principal components analysis
To calculate principal components, a pruned set of high-quality SNPs with a genotyping rate
0.98 were included and SNPs within the major histocompatibility complex or lactase gene were

excluded.

Identity-by-descent analysis

All non-singleton variants were phased using SHAPEIT2°. Subsequently BEAGLE4?® was
used to detect likely runs of identity by descent between individuals. The hg19 recombination
map obtained from the 1000 Genomes Project was used to transform genetic positions from
basepairs to centimorgans (cM). Presumed identity by descent segments shorter than one cM
were excluded and regions with excessive identity by descent were excluded after visual

inspection.

6.2.4 Determination of pathogenic ALS gene variants
A panel of 25 ALS genes was tested (ALS2, ANG, ATXN2, C9orf72, CHCHD10, DAO, ERBB4,

FUS, HNRNPA1, MOBP, NEK1, OPTN, PFN1, SCFD1, SETX, SOD1, SPG11, SQSTM1,


https://paperpile.com/c/RpHGTX/ex1YX
https://paperpile.com/c/RpHGTX/MDo7q
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TARDBP, TBK1, TUBA4A, UBQLN2, UNC13A, VAPB and VCP)3%, These 25 genes were
selected based on their association with ALS, so that all the chief causal genes were included
as well as several risk factors, and genes harbouring large-effect, rare, Mendelian ALS gene

variants.

Manta®® by Illumina was used for extracting the structural variants, variant assembly and
scoring the whole genome sequence. A VCF file then was generated for each participant.

To calculate the number of structural variations type in each gene, an in-house pipeline was
used to filter the variants according to quality score, size and type of structural variants.
Insertions with size less than 200bp were excluded as recommended by the Manta protocol.

Variants that passed quality control were recorded.

Repeat primed PCR and Expansion Hunter?® were used to assay the hexanucleotide repeat

expansion in the C9orf72 gene.

To determine the effect of structural variation, age of onset and age of death was compared in
people with sporadic ALS carrying the structural gene variants and those not.

To determine the effect of family history, individuals with ALS were classified into three
groups: group 1, familial ALS; group 2, apparently sporadic ALS with structural variation;

group 3, apparently sporadic ALS without an identified structural variation.

6.2.5 Statistical Analysis
The effects of structural variants on ALS were tested using a generalised linear regression
model, which included the total number of structural variations to predict disease affection

status. To account for different sequencing platforms and population stratification, principal
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components and technology platform were added as covariates to the generalised linear model.

To assess the model, Pearson’s chi-squared test was used.

As the age of onset and the age of death are not normally distributed, the mean age of onset
and age of death between the groups was compared with the non-parametric Mann-Whitney U
test. Uncorrected p values are reported. To estimate the size of any ascertainment bias observed,
the median time between symptom onset and diagnosis was compared between those with
familial ALS and those with apparently sporadic ALS in a Mann-Whitney U test. Analyses

were performed in R.

6.2.6 Ethical Approval

All participants gave written informed consent.

6.3 Results

This work is almost exclusively mine, including designing the study and creating the pipeline
for the analysis. | conceived and designed the study, planned the work, collected the data,
created the pipeline for analysis described, performed the analyses, and wrote the paper. It
forms part of large collaborative project where the phenotypic data and the principal

components data were provided by the Project MinE phenotyping working group.

After quality control there were 4315 people with ALS and 1880 healthy controls included in
the study, 4236 with apparently sporadic ALS and 79 with familial ALS. The male-female ratio

was 2:1. Additionally, there were 31 people with ALS with cognitive impairment and 20
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individuals with ALS-FTD. In this study 4,287 individuals were sequenced using the HiSeqX

[llumina platform, and 1,908 sequenced using the HiSeq2000 platform (Table 15)

Cohort Sample Case Control Female Male
Belgium 548 368 180 209 339
Ireland 403 %67 136 161 22
Netherlands 2804 1850 1035 1182 1712
Spain 338 233 105 145 193
Turkey 223 148 75 §7 136
United Kingdom

1402 1124 278 603 799
i) e 387 316 7 153 234
Total

6105 4315 1880 2540 3655

Table 15.Project MinE study demography

The generalised linear regression model showed that of the 25 genes with known association

with ALS, only three genes were affected with structural variants events: C9orf72 gene

expansion (p = 2 x 10°%9), inversion in the VCP gene (p = 2 x 10%) and ERBB4 gene insertion

(p =6 x 10™) (Table 16). All passed the multiple testing correction threshold (p=0.002) (Table

16).
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Gene p-value SV-type Frequency in cases  Frequency in control
CYorf72 2x 1016 Expansion 244 4

Vvce 2x 10+ Inversion 2430 669

ERBB4 6 x 10+ Insertion 2001 476

Table 16. Structural variation results in sporadic ALS. A general linear model was used which included
the total number of structural variations to predict disease affected status.

To assess structural variation burden on age of onset, we assessed those with structural variants

in these genes, and those without. The mean age of onset in people with C9orf72 gene

expansion was 2.7 years younger than those with no C9orf72 gene expansion (p:8.8><1078,

95% CI for the difference 1.2 to 4.2 years). The mean age of onset in people with VCP gene

inversion was 3 years younger than for people with no VCP gene inversion (p:4.2><10_13, 95%
Cl for the difference 2.2 to 3.7 years). Additionally, the mean age of onset in those with ERBB4
gene insertion was one year younger than for those with no ERBB4 insertion (p=0.003, 95%

Cl for the difference 0.25 to 1.72 years) (Table 17).



Gene Age of onset (No SV)  Age of onset (With SV)

CYorf72  62.0 58.8
vce 62.6 59.7
ERBB4  61.2 60.2

Table 17 Structural variation burden for age of onset.

p-value

8.8 x 108

4.2 x1013

0.003

150

Difference in years

3.2 (4.31-1.96)

2.97(2.22 - 3.72)

1.00(0.25-1.72)

The assessment of structural variation burden on age at death shows that people with C9orf72

gene expansion died on average 3.8 years younger than people with no C9orf72 gene expansion

(p:2.3><1079, 95% CI for the difference 2.6 to 5.1 years). People with VCP gene inversion died

on average 1.8 years younger than those with no VCP gene inversion (p:1.4><1075, 95% CI for

the difference 1.0 to 2.5 years). No difference in age at death was observed between people

with ERBB4 gene insertion and those with no ERBB4 gene insertion (p=0.1) (Table 18).

Gene Age of death (No SV) Age of death (With
SV)

CYorf72 66.0 62.2

vce 66.7 64.8

ERBB4 65.9 65.0

Table 18.Structural variation burden for age of death.

p-value

2.3x10°

1.4 x10°

0.1

Difference in years

3.8(2.64-5.10)

1.8(1.04- 2.58)

NA
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The assessment of the effect of having an ALS family history shows that individuals with
familial form of ALS (group 1) had on average 4 years younger age of onset than those with
sporadic ALS with no structural variants (group 3) (p=0.02, 95% CI for the difference 3.75 to
-0.18 years). Meanwhile age of death was 4.5 years younger in individuals with an ALS family
history (group 1) when compared to sporadic ALS group with no structural variants in C90rf72,
VCP and ERBB4 genes (group 3) (p=0.01, 95% CI for the difference 1.1 -7.8 years) (Table 19).
No difference in age of onset or age of death was observed when we compared the ALS group
with family history (group 1) against those with sporadic ALS with structural variants in

C90rf72, VCP and ERBB4 genes (group2) (Table 19).

Familial  Sporadic with no SV p-value Difference in years
Age of onset (mean) 57.2 61.3 0.02 4.1(3.75-0.18)
Age of death (mean) 61.7 66.2 0.01 4.5(-7.83- 1.16)
Familial Sporadic with SV p-value Difference in years
Age of onset (mean) 57.2 59.1 0.13 NA
Age of death (mean) 61.7 64.3 0.09 NA

Table 19. Comparison between age of onset and age at death between familial ALS and sporadic ALS
with and without structural variation.

We extended the analysis to assess the association of gene structural variants with site of onset.
The generalised linear regression model showed an association between individuals with

C9orf72 repeats expansion with bulbar site of onset (p=0.01). I Inversion in the VCP gene
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associated with bulbar onset (p= 3.5 x 10?) and FTD (p=1.1 x 104). Further analysis showed
that insertion in the ERBB4 gene was associated with respiratory onset in 13 of the 56 people
carrying this variant (p=0.005) and with cognitive changes in 13 of the 30 people have ERBB4

gene insertion (p=0.001).

6.4 Discussion

We have shown that genomic structural variants in the C9orf72, VCP, and ERBB4 genes are
associated with ALS risk, highlighting the importance of structural variation events in ALS.
These types of variants are difficult to study without advances in sequencing technologies and
international collaborative projects such as Project MinE.

We have shown that repeat expansions, insertions and inversions are the most common

structural variation types associated with ALS.

Previous studies of C90rf72 repeat expansion and onset age have led to conflicting results.®27"-
279 Also, the correlation between repeat size and diagnosis is poorly understood in apparently
sporadic ALS, as most of the studies have been done on familial ALS.28%282 Qur results
provide a confirmation that C9orf72 carriers have a younger age of onset and age at death than

non-expanded carriers in large dataset from multiple populations.

We have shown that inversion in the VCP gene and repeat expansion in the C9orf72 gene are
markers for younger age of onset and death in apparently sporadic ALS. Comprehensive
information on genetic susceptibility could contribute importantly to ALS risk stratification.
Previously genetic testing was offered for patients with known familial history. Although
family history has long been identified as a risk factor for ALS, genetic screening for younger

patients might help in understanding disease progression and survival during clinical trials.
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Additionally, carriers of VCP and ERBB4 gene structural variants are expected to have a higher
age of death than C9orf72. Thus, treatment response in clinical trials should account for these
genomic variants, as a biased analysis could otherwise occur either due to lower or higher age
at death. Moreover, VCP and ERBB4 genes can be used as an early marker for cognitive
impairment and ALS-FTD. Approximately 35% of patients with ALS experience cognitive or
behavioural impairment, with an additional 15% having frontotemporal dementia. The

association of VCP and ERBB4 genes with FTD and cognitive impairment is reported?83-285,

Studies have estimated that around 12% of the human genome is susceptible to inversion® 286,
Our study shows that inversions in the VCP gene associated with bulbar onset and FTD.
Moreover, insertion in the ERBB4 gene was associated with thoracic site of onset and cognitive
changes confirming multiple studies linking VCP and ERBB4 genes with FTD and

cognitive/behaviour changes?83:287-2%,

Furthermore, we have shown there were associations in genes previously identified from
family-based studies (C9orf72, ERBB4 and VCP) supporting the notion that familial and

sporadic ALS are not mutually exclusive categories but rather a spectrum?#:102.140.291,

Limitation
In this study we used two tools for structural variation calling. Perhaps using a panel of

structural variants callers will provide further insight to the study. The strength of using
Expansion Hunter is that it was developed primarily and tested to measure gene repeat
expansions in ALS?%, Expansion Hunter is a result of collaboration between Illumina and the
Project MinE consortium. Furthermore, in this research we report the structural variation in
known ALS genes, extending the analysis to the entire genome will give a comprehensive view

of the implications of this type of genomic variation in ALS. Moreover, ALS is a disease of
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the central nervous system, but our WGS data are derived from leukocyte DNA, since our DNA
source was whole blood. Thus, replication of this study using brain tissue is of interest and
perhaps could give insight into the relationship between leukocyte DNA and post-mitotic
neurons. Another weakness of this study is that we used WGS technology. Using targeted
sequencing technology such as PCR, PacBio or Nanopore to study the structural variation in
these known ALS genes might provide superior sequencing data. However, our findings have
the advantage of a large sample size of more than 4300 cases. A further limitation of this study
is that we cannot exclude the possibility that these gene carrier groups might harbour other
important undiscovered ALS genes and the age effect that we observe is not specific. However,

all the included cases have a structural variant in the reported gene supporting our results.

6.5 Conclusion
In conclusion, we have shown that structural variations are important genomic events and can

be used as genomic markers to understand ALS disease trajectory. Further study is needed to

understand the implications of structural variants on ALS risk and survival.
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Chapter 7. Final Discussion

7.1 Discussion
ALS is a terminal illness. Often after diagnosis, a person will ask “how long do | have?”, and

“what will happen?”. Understanding disease trajectories is a key to answering both questions.

Thinking in terms of these trajectories provides a predictive map of disease course from

diagnosis to death?922%,

Trajectories are predictive, though not determinative, meaning that these predictive factors are
multifactorial in nature and dependent on each other. For example, it is known that patients
who are involved in clinical trials tend to receive a better quality of health care, therefore it is
expected that this will contribute to clinical trial outcome. Although the effect is very small, it

is predictable?®,

Understanding trajectories of illness will help in preparation and advanced planning of clinical
care. In doing so, clinicians can plan and deliver appropriate care according to specific patients’
needs. For example, in ALS, bulbar site of onset is a good indicator of short survival therefore,
one to one nursing is most likely needed within 12 months (or less) from diagnosis and for a
short period of time. Meanwhile, disease progression is known to be slower in ALS with a
spinal site of onset, and one-to-one nursing would be expected to take place at a later stage than
for bulbar onset, and for a longer period. Thus, understanding disease trajectory is crucial for
health care professionals, clinicians, patients and their carers to gain a better understanding of
disease trajectories with direct implication for service planning and health economics. We
therefore aimed to understand factors that affect illness trajectories in ALS and draw out key

clinical implications.
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Disease staging allows a simple description of the extent of physical or functional involvement
in an affected person and guides management. Clinical stage in amyotrophic lateral sclerosis
can be assigned using King’s staging with a simple protocol based on the number of CNS
regions involved and the presence of significant nutritional or respiratory failure. There are
many clinical staging systems in ALS, with two currently in widespread use. We decided to
investigate and compare both these ALS staging systems, King's clinical staging and Milano-
Torino (MiToS) functional staging, using data from the LICALS phase 3 clinical trial
(EudraCT 2008-006891-31). The disease stage was derived retrospectively for each system
from the ALS Functional Rating Scale-Revised sub-scores using standard methods. The two
staging methods were then compared for timing of stages using box plots, correspondence
using chi-square tests, agreement using a linearly weighted kappa coefficient and concordance
using Spearman’s rank correlation. We found that for both systems, progressively higher stages
occurred at progressively later proportions of the disease course, but the distribution differed
between the two methods. King's stage 3 corresponded to MiToS stage 1 most frequently, with
earlier King's stages 1 and 2 largely corresponding to MiToS stage 0 or 1. The Spearman
correlation was 0.54. There was fair agreement between the two systems with a kappa
coefficient of 0.21. We concluded that the distribution of timings shows that the two systems
are complementary, with King's staging showing greatest resolution in early to mid-disease
corresponding to clinical or disease burden, and MiToS staging having higher resolution for
late disease, corresponding to functional involvement. We therefore propose using both staging

systems when describing ALS.
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In conclusion, MiToS and King’s ALS staging systems are complementary, with the
King’s clinical staging system having a higher resolution in early-mid diseases stages,
and the MiToS system having a higher resolution in late disease stages. In the King’s
staging system there is more homogeneity between patients in the same stage, and a

greater discrimination between patients in different disease stages.

In order for the King’s staging system to be applied by different health care professionals and
varying levels of experience working in ALS, as for example may be the case in a multicentre
clinical trial, we designed a Standard Operating Procedure (SOP) for the use of the King’s

system. We then investigated whether it could be used by a variety of health care professionals.

We wrote case vignettes representative of ALS patients at different disease stages. During two
workshops, we taught health care professionals how to use the SOP, then asked them to stage
the vignettes using the SOP. We measured the extent to which SOP staging corresponded with

correct clinical stage.

We found that the reliability of staging using the SOP was excellent, with a Spearman’s Rank
coefficient of 0.95 (p<0.001) and was high for different groups of health care professionals,
and for those with different levels of experience in ALS. The limits of agreement between SOP
staging and actual clinical stage lie within a single stage, confirming that there is a clinically
acceptable level of agreement between staging using the SOP and actual King’s clinical stage.
There were also no systematic biases of the SOP over the range of stages, and therefore no

over-staging or under-staging
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We have demonstrated that the staging Standard Operating Procedure provides a
reliable method of calculating clinical stages in ALS patients and can be used by a

range of health care professionals.

The next step was to validate the King’s ALS staging system. It is important that the assigned
clinical stage matches expectations, and generally corresponds with how a health care
professional would intuitively stage the patient. We therefore investigated the relationship
between King’s clinical ALS stage and ALS stage as intuitively assigned by health care
professionals. We wrote 17 case vignettes describing people with ALS at different disease
stages from very early limited disease involvement through to severe, multi-domain disease.
During two workshops, we asked health care professionals to intuitively stage the vignettes
and compared the answers with the actual King’s clinical ALS stage. There was a good
correlation between King’s clinical ALS stage and intuitively assigned stage, with a
Spearman’s Rank correlation coefficient of 0.64 (p<0.001). There was no difference in the

intuitive stages assigned by practitioners of different types or at different levels of experience.

Across a spectrum of ALS scenarios, King’s clinical ALS stage corresponded to

intuitive ALS stage as assigned by a range of health care professionals

In the next step, we used the Riluzole trial data to assess the use of King’s stage as an endpoint
for clinical trials analysis, and to determine if additional trial information could be obtained by

a different analysis, such as the timing of any benefit of Riluzole.

Riluzole is the only drug to prolong survival for amyotrophic lateral sclerosis (ALS) and, at a
dose of 100 mg, is associated with a 35% reduction in mortality in a clinical trial. A key

question is whether the survival benefit occurs at an early stage of disease, late stage, or is
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spread throughout the course of the disease. To address this question, we used the King's
clinical staging system to do a retrospective analysis of data from the original dose-ranging
clinical trial of Riluzole. It is important to know whether the survival benefit of Riluzole in
patients with amyotrophic lateral sclerosis occurs early, late, or throughout the course of the
disease to enable proper counselling of patients. We searched PubMed for reports published at
any date up to July 31, 2017, using the terms “Riluzole”; “amyotrophic lateral sclerosis”,
“motor neuron disease”, “motor neurone disease”, “ALS”, or “MND”; and “stage” or
“staging”. We included randomised, placebo-controlled trials in patients with ALS that
involved Riluzole alone and studies of clinical staging in ALS. We identified two trials, both
of which were randomised, placebo-controlled studies and one of which included sufficient
data for retrospective staging. We approached the commercial owners of the Riluzole clinical

trial data for full academic access to the trial database.

In the original dose-ranging trial, patients were enrolled between December 1992, and
November 1993, in Belgium, France, Germany, Spain, Canada, the USA, and the UK if they
had probable or definite ALS as defined by the EIl Escorial criteria. The censor date for the
Riluzole survival data was set as the original study end date of Dec 31, 1994. For this analysis,
King's clinical ALS stage was estimated from the electronic case record data of the modified
Norris scale, UK Medical Research Council score for muscle strength, El Escorial category,
vital capacity, and gastrostomy insertion data. The lowest allocated stage was 2 because the
original trial only included patients with probable or definite ALS. We used a x2 test to assess
the independence of stage at trial enrolment and treatment group, Kaplan-Meier product limit
distribution to test the transition from each stage to subsequent stages, and Cox regression to
confirm an effect of treatment group on time in stage, controlling for covariates. We did

sensitivity analyses by combining treatment groups, using alternative strategies to stage,
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stratifying by stage at trial enrolment, and using multistate outcome analysis of treatments

(MOAT).

We analysed the case records of all 959 participants from the original dose-ranging trial, 237
assigned to 50 mg/day Riluzole, 236 to 100 mg/day, 244 to 200 mg/day, and 242 to daily
placebo. Clinical stage at enrolment did not significantly differ between treatment groups
(p=0-22). Time in stage 4 was longer for patients receiving 100 mg/day Riluzole than for those
receiving placebo (hazard ratio [HR] 0-55, 95% CI 0-36-0-83; log-rank p=0-037). Combining
treatment groups and stratifying by stage at enrolment showed a similar result (HR 0-638, 95%
Cl1 0-464-0-878; p=0-006), as did analysis with MOAT where the mean number of days spent
in stage 4 was numerically higher for patients given Riluzole at higher doses compared with
patients receiving placebo. Time from stages 2 or 3 to subsequent stages or death did not differ

between Riluzole treatment groups and placebo (p=0-83 for stage 2 and 0-88 for stage 3).

We showed that Riluzole prolongs survival in the last clinical stage of ALS; this
finding needs to be confirmed in a prospective study, and treatment effects at stage 1
still need to be analysed. The ALS stage at which benefit occurs is important for
counselling of patients before starting treatment. Staging should be used in future
ALS clinical trials to assess the stage at which survival benefit occurs, and a similar

approach could be used for other neurodegenerative diseases.

By use of the King’s clinical ALS staging system, we showed in a retrospective analysis that
Riluzole prolonged stage 4 ALS in a dose-dependent manner, with no apparent prolongation
of stages 2 or 3. We were unable to determine if there was an effect on stage 1. The timing of

any benefit from Riluzole affects the information that needs to be given to patients, because
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they are likely to interpret the benefit of prolongation of a later stage of disease as different
from the benefit of prolonging an early stage, or prolongation of the disease course in general.
The timing of benefit also has implications for health economics because the later stages of
ALS are associated with higher costs than earlier stages, and therefore prolonging stage 4 is
more costly than prolonging stages 1 or 2. Further studies are needed to determine if there is a

survival benefit of Riluzole in stage 1 ALS.

We have shown that clinical staging is a powerful tool to understand disease
trajectory and staging analyses should be used in future clinical trials of treatments

in patients with ALS and other neurodegenerative diseases.

We have shown that clinical staging is a powerful tool to understand disease trajectory. These
staging systems correlate with a decline in functional measures, health utility and quality of
life scores, and an increase in socioeconomic costs, comprising costs of healthcare and loss of
productivity?1462952% - A| S stages have validity as meaningful outcome measures in ALS
clinical trials, as they help to account for the inherent heterogeneity in patient populations, and
can facilitate the development of drugs which differing efficacies throughout disease
progression?®2°, King’s staging system is now used in multiple clinical trials and progression
to a higher ALS disease stage is now being utilised as a primary outcome measure in
MIROCALS a Phase 2 randomised controlled trial and EDARAVONE clinical trial. 1 have
shown that it can be used to determine the stage at which Riluzole prolongs survival in ALS in
a retrospective study. Staging can be used to select patients for clinical studies, for example

King’s staging system was used to investigate neuroimaging biomarkers in early disease
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stages?®. Furthermore, King’s staging has utility in mapping to neuroimaging and biochemical
biomarkers in ALS patients, correlating with reduction in white matter integrity in ALS patients
with repeat expansions in the C9orf72 gene on neuroimaging?®®’, and with higher levels of CSF
neurofilament light chain3%°301, Staging correlates with other important disease parameters,
including sustained and forced vital capacity?®® and energy expenditure3?2. Mitochondrial
dysfunction is involved in the pathogenesis of ALS%%3, and mitochondrial activity detected in
patient peripheral blood mononuclear cells decreases with increasing disease stage3®,
indicating that staging may correlate with underlying aetiopathogenic mechanistic markers.

ALS is on a clinical, genetic and pathological spectrum with frontotemporal dementia (FTD).
Up to 15% of people with ALS have a diagnosis of FTD, and cognitive impairment occurs in
about 50% of people with ALS3053%, Measures of behaviour and cognition are reduced in later
ALS disease stages'#>2°7. Moreover, specific staging systems to measure the extent of cognitive
involvement in ALS have been developed®3%8, and have been used recently in parallel with

the King’s ALS clinical staging system3?.

Clinical methods of understanding disease progression such as staging, can be made more
powerful if we also understand biological factors that influence it. We therefore used next
generation sequencing data coupled with survival information to achieve this. To process the
next generation sequencing data there were significant challenges. A huge number of
bioinformatics tools exist; it is therefore difficult to design an analysis pipeline; next generation
sequencing analysis is computationally intensive, requiring expensive infrastructure which can

be problematic given that many medical and research centers do not have adequate high-
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performance computing facilities and the use of cloud computing facilities is not always
possible due to privacy and ownership issues. We have therefore developed a fast and efficient
bioinformatics pipeline that allows for the analysis of DNA sequencing data, while requiring
little computational effort and memory usage. We achieved this by exploiting state-of-the-art

bioinformatics tools. DN Ascan can analyse raw, 40x whole genome NGS data in 8 hours, using

DNAscan is a novel and promising pipeline which can be used for genetic research
as well as medical research. It is suitable for both small and large-scale analysis.
Covering the whole end-to-end analysis process, from sequencing data in fastq
format to the results visualisation, generating user friendly reports and providing

result navigation utilities.

as little as 8 threads and 16 Gigabytes of RAM, while guaranteeing a high performance.
DNAscan can look for SNVs, small indels, structural variations, repeat expansions and viral
(or any other organism’s) genetic material. Its results are annotated using a customisable
variety of databases including ClinVar, EXAC and dbSNP, and a local deployment of the

gene.iobio platform is available for an on-the-fly result visualisation.

With the increasing availability of next generation sequencing data in ALS, non-specialists,
including health care professionals and patients, are obtaining their genomic information
without a corresponding ability to analyse and interpret it. Furthermore, the relevance of novel
or existing variants in ALS genes is not always apparent. Therefore, we developed

ALSgeneScanner, a tool that is easy to install and use, able to provide an automatic, detailed,

AL SgeneScanner puts a powerful bioinformatics tool, able to exploit the potentialities
of next generation sequencing data in the hands of patients, ALS researchers and

clinicians.
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annotated report, on a list of ALS genes from whole genome sequence data in a few hours and
whole exome sequence data in about one hour on a readily available mid-range computer. This
will be of value to non-specialists and aid in the interpretation of the relevance of novel and

existing variants identified in DNA sequencing data.

Although the heritability of ALS is about 60%, only about 15% is explained by common gene
variants, suggesting that other forms of genetic variation are important. Telomeres maintain
DNA integrity during cellular replication and shorten naturally with age. Gender and age are
risk factors for ALS and also associated with telomere length. We therefore investigated

telomere length in ALS.

We estimated telomere length by applying a bioinformatics analysis to whole genome sequence
data of leukocyte-derived DNA from people with ALS and age and gender-matched matched
controls in a UK population. We tested the association of telomere length with ALS and ALS

survival.

There were 1241 people with ALS and 335 controls. The median age for ALS was 62.5 years
and for controls, 60.1 years, with a male-female ratio of 62:38. Accounting for age and sex,
there was a 9% increase of telomere length in ALS compared to matched controls (p = 0.008).
Those with longer telomeres had a 16% increase in median survival (p = 0.001). Of nine SNPs
associated with telomere length, two were also associated with ALS: rs8105767 near the
ZNF208 gene (p = 1.29 x 10*) and rs6772228, which is in an intron for the PXK gene (p =

0.001).

We have shown that longer telomeres in leukocyte-derived DNA are associated with

ALS, and with increased survival in those with ALS.
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Subsequently, we decided to test the relationship between the length of telomere and rare
variations in ALS using large scale cohort from the UK. Using the Variable Threshold analysis,
we shown an association between telomere length and rare variation in chromosome 5
(5:352349_T/C) in ALS individuals (p=8.6x10). Although this association is significant,

validation in a bigger cohort is required. This variant could potentially be used as a single test

for telomere length in ALS.

We have shown that telomere length is associated with rare variation in ALS

The genetic aetiology of ALS is multifactorial, and a significant proportion of genetic variance
remains unexplained. In this project, we studied the implication of structural variations in the
largest single disease whole genome sequencing dataset in the world, and found that genomic
structural variations are implicated in ALS. The generalised linear regression model showed
that of the 25 genes harbouring single nucleotide variants with known association with ALS
risk, only three harboured structural variants, and these were associated with ALS risk as well:
C90rf72 gene expansion (p = 2 x 1016), inversion in the VCP gene (p = 2 x 10*) and ERBB4
gene insertion (p = 6 x 10*). All passed the multiple testing correction threshold (p=0.002).
Additionally, we have shown that VCP and ERBB4 genes are associated with cognitive
impairment and ALS-FTD. Furthermore, in this study, we found that the mean age of onset in
familial ALS was 4.5 years younger than for apparently sporadic ALS (p=0.01, 95% CI for the
difference 1.1 to 7.8 years), confirming our previous study that familial ALS has a younger age

of onset?91,

ALS-causing GGGGCC hexanucleotide repeat expansion of C90rf72 is known to account for

the largest burden of both sporadic (~7%) and familial (~40%) ALS. In this study | have
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demonstrated that next generation sequencing technology such as WGS provides a powerful
tool to investigate the frequency of important risk factors such as C9orf72 in a large cohort
such as Project MinE. Furthermore, | have shown that WGS gives researchers the opportunity
to investigate other genomic variants such as genomic structural variation. The results suggest
that these events are more common than previously thought in C9orf72, VCP and ERBB4 which
supports the hypothesis of oligogenic inheritance in ALS and the notion that these genes should

be regarded as risk genes rather than Mendelian genes.

We have shown that structural variations are important genomic events and can be
used as genomic markers to understand ALS disease trajectory. Further study is
needed to understand the implications of structural variations on ALS risk and

survival.

In conclusion, in this thesis | showed that clinical staging systems and factors influencing
survival in ALS including structural genomic variation, telomere length and rare genomic

variants can help in mapping disease progression.
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7.2 Research Obstacles and future direction

There are several limitations to this work. We used clinical trial data to compare King’s and
MiToS ALS staging systems and to understand the relationship between the survival benefit of
Riluzole and disease stage, rather than using clinic or population data. However, this may be
advantageous, as results are more likely to be relevant to other clinical trials. We have
previously shown that clinical trial data show a shift towards a greater proportion of disease
course passed for a given stage®. This occurrence is likely a result of left censoring due to the

population being selected for trial participation and sourced from a biased clinic population.

In the telomere length analysis, one limitation of our method is that we cannot draw firm
conclusions about the exact length of a telomere, as different sequencing technologies will
generate different telomere length estimates because of differences in library preparation and
platform 245246 To overcome this potential weakness, we have used the same industry-leading
sequencing platform for all samples, as well as designing the study to minimize batch effects

by having cases and controls sharing the same sequencing plate.

In the structural variations study, we used two tools for structural variation calling, perhaps
using a panel of SV callers will provide further insight to the study. The strength of using
Expansion Hunter is that it was developed primarily and tested to measure gene repeat
expansions in ALS?%. Expansion Hunter is a result of collaboration between Illumina and the

Project MinE consortium.

The biggest obstacle was the limited number of structural variations studied in ALS. This was
because of the computational burden, as this type of analysis requires access to cluster

computing and fluency in programming languages such as Python, Java and Awk.
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Bioinformatics tools such as DNAscan and ALSgeneScanner can to some extent provide an
alternative solution to the computational burden for ALS researchers. Moreover, whole genome
sequencing is a cutting edge and evolving area where the best methods for analysis, both in
data generation and statistical analysis, are currently unknown and the exact power of such

studies cannot easily be estimated because no formal method currently exists.

Future Direction

In the last decade, our understanding of the genetic basis of ALS has significantly improved,
yet we do not know if the results are applicable to all world populations. In order to create new
clinical tools or applicable treatments for all ALS, much more focus is needed to engage
underrepresented minority groups in genomics studies such as Project MinE. Understanding
ALS genetic architecture in non-European populations would help demonstrate the validity of
future clinical tests or treatments across populations. There is a growing demand in the
genomic research community to diversify scientific research, but it is most likely that this
sampling bias will continue. Thus, reviewers and funding organisations should demand a new

strategy in study design and funding priority to create a balanced ethnic representation.

Other gene hunting strategies are needed. The balance between innate and adaptive immunity
is important to maintain a healthy cycle of protection and repair. Our knowledge of the
interactions of immune and nervous systems has changed significantly during the last decade.
Evidence of neuroinflammation and neuroimmune activation have been shown to play a role
in the aetiology of a variety of neurological disorders. The implication of immune reactions in
ALS are well documented in the literature, but our understanding of the genetic influences and
variations in the ALS neuro-immune axis is still at an early stage compared to other

neurological, autoimmune, complex diseases, such as multiple sclerosis or systemic lupus
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erythematosus. This is not a new topic, as evident by the associations identified after the
discovery of the SOD1 gene. When modelled in mice, they develop an ALS-like disease but
there is a striking role of the nervous system immunological cells, astroglia and microglia3%®:31°,
Understanding the mechanisms of the underlying dynamic genetic variations is becoming
crucial for understanding the pathophysiology of disease and developing personalized
treatment. With only one publication under the name ‘Immunogenetics and Amyotrophic

Lateral Sclerosis’, immuno-genetics might be a good strategy for gene hunting3**.

Genetics can help to stratify ALS groups, but studying the interaction of a clinical trial with
genetics might give us in-depth insight into the robustness of proposed pathological networks
in ALS. Circulating immune complexes and IgG are important to measure the immune
response. As an example, 1gG are a biomarker, as studies have shown that 1gG remains high
throughout the ALS course®'?. Subsequently, higher circulating immune complexes indicate an
early inflammatory marker in the disease course, and therefore studying these observations
might guide us in locating ALS genes®?. There are multiple studies in immunogenetics where
an increase has been documented in the expression of over 25 immune related genes found
during the early stages of ALS. Interestingly, 15 other implicated immunogenes are found to

decrease their expression, indicating a complex immune reaction3!3,

In a Twin ALS epigenetics study, methylated fragments in immunity-related genes were
documented, such as EGFR, TGFb1, and TNFRSF11A and a high concentrations of IL-6, TNF-
a, and IL-1 in the same twin samples®4. The major histocompatibility complex (MHC) is an
extremely gene-dense region with long-range LD and hundreds of immunologically active
genes®'®, Analysing the mRNA expression of a panel of 14 genes that encode MHCI receptors
led to a report that the killer cell immunoglobulin-like receptor, three IgG domains and long
cytoplasmic tail 2 (KIR3DL2), which encodes an inhibitory MHCI receptor, was uniquely

expressed in all human ALS astrocytes®'®. Studying the genetic basis of the immune reaction
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might explain the direct effect of epigenetics on the phenotype, severity, and progression of the
ALS course, similarly to other autoimmune complex diseases. Fine mapping and the usage of
the genetic Immunochip has narrowed the association signals to differing extents across the
various autoimmune complex diseases®'®. New genetics editing tools such as CRISPR can then
be tested when there is a gene of interest. Currently, the field of ALS has several studies using
a panel of biomarkers in assessment of neuroinflammation and also examining Treg cell

immuno-modulation therapy.’
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Appendix

Supplementary materials

Clinical vignettes

Case 1: A59 year old man describes a worsening history of difficulty with keys, turning door
handles, and manipulating buttons over the last year. His arm has become noticeably thinner
in that time, and occasionally the muscles twitch. He cannot straighten the fingers of his right
hand easily. He notices his walking has also slowed down, so that whereas he could previously
walk a mile in about 15 minutes, it now takes about 30. There is no problem with speaking or
swallowing, and there are no respiratory symptoms. Clinical examination confirms distal
weakness of the right upper limb and proximal wasting and weakness of the lower limbs, with

brisk reflexes in some muscles.

Case 2: A 65 year old man developed problems with walking two years ago. He initially
noticed his right foot was dragging, and occasionally he would trip over. Eighteen months ago,
he started finding it increasingly difficult to lift heavy objects and to dress himself. Over the
past 6 months he has found his speech has become slurred, although he has not had difficulty
with chewing or swallowing food. He was previously able to walk for a mile without becoming
short of breath, but now after 10 minutes he feels breathless. He also becomes short of breath
when lying flat at night and he wakes up with a headache. His clinical examination reveals
weakness of both lower limbs, primarily on the right side, and some proximal weakness in his
upper limbs, with pathologically brisk reflexes. His peripheral capillary oxygen saturation on
room air is 93% and an arterial blood gas test reveal that he is hypercarbic with pCO; of 6.3

kPa.
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Case 3: A 60 year old woman reports a two and a half year history of difficultly walking, and
she finds that recently this has become worse. Her main problem is that her left leg feels weak,
and she finds it drags while she is walking. She also notices twitching in her leg muscles. She
now is unable to walk for longer than 10 minutes. A few weeks ago, she started having
weakness in her right hand, finding that she cannot easily use her right thumb when picking up
small objects. She has not experienced any difficulty swallowing or with speech, or with her
breathing. Clinical examination reveals she has distal wasting and weakness of both lower

limbs and her right hand and a pathologically brisk jaw jerk reflex.

Case 4: A 71 year old man reports a seven month history of pain and weakness in his right leg
making walking difficult. He has not noticed any weakness in his arms, or any problems
swallowing or with his speech. His breathing has also been normal. Clinical examination
confirms he has proximal right lower limb weakness. Several fasciculations are noted in his
right upper limb and he has pathologically brisk reflexes in all limbs with bilateral finger jerks

and Hoffmann's jerks elicited.

Case 5: A 63 year old man has a fourteen month history of slurred speech, finding this has
become worse over the past four months. His speech is now difficult to understand, and his
voice has become softer, so he has to repeat himself frequently. He notices he is having
excessive saliva, and finds it difficult to swallow this, so he frequently drools. Over this same
period of time he finds himself choking whilst eating solid food, so he now can only manage a
food of a very soft consistency or liquid food, but occasionally chokes on this also. His
clinicians recommend that he should now consider having a gastrostomy inserted, but he

decides against this intervention.
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Case 6: A 75 year old man describes a six month history of difficulty using his right arm. He
finds he cannot carry heavy objects and now finds it problematic combing his hair and brushing
his teeth with his right arm. He sometimes finds it difficult to cut up food and notices
handwriting is slower and clumsier. He has no difficulty with walking or with his speech,
swallowing or breathing. Clinical examination reveals proximal wasting and weakness of his

right upper limb with pathologically brisk upper limb reflexes.

Case 7: A 41 year old man noticed cramps in his left arm nine months ago with weakness, and
now his right arm and hand are also weak. He can no longer work as a builder as he cannot lift
his building materials and tools. He sometimes also finds it difficult to tie his shoelaces and
fasten zips and buttons. He is still able to walk to the local train station one mile away, and
does not feel that his legs are weak, that his walking has slowed down or that he has difficulty
climbing stairs. On clinical examination his strength is reduced in the upper limbs and normal
in the lower limbs with pathologically brisk knee and ankle reflexes and crossed adductor

reflexes. Plantars are downgoing.

Case 8: A 66 year old woman has a four year history of worsening weakness of her left leg,
leading to difficulty walking. She now uses a walking stick around the house, and before her
symptoms started, she could walk a mile, but can now no longer do this. Over the past two
years she has also noticed difficulty lifting her grandson and finds it challenging to cut up food
and dress herself. Over the past few months she occasionally gets breathless at night and on
exertion. She does not sleep well, finding she is sleepy during the day. Her peripheral capillary

oxygen saturation on room air is 95% and her other respiratory tests are within normal limits.
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Case 9: A 77 year old man has had a two year history of progressive difficulty with walking.
He used to be able to walk a mile in 20 minutes, but now cannot walk that far without his legs
feeling stiff. He has not had any weakness in his arms, and has not had difficulty swallowing
food, with his speech or breathing. His clinical examination confirms proximal weakness,
increased tone and pathologically brisk reflexes in his lower limbs but is otherwise normal. He
had a gastrostomy tube inserted four months ago due to oropharyngeal cancer, which is being

treated with surgery, chemotherapy and radiotherapy.

Case 10: An 84 year old woman has progressive dysarthria and excessive salivation for seven
months. On examination she has a wasted tongue, a pathologically brisk jaw jerk and bilateral
wasting of the small muscles of her hands, including the first dorsal interossei. The rest of the

examination is normal.

Case 11: A 72 year old woman has a fourteen month history of dragging her right foot while
walking. Her left leg also became affected three months ago and she has no other weakness.
She is found by her doctor to have pathologically brisk patellar reflexes and brisk biceps and

supinator reflexes in her right arm. All other examination findings are normal.

Case 12: A 55 year old woman describes a ten month history of weakness and stiffness in both
hands. A few months later she starts to limp with her right foot slapping on the ground. She
has no reported problems with her speech or swallowing, and no respiratory symptoms. On
examination she has a wasted, fasciculating tongue and distal wasting and weakness in her
limbs. During the clinic visit her voice becomes quieter and she slurs her sentences. Respiratory

testing shows the vital capacity is 75% of predicted.
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Case 13: A 46 year old man has a nine month history of progressive weakness of the legs. On
examination he has increased tone in all four limbs with wasting and fasciculation in his lower
limbs and crossed adductor reflexes.

Case 14: A 57 year old man noticed muscle wasting in his right hand two years ago. Last year
his right foot started to flap when he was walking. Over the past two months his speech has
become slurred after talking for a long time. Examination reveals a wasted and fasciculating

tongue, weakness of the right hand and a right foot drop.

Case 15: A 70 year old man has a year long history of difficulty swallowing, choking and
excessive salivation. He becomes very fatigued when eating and suffers from frequent chest

infections despite a modified diet. His weight has dropped from 65 Kg to 55 Kg.

Case 16: A 54 year old woman reports weakness in her left leg slowly getting worse over the
last three years. Over the past year her arms have become weaker. For the past few months she
has been feeling short of breath and sleeping poorly. Her forced vital capacity (FVC) is less

than 50% of the predicted value.

Case 17: A 70 year old woman reports a four year history of difficulty walking requiring
walking aids with no other symptoms. Examination reveals increased tone in the all the limbs,
more so on the right side. She has a pyramidal pattern of weakness in all limbs, and is unable
to lift her arms. She has pathologically brisk reflexes in her limbs. There are no bulbar signs,

no weight loss, and respiratory testing is normal.



