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Abstract 1

Abstract

Amyotrophic lateral sclerosis (ALS) is a devastating neurodegenerative disease characterised
by progressive, widespread, degeneration of the upper and lower motor neurons until
death from respiratory paralysis. Two major facets of ALS are the heterogenous patient
population and complex biological architecture. This heterogeneity may obstruct the
discovery of effective therapies, none of which presently exist. Refining knowledge about
the genetic basis of the disease could improve understanding of patient phenotypes while
improved classification of disease subgroups and biological mechanisms overlapping with

other diseases may enable discovery of much-needed treatments.

Accordingly, the focus of this thesis is upon genotype-phenotype relationships in ALS.
Included within are investigations of (1) disease risk for people found to harbour certain
genetic variants, (2) disease subgroups identified via data-driven approaches or defined by
specific genetic variation, and (3) genetic overlaps with Alzheimer’s disease, frontotemporal
dementia, Parkinson’s disease, and schizophrenia. Several tools were developed across
these studies, including (1) a novel method for calculating genetic penetrance, implemented
within an R function and companion web-tool, (2) a web-server for comparing the ALS
phenotype across different groups of people, and (3) a command-line workflow for
statistical fine-mapping and colocalisation analysis. These utilities have been made freely

available for use in future research.

The first chapter of the thesis overviews current understanding of ALS, focused on its clinical
and genetic spectrum, and outlines the current therapeutic landscape and previous
attempts to identify homogenous disease subtypes. Subsequent chapters summarise the
objective of each study, general methodology, and the investigations performed. The thesis
concludes with an overall summary of findings and outlines directions for future research

building upon this work.
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Chapter 1.  Introduction

Amyotrophic lateral sclerosis (ALS), also known as ‘motor neuron disease’, is a devastating
neurodegenerative disease characterised by progressive, widespread, degeneration of the
upper and lower motor neurons until death from respiratory paralysis (R. H. Brown & Al-
Chalabi, 2017). The lifetime risk of ALS is estimated to be between 1 in 300-400 people, and
it is more frequent in men than women (Alonso, Logroscino, Jick, & Hernan, 2009; R. H.
Brown & Al-Chalabi, 2017; Johnston et al., 2006). Point prevalence of the disease is
estimated at around ~5 per 100,000 persons and incidence at ~1-3 per 100,000 person-
years (Alonso et al., 2009; Chio et al., 2013; P. Mehta et al., 2018).

1.1.  Classifying ALS

ALS was first described in the 19t century. The term was coined by Jean-Martin Charcot
around 1874, following recognition of the frequent co-occurrence of patterns of
degeneration we would now describe as primary lateral sclerosis and progressive muscular
atrophy, which are respectively characterised by degeneration restricted to either the upper
or lower motor neurons (Rowland, 2001; Turner, Barnwell, Al-Chalabi, & Eisen, 2012).
Documented cases of ALS precede the term, dating back to at least 1853. Overlap between
ALS and other neurodegenerative syndromes is increasingly acknowledged in contemporary

literature. Historic evidence of this dates back to the early 20t century.

The ‘Gold Coast’ criteria are a recent revision of ALS classification guidelines (Shefner et al.,
2020). Three diagnostic criteria are specified:

e Progressive motor impairment

e Upper and lower motor neuron dysfunction in at least one body region, or lower

motor neuron dysfunction in at least two regions

e Appropriate investigation to exclude other diseases
These supersede the El Escorial criteria, which were first published in 1994 and had
undergone several subsequent refinements (Al-Chalabi et al., 2016). One key improvement
over past criteria is simplification into a binary ‘ALS’ or ‘not ALS’ decision; diagnoses were

previously assigned confidence levels. Another improvement is the acknowledgement of the
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heterogeneity of patient clinical presentations, including recognition of overlap with other

disorders.

People with ALS are commonly stratified into ‘familial’ and ‘sporadic’ disease groups.
Familial cases are those occurring alongside family disease history, which is absent for
sporadic cases. A 2011 meta-analysis finds the familial rate to be ~5%, but consensus is
lacking on what constitutes a positive family history and, accordingly, reported familiality
rates are 5-30% (Byrne et al., 2011; Ryan et al., 2018; Vajda et al., 2017). Further issues also
exist with these classifications. First, they allude to familial and sporadic ALS forms being
distinct, yet clinically they are not (Chio et al., 2014). Indeed, even an inherited disease
origin may appear sporadic, with genetic and kinship characteristics affecting this likelihood
(Al-Chalabi & Lewis, 2011). Second, grouping patients in this way can be detrimental,
stratifying research samples and providing little-to-no benefit to patients (Al-Chalabi, 2017).
Division of patients into meaningful subgroups, linked to specific disease pathways, will

likely have greater benefit for both treatment and research.

1.2.  Patient characteristics and the spectrum of disease

People with ALS do not display uniform demographic or clinical profiles. Disease may onset
across a wide age range, but most commonly between ages 50 and 70 (Johnston et al.,
2006; P. Mehta et al., 2018). Around 10% of contemporary cases emerge before age 45; this
proportion was historically greater, a change reflecting the proportional relationship
between age of onset and life expectancy (Byrne, Jordan, Elamin, & Hardiman, 2013; Turner
et al., 2012). From first symptom onset, patients survive a median of three years (Al-Chalabi
& Hardiman, 2013). Aggressive manifestations result in death after one year, and others
display a longer course; 5-10% of people with ALS survive for over 10 years (Chio et al.,

2009; Juneja, Pericak-Vance, Laing, Dave, & Siddique, 1997a).

Around two thirds of people have onset in the spinal cord, a third start in the bulbar region,
and a small subset (~3%) begin in the respiratory region (Beeldman et al., 2016; R. H. Brown
& Al-Chalabi, 2017; Masrori & Van Damme, 2020; Shoesmith, Findlater, Rowe, & Strong,

2007; van Es et al., 2017). Whether disease will predominantly affect upper or lower motor

neurons is also variable, as is the symmetry of degeneration across the body (Al-Chalabi &
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Hardiman, 2013; Al-Chalabi et al., 2016). Flail arm and leg syndromes are symmetrical
phenotypes predominantly affecting the upper or lower limbs. Progressive bulbar palsy
labels degeneration restricted to bulbar musculature. People with initially restricted
degeneration often develop a more generalised phenotype as disease progresses (Al-

Chalabi et al., 2016).

Motor-centric aspects only constitute part of the phenotypic disease spectrum, and the
occurrence of non-motor symptoms including psychiatric or cognitive abnormalities
associated with other disorders is increasingly recognised (Beeldman et al., 2016; Fang,
Jozsa, & Al-Chalabi, 2017; Ferentinos et al., 2011; Zarei et al., 2015; Zucchi, Ticozzi, &
Mandrioli, 2019). Disorders with reported clinical or biological overlaps with ALS include
frontotemporal dementia (FTD), Parkinson’s disease, Alzheimer’s disease, depression,

epilepsy, and schizophrenia.

The ALS-FTD overlap is particularly notable. FTD is the second most common cause of early-
onset dementia, and labels a group of heterogenous degenerative disorders characterised
by changes in cognition, behaviour, or language proficiency (Ratnavalli, Brayne, Dawson, &
Hodges, 2002; Young, Lavakumar, Tampi, Balachandran, & Tampi, 2017). Neurologically, FTD
syndromes are characterised by progressive degeneration of either or both of the frontal
and temporal lobes of the brain. In some studies, up to 15% of people with ALS have a joint
FTD diagnosis and cognitive dysfunction has been found in around 50% (Beeldman et al.,
2016; Bora, 2017; Byrne, Heverin, et al., 2013; Crockford et al., 2018; Montuschi et al., 2015;
J. Murphy et al., 2016; Phukan et al., 2012; Zucchi et al., 2019). The frequency of FTD
increases by ALS clinical stage, which suggests a common underlying pathology (Crockford
et al., 2018) we now know to be the finding of TDP43 protein inclusions in affected and
unaffected neurons. Other evidence supporting the considerable ALS-FTD overlap is their
high co-occurrence within affected kindreds, and a partially shared genetic basis (Balendra
& Isaacs, 2018; Boeve et al., 2012; Lattante, Ciura, Rouleau, & Kabashi, 2015). ALS and FTD
are therefore thought to represent a spectrum of disease, whose architecture remains to be

fully characterised but includes TDP43 proteinopathy.
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1.3.  Genetic contributions to ALS

Genetic and environmental factors are both important in shaping ALS disease outcomes,
which result through their interplay (Al-Chalabi & Visscher, 2014; Cady et al., 2015; Chio et
al., 2018; Morgan et al., 2017; Shatunov & Al-Chalabi, 2021). Both common and rare

variants contribute towards the genetic portion of disease variance.

Heritability estimates, which describe the relative contribution of genetic and
environmental factors to variance in a phenotype, demonstrate the shared importance of
genetic and environmental effects in ALS. Leveraging family-based data from twin studies
and parent-offspring dyads, 50-60% of variance in ALS has been attributed to genetic factors
(Al-Chalabi et al., 2010; McLaughlin, Vajda, & Hardiman, 2015; Ryan, Heverin, McLaughlin, &
Hardiman, 2019). Genomic estimates capturing variance attributable to common single
nucleotide variants estimate heritability at ~8-21% (Fogh et al., 2014; Keller et al., 2014; van
Rheenen et al., 2016). The disparity between family-based and genomic figures likely
reflects the contribution of rare variants not represented within the genomic data; it is
expected to fall in genomic studies which apply whole-genome sequencing data (Al-Chalabi

& Visscher, 2014; Wainschtein et al., 2022).

1.3.1. The spectrum of ALS genetics

Variants in over 40 genes are implicated as causal for or modifiers of ALS (Chia, Chio, &
Traynor, 2018; P. R. Mehta et al., 2022; Shatunov & Al-Chalabi, 2021). The most recent
genome-wide association study (GWAS) for risk of ALS identified 12 genome-wide significant
loci in analysis of European (Ncases = 27,205; Ncontrols = 110,881) populations, and a further 3
within cross-ancestry analysis of European and Asian (ncases = 2,407; Ncontrols = 11,775) cohorts

(van Rheenen et al., 2021).

The most prevalent genetic cause of ALS is a pathogenic hexanucleotide GGGGCC repeat
expansion in the C9orf72 gene, which accounts for 6% of ALS in European, 1% in Asian, and
(across 103 individuals) ~7% in African populations (Marogianni et al., 2019; Nel et al.,
2022). C9orf72 is located at chromosome 9p21.2 and was identified in 2011; its discovery

was preceded by years of awareness about the involvement of chromosome 9p in ALS
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(Delesus-Hernandez et al., 2011; Morita et al., 2006; Shatunov et al., 2010; van Es et al.,

2009; Vance et al., 2006).

The other prominent gene is SOD1 which contains over 180 ALS-associated non-
synonymous variants, which cumulatively account for 2% of European and 3% of Asian, and
(across 103 individuals) ~5% of African ALS (Abel, Powell, Andersen, & Al-Chalabi, 2012; Nel
et al., 2022; Opie-Martin et al., 2022; Z.-Y. Zou et al., 2017). SOD1 is located at chromosome
21922.11 and was the first known genetic cause of ALS, identified in 1993
(https://www.alsod.ac.uk; Abel et al., 2012; Rosen et al., 1993).

Most implicated genes individually account for a small proportion of cases, and known
variants cumulatively explains disease for around 15-20% of people; 70% of familial and 15%
of sporadic presentations, when stratified by family history (R. H. Brown & Al-Chalabi, 2017;
Chia et al., 2018) Some genes (e.g., SOD1, C9orf72, TARDBP, and FUS) have been widely
investigated (Marogianni et al., 2019; Z.-Y. Zou et al., 2017), while others (e.g. DNAJC7 and
NEK1) are less well documented (Farhan et al., 2019; Kenna et al., 2016). Since many
variants putatively pathogenic for ALS are rare, their consequence is rarely characterised at
an individual level, instead trends are found by aggregating across variants within a burden
analysis framework (Dekker et al., 2019; Farhan et al., 2019). The p.A5V SOD1 mutation is
one variant that has received a particular focus; it is associated with an aggressive disease
course and survival of around one year after disease onset (Rosen et al., 1994; Saeed et al.,

2009).

Variants associated with ALS have varied characteristics. Some result from small genetic
alterations, as is seen across the spectrum of single-nucleotide variants in SOD1
(https://alsod.ac.uk/; Abel et al., 2012). Others result from larger structural genetic changes,
such as protein-truncation variants in NEK1 and short-tandem repeat expansion variants in
C9orf72 and ATXN1 (Delesus-Hernandez et al., 2011; Farhan et al., 2019; Tazelaar et al.,
2020).

The burden of ALS-linked genetic variation ranges between a large monogenic effect, akin to

Mendelian disease, and a polygenic, or modifying, effect, akin to complex disease (Al-
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Chalabi, van den Berg, & Veldink, 2017; Simpson & Al-Chalabi, 2006). Variants with
monogenic disease associations most frequently display an autosomal dominant inheritance
pattern but autosomal recessive inheritance is also observed (Pensato et al., 2020;
Weishaupt, Hyman, & Dikic, 2016). Genes associated with Mendelian ALS presentations
include SOD1, FUS, and TARDBP (Al-Chalabi et al., 2017; Kenna et al., 2013). Genes
containing variants with a modifying effect include UNC13A and TMEM 1068, which
reportedly affect the likelihood of FTD features emerging in ALS patients (Placek et al., 2019;

van Blitterswijk et al., 2014).

Some people have an oligogenic disease basis, where ALS occurs in the presence of two or
more variants (Giannoccaro et al., 2017; Lattante et al., 2015; Nguyen, Van Broeckhoven, &
van der Zee, 2018; Pang et al., 2017; van Blitterswijk et al., 2013; van Blitterswijk et al.,
2012). Harbouring multiple disease-linked variants likely shapes the phenotype, for
example, producing an earlier age of onset or more aggressive disease than in those with
fewer disease-linked mutations (Pang et al., 2017; van Blitterswijk et al., 2013). Oligogenic
disease is particularly documented among some people harbouring the C9orf72 repeat
expansion, and this variant is thought to confer an effect between the Mendelian and

polygenic extremes (Al-Chalabi et al., 2017).

1.3.2. Translating genotype to phenotype

As the spectrum of ALS-associated genetics would suggest, research has shown various
pathways to disease. Indeed, the products of genes associated with ALS are implicated in
multiple molecular pathways (R. H. Brown & Al-Chalabi, 2017; Masrori & Van Damme, 2020;
Nguyen et al., 2018; Weishaupt et al., 2016). Associated processes include proteostasis,
autophagy, RNA metabolism, mitochondrial regulation, DNA repair, cytoskeletal dynamics
and transport, and inflammation. Unfortunately, the mechanisms through which ALS

emerges following dysfunction in these pathways remain unclear.

The multistep model of ALS has been applied to demonstrate how different genetic burdens
modify disease susceptibility. The model posits that disease will onset after someone is
exposed to a threshold number of disease-causing factors and is shown to fit ALS within

several independent populations (Al-Chalabi et al., 2014; Chio et al., 2018; Vucic et al.,
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2020). Typically, around 5-6 molecular steps are required for ALS to onset. However, it is
reported that as few as 2-4 steps are required for onset in individuals with vulnerabilities in
key genes (SOD1, C9orf72, and TARDBP). An oligogenic disease basis also fits within this

model, where genetic burdens can cumulatively contribute towards disease-steps.

Other key determinants of genotype-phenotype relationships must be considered when

investigating the architecture of ALS.

The first is pleiotropy, where a genotype is associated with multiple phenotypes. In ALS,
pleiotropy is increasingly recognised. The C9orf72 repeat expansion illustrates this, as
carriers are roughly equally likely to develop ALS or FTD, and, less frequently, other
neuropsychiatric conditions (Cooper-Knock, Kirby, Highley, & Shaw, 2015; Majounie et al.,
2012; N. A. Murphy et al., 2017). Complex genetic influences, from variants with individually
small but compounding effects, also appear pleiotropic. Genetic correlations have been
shown with other neuropsychiatric traits such as Alzheimer’s disease, Parkinson’s disease,
and schizophrenia (C. Li, Yang, Ou, & Shang, 2021; McLaughlin et al., 2017; van Rheenen et
al., 2021). ALS also has positive genetic correlations with smoking status and moderate
physical activity, and negative genetic correlations with cognitive performance, educational
attainment, and light exercise (Bandres-Ciga et al., 2019; Restuadi et al., 2022; van Rheenen
et al., 2021). Pleiotropy is expected within the multistep hypothesis of ALS, because

different downstream events may profoundly affect the ultimate phenotype.

The second determinant is penetrance, the probability of an outcome (e.g., disease) given
the person harbours a particular variant; this can be considered at an age-dependent level
or across the lifespan. Again, this is a prediction of the multistep model, since carrying an
implicated variant is not sufficient for disease, and the remaining steps are required for
disease onset. Unfortunately, penetrance is poorly characterised in ALS (Chio et al., 2014; N.
A. Murphy et al., 2017). It has been estimated in variants in some genes, such as SOD1,
TARDBP, FUS and C9orf72, but the accuracy of these is uncertain. This can be attributed to
weaknesses of current penetrance estimation approaches. Pedigree-based estimates are
difficult to generalise, since they are unique to the studied kinship and shaped by various

interacting factors (Chio et al., 2014). Population based estimates are, in the absence of
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systematic sampling of healthy population members, flawed owing to ascertainment bias
towards people affected (Chio et al., 2014; N. A. Murphy et al., 2017). A novel approach to

estimate penetrance in ALS would accordingly be beneficial.

1.4.  Treating ALS

Discovery of effective treatments for ALS continues to be a pervasive challenge. The benefit
of treatment with riluzole was first shown in 1994 (Bensimon, Lacomblez, & Meininger,
1994). However, this drug can extend life expectancy from onset by no more than a few
months (Lacomblez, Bensimon, Leigh, Guillet, & Meininger, 1996; van Eijk et al., 2020). In
2017, edaravone became the second FDA approved drug treatment for ALS, slowing motor
neuron deterioration but with little evidence to suggest benefits for life expectancy (Gao et

al., 2023).

The poor efficacy of existing therapeutic strategies in ALS might reflect the heterogeneity of
the disease, and that existing drugs are not suitable for all disease presentations. For
instance, mouse models have shown riluzole to be ineffective for treating ALS associated
with deleterious variants in genes such as SOD1, TARDBP, and FUS (A. L. Wright et al., 2021).
Meanwhile, other studies have suggested that treatment with lithium extends survival
trajectories specifically among people homozygous for the ‘C’ allele of the rs12608932
single nucleotide variant in UNC13A, bringing survival in-line with people without the
variant (van Eijk et al., 2017; Willemse et al., 2023). Investigation into the therapeutic utility

of lithium is ongoing.

Accordingly, evidence to date suggests that successful treatment of ALS may lie within a
precision medicine framework, which would tailor therapy to the disease cause relevant for
each person. Clinical trials of precision medicine strategies are in progress. To date, these
have focussed on gene therapies aiming to offset aberrant function associated with specific
genetic variation (Amado & Davidson, 2021). For example, tofersen is an antisense
oligonucleotide drug to treat ALS for the 2-3% of people with SOD1 variants by impeding
translation of SOD1 protein (Miller et al., 2022). The drug is not yet approved but reduction
in functional decline across several measures after 52 weeks suggests that the approach

holds promise for a breakthrough in ALS therapeutics.
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1.5.  Defining disease subtypes

Beyond diagnostic labels, ALS subtypes are often defined by genetic variation believed to
cause the disease (e.g., SOD1- or C9orf72-associated ALS). These are useful groupings which
should be pursued to allow genetically-targeted treatment strategies, as discussed in 1.4.
Indeed, this is particularly so in instances like SOD1-ALS which appears biologically separate
from non-SOD1 disease (Mackenzie et al., 2007). However, a ‘per-gene’ approach may not
always be effective given the breadth of biological architecture for ALS. This is because, first,
disease is often not associated with a monogenic cause and, second, individual
variants/genes account for a small proportion of those affected. Accordingly, efforts to
identify broader disease subgroups defined by a subgroup-relevant disease mechanism are
warranted. This aim seems reasonable since disease associated with certain genetic
variation, such as the C9orf72 repeat expansion, appears biologically indistinguishable from

presentations without the variant (Humphrey et al., 2023).

For such subgroups to be identified, we must understand the features which distinguish
them. Data-driven approaches to tease apart the heterogenous and interlinked biological
and phenotypic components of ALS will likely lie at the centre of these investigations.
Comparison between distinct types of ALS may then permit discovery of subgroup particular
disease mechanisms (Jones et al., 2015), which themselves can inform future therapeutic

approaches.

Previous work aiming to break-down the heterogeneity of ALS has described five subgroups,
identified with latent class cluster analysis, in clinical data sampled from a cohort of 1,467
people from the United Kingdom (Ganesalingam et al., 2009). These subgroups were
predictive of disease duration from onset until death or censoring and distinguished first by
time from onset to diagnosis (diagnostic delay) and second by site of onset (bulbar or
other). Another investigation, applying high-dimensional clinical data and a machine-
learning approach across two independent Italian cohorts (ndiscovery = 2,361; Nreplication = 989),
found clusters conforming to the following clinical subgroups: bulbar, respiratory, flail arm,
classical, pyramidal, and flail leg (Chio, Calvo, Moglia, Mazzini, & Mora, 2011; Faghri et al.,

2022). They found that 11 of the included features were important to the model, including
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those relating to the site/anatomical level of disease onset and measures of disease
progression. These clinically-based studies are useful but do not explore whether the

identified subgroups map onto any biological disease trends.

A number of biologically-driven clustering studies do exist and have found subgroups
derived from transcriptomic and neuroanatomical data that appear to be reflected across
different data modalities (Bede, Murad, Lope, Hardiman, & Chang, 2022; Bede, Murad,
Lope, Li Hi Shing, et al., 2022; Dukic et al., 2021; Eshima et al., 2023; Tam et al., 2019). To
give examples, one study (N = 208) finds shorter disease duration for people with increased
expression of genes associated with glial activation in comparison to other transcriptomic
subgroups (Eshima et al., 2023). A second (N = 300) finds that clinical groups of ‘ALS’,
‘primary lateral sclerosis’, and ‘poliomyelitis survivors’ can be predicted using neuroimaging
data (Bede, Murad, Lope, Li Hi Shing, et al., 2022). A third (N = 214) distinguishes between
two neuroanatomical subgroups, finding the C9orf72 repeat expansion to be approximately
3.5 times more frequent in one group than the other (Bede, Murad, Lope, Hardiman, et al.,

2022).

Taken together, investigations into subtyping of ALS have demonstrated that data-driven
disease subgroups can be found and that the signatures of these may translate between
different biological modalities or be displayed in the phenotype. Studies to date have not,
however, been validated in independent samples from different populations, limiting their
generalisability. Moreover, despite ALS being clinically defined, no study has examined
whether biological differences exist between clinically-defined subgroups identified through

data-driven approaches.

Identification of homogenous ALS subgroups which are robust and consistent across

populations would have huge potential benefit for ALS precision medicine discovery. Their
utility would be particularly great if these groups can be identified using only data available
at or before time of diagnosis, such as genetic variants acting as biomarkers for a particular

subgroup.
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1.6. Future steps
As outlined within this chapter, the spectrum of ALS is broad, both phenotypically and
biologically. Effective treatment strategies are also lacking, and this may be attributable to

the heterogeneity of the disease.

It is important that future work aims to better understand the differences between people
with or at risk of later developing ALS. Consideration should be given to genetic
contributions across the monogenic to polygenic spectrum, including how the phenotype
differs between distinct variants. The relevance of variable penetrance and pleiotropy

across variants should be better established.

Research should also aim to identify homogenous subtypes of ALS that share a common
disease cause. Such investigations are critical for informing both patient care and
development of novel therapeutic strategies. Research may only be able to distinguish these
groups by sampling across the diverse spectrum of people affected by the disease.
Accordingly, continually developing machine-learning and bioinformatics approaches will
likely play a substantial role in these investigations, alongside large multi-national datasets

(Al-Chalabi et al., 2017).

Since these research questions are wide-spanning and unlikely to be answered within a
small number of studies, efforts should be made to develop utilities that facilitate novel

investigations as new hypotheses are formed.
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Chapter 2. Summary of objectives and thesis overview

The aim of this PhD thesis is to improve understanding of genotype-phenotype relationships
in ALS and to define and characterise biologically-relevant disease subgroups. This work
describes both empirical investigation of these questions and novel utilities developed to

facilitate future work in the area.

Chapter 3 overviews methodology pertaining to multiple chapters. Chapter 4 and Chapter 5
focus on mathematical characterisation of genotype-phenotype relationships. Chapter 6,
Chapter 7, and Chapter 8 present work aiming to characterise subtypes of ALS and genetic
variation shared with other diseases. Chapter 9 summarises key findings from the

investigations presented across the thesis and suggests directions for future studies.

2.1.  Mathematically characterising genotype-phenotype relationships

The diversity in genetic architecture that can explain ALS means that risk of disease for
people with an implicated genetic variant cannot be readily encapsulated within a single
estimate. It is critical therefore to develop understanding of the impact of harbouring, or

being suggested to harbour, particular ALS-associated genetic variants upon disease risk.

2.1.1. Developing a novel approach to calculate genetic penetrance

In Chapter 4, we aim to address the problem of poorly characterised genetic penetrance in
ALS. This goal was approached through development of a novel approach to calculate
variant penetrance using population-scale data. The method is built upon the disease model
described in Al-Chalabi and Lewis (2011) and follows principals of autosomal dominant
inheritance. It aims to circumvent the biases faced by other population-scale approaches by
stratifying people according to family disease history, accounting for family size, as opposed

to a traditional case-control design.

The chapter describes the approach and its application across several case studies,
comparing against existing penetrance estimates of LRRK2 variants for Parkinson’s disease,
and BMPR2 variants for pulmonary arterial hypertension. Novel penetrance estimates were

also made for variants in the key ALS genes C9orf72 and SOD1. Implementation of the
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approach within an R function and a web-utility aims to facilitate future investigations using

the method.

2.1.2. Modelling population genetic screening in rare neurodegenerative disease

In Chapter 5, we mathematically model future disease risks for a person identified to
harbour a variant conferring increased liability towards a rare neurodegenerative disease
during genetic testing. We contrast, particularly, the difference in risk between a targeted
testing scenario (e.g., where a parent is known to harbour a variant which may have been
transmitted to the person tested) and a population-wide screening approach which could be

applied indiscriminately across a population at any time from birth.

The work draws upon Bayesian mathematical principals and considers disease, variant, and
test characteristics affecting the probabilities of subsequent disease following genetic test
results. Several candidate case studies are described, including screening for variants
implicated in ALS, considering penetrance estimates from Chapter 4, and in Huntington’s

disease and phenylketonuria.

The chapter aims to address the increasing interest in population genetic screening and
provide important context and considerations for the interpretation of genetic test results
indicating increased liability for a rare disease (Adhikari et al., 2020; Centers for Disease
Control and Prevention, 2021; Dickinson et al., 2018; Genome UK: The future of healthcare,
2020; Jansen, Lister, van Kranen, & Cornel, 2017; Moorthie et al., 2021; Murray, Evans, &
Khoury, 2019).

2.2.  Characterising subtypes of ALS and genetic variation shared across diseases

The limited number and small benefit of existing treatments for ALS may be driven by a
‘one-size-fits-all’ therapeutic approach. In the advent of the precision and genomic medicine
era, new opportunities exist to identify therapeutic strategies targeted to mechanisms
relevant to a given person. For this to be possible, we must first define and develop
understanding of distinct ALS subgroups, considering both whether these distinctions exist

at a ‘per-variant’ or ‘per-gene’ level or whether they can be described more broadly by
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shared biological mechanisms. Relevant to this issue is genetic pleiotropy, which, if better

understood, may elucidate mechanisms in common with overlapping diseases.

2.2.1. Identifying biological subtypes of ALS with latent class clustering analysis

In Chapter 6, we aim to decompose the heterogeneity of ALS with a data-driven
classification of homogenous disease subgroups across a multi-national dataset. The
subgroups were defined using a latent class clustering analysis machine-learning approach
and based on commonly collected clinical features. Their clinical characteristics were
statistically examined, alongside differences in their genetic architecture across (1) rare
genetic variation in genes previously implicated in ALS and (2) common variants captured
within polygenic risk scores measuring genetic liability towards ALS and overlapping
neuropsychiatric disorders. We additionally examined the extent to which subgroups can be
predicted via machine-learning approaches using only data attainable around the time of

diagnosis.

2.2.2. Anonline utility for comparative phenotype analysis in ALS

Chapter 7 describes design and example implementation of a web tool developed to
facilitate analysis of the ALS phenotype across disease subgroups using primarily survival
analysis methodology. Reflecting the comparatively high prevalence of SOD1-ALS and to
allow better characterisation of the diverse phenotypic spectrum associated with variants in
the gene, this utility provides access to a large sample of people with various SOD1 variants

and a non-SOD1 comparator cohort (Opie-Martin et al., 2022).

This utility is one-step adjacent to the focus of Chapter 4 and Chapter 5, disease
susceptibility, and permits analysis of disease trends in people who have developed ALS. It
builds upon the clustering work of Chapter 6 in its provision of a facility to compare
between different disease subgroups, focussed natively upon a spectrum of SOD1 variants,
with full flexibility in how data are stratified and including various options to customise the

analysis.
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2.2.3. Examining genetic overlaps between neuropsychiatric disease

Chapter 8 describes an investigation of shared genetic variation between ALS and related
neuropsychiatric disorders. The goals of these analyses were twofold. First, the study aimed
to apply state-of-the-art statistical methods to identify and examine regions associated
between traits. This was achieved through a genome-wide local genetic correlation analysis
to identify associated loci, which were further analysed with statistical fine-mapping and
colocalisation techniques. Second, to benefit future investigations, we aimed to develop a

readily implemented workflow for the fine-mapping and colocalisation analysis protocol.

This chapter tackles the increasing recognition of pleiotropy in ALS. It extends the analyses
of Chapter 6, which focused on differences in shared genetic architecture across different
ALS subgroups, by contributing a broader analysis of the genetic landscape shared between

neuropsychiatric diseases.



Chapter 3. Methodology 17

Chapter 3.  Methodology
Most methods applied throughout this thesis are chapter-specific and therefore will be
described in full within methods sections respective to each chapter. This methodology

chapter will focus on the elements relevant to multiple chapters.

3.1.  Probability and Bayesian mathematical principles

Principles of probability and particularly Bayesian theory are widely applied within evidence-
based medicine (Hunink et al., 2014). These principles are also applicable to Chapter 4,
Chapter 5, and Chapter 8. Accordingly, relevant mathematical concepts are briefly

presented here.

Within probability theory, all outcomes (i.e., events) that may occur must have probabilities
between 0 and 1. The probabilities for all possible outcomes in the event space of, for
instance, ‘A’ must sum to 1. Therefore, for a binary outcome, if the event A has the
probability P(A), then the probability of not-A, A’, would be P(A") and can be calculated by

subtracting from the total event space (i.e., P(4") = 1 — P(4)).

Bayes theorem describes the probability of event A given knowledge about other events

upon which A is conditional. Considering the event A which is conditional upon event B,

Equation 3-1
P(A) xP(B|A) P(ANnB)
P(B) ~ P(B) '’
letting P(A) and P(B) be the total probability of each of A and B and P(A N B) be the

P(A|B) =

probability that the events both occur. The probability of event A given that event B has
occurred is denoted as P(A|B), and P(B|A) represents the probability of B given A. With
reference to Equation 3-1, P(A|B) is the ‘posterior’ probability of A given B is true, whereas

P(A) is the ‘prior’ probability of A (i.e., current knowledge about the probability of A).

The total probability of a conditioned event can be derived from the probabilities of all
mutually exclusive occurrences of the event within the total event space. Letting 4 be

conditioned upon event B,
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Equation 3-2

P(A) = P(A|B) X P(B) + P(A|B") x P(B").
The chain rule is relevant for determining the probabilities of more than 2 events co-

occurring. For instance, the probability that all events A, B, and C occur is:

Equation 3-3
P(ANnBNC)=P(A) X P(B|A) X P(C|B N A).
Accordingly, the probability of both A and B given that C has occurred can be derived:

Equation 3-4

P(ANBNC)
P(C)

Where events A4, B, and C are all relevant, the probability of A given that C has occurred can

P(ANB|C) = = P(B|C) x P(A|B n C).

be determined in accordance with the principles of total probability and of Equation 3-4:

Equation 3-5

P(A|C) = P(A|IBNC) x P(B|C) + P(A|B'nC) x P(B'|C).
If A has conditional independence from C when the outcome of B or not-B, B’, is known,
then P(A|IBNC) =P(A|IBNC") = P(A|B)and P(A|B'n C) = P(A|B'nC") = P(A|B").
In this circumstance, Equation 3-5 can be simplified to:

Equation 3-6

P(A|C) = P(A|B) x P(B|C) + P(A|B") x P(B'|C).

3.2. Genome-wide association study summary statistic processing

Chapter 6 and Chapter 8 both draw upon summary statistics from European-ancestry
genome-wide association study (GWAS) meta-analyses of risk for ALS (van Rheenen et al.,
2021), frontotemporal dementia (Ferrari et al., 2014), Alzheimer’s disease (Kunkle et al.,

2019), Parkinson’s disease (Nalls et al., 2019), and schizophrenia (Trubetskoy et al., 2022).

Different versions of the ALS GWAS were used across the chapters. For Chapter 6, GWAS
summary statistics were applied to calculate polygenic risk scores (PRS) in the Project MinE
dataset (Project MinE ALS Sequencing Consortium, 2018). Since the ALS GWAS included
most of the Project MinE dataset within meta-analysis ‘stratum 6’, PRS for risk of ALS were

derived from summary statistics which exclude the stratum and analyses using the ALS PRS
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were performed using only samples from the excluded cohort. Analyses in Chapter 8 are
based on the summary statistics only and therefore we used those for the full European-

ancestry cohort.

A uniform data cleaning protocol was applied to the GWAS summary statistics (Pain et al.,
2021), with small variations between the two chapters that reflect differences in study

design.

We retained only single nucleotide polymorphisms (SNPs), excluding any non-SNP or strand-
ambiguous variants. Sampled SNPs were filtered to those present within and harmonised to
the allele order of the 1000 Genomes phase 3 (1KG) European ancestry population (n = 503)
reference dataset (Auton et al., 2015), For Chapter 6, under the GenoPredPipe analysis
protocol (Pain et al., 2021), variants within the 1KG data were first restricted to those within
the HapMap3 reference panel (Altshuler et al., 2010). If chromosomal positions were
provided, SNPs were matched between summary statistics and the reference population by
GRCh37 chromosomal position using bigsnpr (v1.11.6) (Privé, Aschard, Ziyatdinov, & Blum,
2018). Chromosomal positions were not available for the ALS GWAS subset used in Chapter
6 and these summary statistics were therefore harmonised to the reference population

after matching variants by rsID.

If not already reported, and where possible, effective sample size (Nefr) was calculated from
per-SNP case and control sample sizes (Grotzinger, Fuente, Privé, Nivard, & Tucker-Drob,
2023). When this could not be determined per-SNP, all variants were assigned a single Nef,

calculated as a sum of Nessvalues for each cohort of the GWAS meta-analysis.

Further processing was performed where possible, excluding SNPs with imputation
INFO<0.9, p-values <0 or >1, Nt >3 standard deviations from the median Nesf, or an absolute

minor allele frequency (MAF) difference of >0.2 between the GWAS and reference dataset.

For Chapter 6 we restricted to SNPs with a MAF >0.01 in both the GWAS and reference
samples, whereas variants with MAF >0.005 were retained in Chapter 8. Different

thresholds were selected to reflect differences in study aims. The PRS derived for Chapter 6
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indicate genetic liabilities for disease across common variation across the genome and the
MAF >0.01 threshold is typical. Meanwhile, the objective of Chapter 8 was to examine
genetic variation shared between ALS and overlapping neuropsychiatric traits at associated
regions of the genome. A lower MAF threshold was selected to retain additional variants in

these comparisons, recognising the relevance of rare variation to traits studied.

3.3.  Ethical approval
Ethical approval for analysis of genetic and molecular studies is established as part of
Project MinE. Ethical approval was granted by the Trent Research Ethics Committee within

the Integrated Research Application System (IRAS), reference number 08/H0405/60.

3.4.  Data and code availability
Analyses presented across this thesis were conducted using the code/resources at the
following locations:

e Chapter 4: https://github.com/ThomasPSpargo/adpenetrance

e Chapter 5: https://github.com/ThomasPSpargo/neuroGeneScreening

e Chapter 6: https://github.com/ThomasPSpargo/LatentClusterALS

e Chapter 7: https://sod1-als-browser.rosalind.kcl.ac.uk

e Chapter 8: https://github.com/ThomasPSpargo/COLOC-reporter
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Chapter 4. Developing a novel approach to calculate genetic penetrance
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4.2. Abstract

Background
Genetic penetrance is the probability of a phenotype when harbouring a particular

pathogenic variant. Accurate penetrance estimates are important across biomedical fields
including genetic counselling, disease research, and gene therapy. However, existing
approaches for penetrance estimation require, for instance, large family pedigrees or

availability of large databases of people affected and not affected by a disease.

Methods
We present a method for penetrance estimation in autosomal dominant phenotypes. It

examines the distribution of a variant among people affected (cases) and unaffected
(controls) by a phenotype within population-scale data and can be operated using cases
only by considering family disease history. It is validated through simulation studies and

candidate variant-disease case studies.

Results
Our method yields penetrance estimates which align with those obtained via existing

approaches in the Parkinson’s disease LRRK2 gene and pulmonary arterial hypertension
BMPR2 gene case studies. In the amyotrophic lateral sclerosis case studies, examining
penetrance for variants in the SOD1 and C9orf72 genes, we make novel penetrance

estimates which correspond closely to understanding of the disease.

Conclusions
The present approach broadens the spectrum of traits for which reliable penetrance

estimates can be obtained. It has substantial utility for facilitating the characterisation of
disease risks associated with rare variants with an autosomal dominant inheritance pattern.
The yielded estimates avoid any kinship-specific effects and can circumvent ascertainment

biases common when sampling rare variants among control populations.

4.3.  Background
Penetrance is the probability of developing a specific trait given a genetic variant or set of
variants. Some pathogenic variants are fully penetrant, and people harbouring them always

develop the associated phenotype. For instance, a trinucleotide CAG repeat expansion
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within the HTT gene [MIM: 613004] is fully penetrant for Huntington’s disease [MIM:
143100] by 80 years of age among people harbouring an expansion variant larger than 41
repeats (Langbehn, Brinkman, Falush, Paulsen, & Hayden, 2004). For many variants
however, penetrance is incomplete, and those with risk variants can remain unaffected
throughout their life. For example, the p.Gly2019Ser (c.6055G>A) variant of the LRRK2 gene
[MIM: 609007] exhibits incomplete penetrance for Parkinson’s Disease (PD [MIM: 168600]),
meaning that it elevates risk but does not necessarily result in its manifestation (Goldwurm

etal., 2011).

In medical genetics, estimating the penetrance of pathogenic variants is vital for the correct
interpretation of genetic test results. This importance will increase as genome sequencing
becomes routine, both within and outside clinical practice, alongside advancements in
precision medicine and gene therapy (Dewey et al., 2014; S. S. Kalia et al., 2017; Saelaert,

Mertes, Moerenhout, De Baere, & Devisch, 2019; Senol-Cosar et al., 2019).

Several methods exist for penetrance estimation. The first and most widely used is based on
statistical examination of how the variant segregates with the phenotype within pedigrees
(Otto & Horimoto, 2012). However, the generalisability of estimates derived from specific
families may be limited. Other approaches examine the incidence of disease in a sample of
unrelated people who harbour a variant (Minikel et al., 2016; C. F. Wright et al., 2019).
Without systematic sampling, these estimates can be affected by ascertainment bias.
Where large pedigrees are not available, or if disease is rare or late onset, these techniques

may not be possible (Chio et al., 2014).

Estimating penetrance for a variant of unknown significance identified, for example, during
genome sequencing-based screening can be particularly challenging. The problem is
exemplified by the large number of reported SOD1 gene [MIM: 147450] variants implicated
in amyotrophic lateral sclerosis (ALS [MIM: 105400]). ALS is a fatal neurodegenerative
disease characterised predominantly by progressive degeneration of motor neurons
(lacoangeli, Al Khleifat, Jones, et al., 2019; Shatunov & Al-Chalabi, 2021). SOD1 variants are
an important cause of ALS and over 180 ALS-associated variants in this gene have been

reported to date (Abel et al., 2012; lacoangeli, Al Khleifat, Sproviero, Shatunov, Jones, Opie-
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Martin, et al., 2019; Shatunov & Al-Chalabi, 2021), however family pedigrees suitable for

establishing penetrance are available for only a minority of these.

We have developed a new method to estimate penetrance for variants with an autosomal
dominant inheritance pattern using population level data from unrelated people who are
and are not affected by the associated phenotype. It can be operated using variant
information drawn only from affected populations, stratified according to family history
between ‘familial’ and ‘sporadic’ disease presentations. This approach is based on our
previously published model of disease which explains how variant penetrance and sibship
size determine the presence or absence of a disease for families in which the variant occurs

(Al-Chalabi & Lewis, 2011).

The method is complementary to and fills an important gap left by existing techniques.
Using population-scale data, it takes full advantage of the rapidly growing quantity of
genetic data that are being generated for a wide range of human disease and therefore it is
ideally placed to be a valuable tool in the precision medicine era. Moreover, the capacity to
assess penetrance based on the distribution of a variant between samples of unrelated
people drawn only from the affected population allows estimates unbiased by kinship-

specific effects or ascertainment of unaffected population members.

We have tested the approach in four variant-disease case examples, drawing upon the most
common and widely studied autosomal dominant variants implicated in each disease: the
p.Gly2019Ser variant of the LRRK2 gene for PD (Goldwurm et al., 2011); variants in the
BMPR2 gene [MIM: 600799] for heritable pulmonary arterial hypertension (PAH [MIM:
178600]) (Evans et al., 2016); and variants in the SOD1 and C9orf72 [MIM: 614260] genes
for ALS (lacoangeli, Al Khleifat, Jones, et al., 2019; Shatunov & Al-Chalabi, 2021).

4.4, Material and methods

4.4.1. Model
Here we describe an approach to estimate genetic penetrance for autosomal dominant

traits using population-scale data.
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Our method builds upon and extends an existing disease model (Al-Chalabi & Lewis, 2011)
which makes the following assumptions: in a nuclear family, a rare dominant pathogenic
variant is necessary but not sufficient for disease to occur, therefore penetrance, denoted f,
is not complete and family members who do not harbour the variant are not affected; all
variants are inherited from exactly one parent, thus there are no people homozygous for
the variant or de novo variants. Our extended model relaxes the assumption that the variant
is necessary for disease to occur: it assumes that people not harbouring the variant have a
residual risk for developing disease after accounting for the proportion of disease

occurrences attributed to the variant, denoted g.

Accordingly, if the probability of an individual being affected by a disease, P(A), is f when
harbouring variant M or g if M is absent, denoted M’, P(A) can be determined by
considering the probability of harbouring M, P(M):
Equation 4-1
P(A) =f xP(M)+ gxP(M'),
letting P(M’) = 1 — P(M).

In a family where a single parent harbours, and each child has a 0.5 chance of inheriting, M,

the following probabilities of being affected can be determined per family member:

Equation 4-2
P(A" =f
for the variant harbouring parent, where P(M) = 1;
Equation 4-3
: Y
P(AM” =142
(4) > 15

for each offspring, each of whom has P(M) = 0.5, and thus risk influenced by both f and g;

and

Equation 4-4

P(AM =g
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for the parent without M, where P(M) = 0, and therefore for whom disease risk is only

determined by that which is associated with M'.

Considering these individual disease probabilities, three probabilities can be determined for
a nuclear family where one parent harbours a given variant: that no family members are
affected, P(unaffected); that exactly one member is affected, P(sporadic); and that
more than one member is affected, P(familial). These probabilities are determined by
penetrance, f, residual disease risk g if not harbouring the variant, and sibship size, N. In a
family with N siblings:

Equation 4-5

P(unaffected) = (1 —f) (1 I Q) 1-g9)),

where no family member, with or without the variant, develops the disease, and where

each of the sibs have %2 probability of being transmitted the variant.

Equation 4-6

P(sporadic) = ( —g—%) 1-g9)+

a-pu(Ead)(1-2-9  a-g+
a-n(i-£-9)s.

if one family member develops the disease. This may be either the variant-harbouring
parent, exactly one of the sibs, or the parent not harbouring the variant (on account of

residual risk g). Then,

Equation 4-7

P(familial) = 1 — P(unaffected) — P(sporadic) =

(1—f)(1—f—§) (1-g)+
r(1-5-9) a-o

a2 a-5-9 a0
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where two or more family members develop the disease, which can be determined from
P(unaffected) and P(sporadic) since the total probability of a family being unaffected,

sporadic, or familial must sum to 1.

If g = 0, the original (Al-Chalabi & Lewis, 2011) and extended models are equivalent.

4.4.2. Application to penetrance calculation

Conversely, penetrance can be estimated given the observed rates of the unaffected,
sporadic, and familial disease states in families where the pathogenic variant occurs, the
average sibship size for these families, and an estimate of residual disease risk g. We can
also estimate penetrance based on the observed rates of families presenting as unaffected

versus affected, a fourth disease state whereby

Equation 4-8

P(affected) = P(familial) + P(sporadic) .
The observed rate of the arbitrarily-labelled disease state ‘X’, R(X)°?%, is used to indicate
the frequency of one of the sampled disease states across all states sampled. R(X)°?S can
be specified for any valid combination of the four disease states, drawing from any two or
three of the familial, sporadic, and unaffected disease states, or from the affected and
unaffected states. Data from the affected state cannot be specified alongside that of the
familial or sporadic disease states since the former is determined through their
combination. R(X)°?S may be specified directly if the distribution of disease states across
people with the variant is known for the state-combination used or derived as a weighted
proportion of estimates of heterozygous variant frequency across people with and without
the variant (see Table 4-1). Sibship size can be estimated for the sample either directly,
based on the average sibship size among sampled families, or indirectly, by designating an

estimate representative of the sample (e.g., from global databases).
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Table 4-1. Valid disease state combinations and corresponding weighting factors for estimating disease state rates

The defined weighting factors are used in Step 1 of the penetrance estimation approach, as described in Figure 4-1 and
Appendix A.1.1. Mg s y 4 = variant frequencies in the familial, sporadic, unaffected, and affected states; W sy 4 =
weighting factors for the familial, sporadic, unaffected, and affected states; P(A)P°P = the probability of a member of the

sampled population being affected; P(F|A) = disease familiality rate; P(S|A) = disease sporadic rate.

Variant frequencies provided Required weighting factors

Familial (M), We = P(F|A),
Sporadic (My) Ws = P(S|A)
Familial (M), Wy = P(F|A) X P(A)P°P,
Unaffected (My) Wy =1 — P(A)P°P
Sporadic (Mg), Ws = P(S|A) x P(A)P°P,
Unaffected (My) W, =1— P(A)P°P
Familial (M), W = P(F|A) X P(A)P°P,
Sporadic (Mg), Ws = P(S|A) X P(A)P°P,
Unaffected (M) Wy, =1—P(A)P°P
Affected (My), W, = P(A)P°P,
Unaffected (My) Wy, =1— P(A)P°P

Under Bayes theorem (Hunink et al., 2014), g can be determined from P(A) and P(M)
within the general population, respectively P(4)P°P and P(M)P°P, and the frequency of

variant M among people affected by disease, M,:

Equation 4-9

_ P(A)PP x (1 —M,)
1 —P(M)pop

M, and P(M)P°P may each be determined by weighted sums:

Equation 4-10

M, = My x P(F|A) + Mg x P(S|4),

and

Equation 4-11
P(M)PP = M, x P(A)P°P + My X (1 — P(A)PP)
where My s ;; denote the variant frequencies in the familial, sporadic, and unaffected states,
P(F|A) is the rate at which people in the affected population, A4, are familial, and P(S|A4) is
the disease sporadic rate (P(S|A) = 1 — P(F|A)). If the disease is rare in the population,
g =~ 0 and has negligible influence upon penetrance estimates (see the simulation studies in

Appendix A.1.2.3).
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Our penetrance calculation method involves four steps and includes the option to derive
error in the estimate. These processes are summarised in Figure 4-1 and comprehensively

outlined in Appendix A.1.1.

s ~
Step 1: Estimate R(X)°bs Step 2: Build lookup table
(T (-J-p-t;(;r-]a-l- ----- i (" Calculate the rate of state X expected across A
Define variant |i[ Define standard E represented statesat N, g, and f; = Q' wes1
frequenciesand |i| errorforvariant |i - »
weighting factors |!|frequency estimates|! 8 [ P(familial); J
[M F,S,U,AJ [WF,S,U,A] ! I 5’:
\ JHE Ji S P(sporadic); ]
) A4 u ~ N y [
Estimate rate of || Propagate errorin | <
arbitrary state X in E Mg s,u,4 to derive i Y [ P(unaffected); ) )
given data | errorin R(X)°% | <~
R(X)P E R(X)°s + E E Store corresponding R(X);* and f; values in
L )l ) lookup table
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Figure 4-1. Summary of the key steps within this penetrance estimation approach

Step 1: variant frequencies (M) and weighting factors (W) are defined for a valid subset of the familial (F), sporadic (S),
unaffected (U), and affected (A) states (see Table 4-1) to calculate rate of one of these states, arbitrarily labelled state X,
among families harbouring the pathogenic variant across those states with data provided, R(X)°PS. Step 2: Equation 4-5,
Equation 4-6, Equation 4-7, and Equation 4-8 are applied to calculate P (f amilial), P (sporadic), P(unaf fected), and

P(af fected), for a series of penetrance values, f; = 0, ...,1, at a defined sibship size, N, and with disease risk, g, for people
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not harbouring the variant. The rate of state X expected at each f; among variant harbouring families from those states
represented in Step 1, R(X){*, is calculated and stored alongside the corresponding f; in a lookup table. Step 3: The lookup
table is queried using R(X)°S to identify the closest R(X)%* value and corresponding f;. Step 4: Bias in the obtained f;
estimate is corrected by simulating a population of families representative of the sample data, estimating the difference
between true and estimated penetrance values in this population between f = 0, ...,1 and adjusting the estimated f; by
error predicted within a polynomial regression model fitted upon the simulated estimate errors. Optional step: Confidence
intervals for R(X)°PS can be calculated from error in the estimates of M provided (Hughes & Hase, 2010); Penetrance is
estimated as in Steps 3 and 4 for the interval bounds. All steps within this approach are comprehensively detailed in

Appendix A.1.1.

The method assumes that: one person is sampled per family and disease states are assigned
based on the status of the person sampled and first-degree family members only; all
variants are inherited from exactly one parent and there are no de novo variants; the value
specified for sibship size is representative of sibship size across disease state groups. We
recommend providing an estimate of g, however, g = 0 by default, which makes the
additional assumption that the trait only occurs in members of sampled families owing to

the presence of the variant.

A further assumption is made in each of the two scenarios for determining R(X)°?S. When
sampling across only families where the variant occurs, it is assumed that disease state
classifications for sampled families will not change at a future time. When estimating variant
frequencies within disease states across cohorts of people with and without the variant, it is
assumed that family disease states change comparably over time for people with and
without the variant. The latter assumption can be partially tested by examining whether age
of disease onset is equally variable for people with and without the tested variant; the

assumption is further discussed in Appendix A.1.2.2.

Appendix A.1.2 outlines the steps taken for approach validation, including details of several
simulation studies and comparison between using a lookup table or maximum-likelihood
approach for Step 3. The included simulation studies test accuracy in penetrance estimation
when input parameters are correctly or incorrectly specified, when g is accurately

measured or assumed to be 0, and according to age of sampling across several scenarios.
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We have made this approach available as the R function adpenetrance hosted on GitHub:

https://github.com/ThomasPSpargo/adpenetrance. In the GitHub repository, we

additionally provide functions to: calculate g; test for equal onset variability across two
groups; simulate how a certain degree of unequal onset variability, as indicated by the
previous function, may affect penetrance estimates. To facilitate easy use, the approach is
also hosted on a publicly available web-server, developed using the R shiny package (v1.7.3):

https://adpenetrance.rosalind.kcl.ac.uk/. The web tool is further described in Appendix

A.1.3 and Figure 4-2 presents an example of its usage.


https://github.com/ThomasPSpargo/adpenetrance
https://adpenetrance.rosalind.kcl.ac.uk/
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Penetrance calculator

Disease states represented in data: Data format: Include error propagation?

& Familial ) No data () No errors

Sporadic ) Varant counts with sample size () Provide standard errors

() UnasMocted ® Varant frequencies ® Provide confidence intervals
Aftected () Disoase state rate across representad states

Piease provide data for any combination of two or more of the ‘familial’, ‘sporadic’ and ‘'unafected’ disease states OR the 'affected’ and 'unaffected’ states. The

‘am ' state rep In whom at least one person has developed disease; 1 is the sum of the familial and sporadic disease states.
Familial parameters: Sporadic parameters:
Variant frequency estimate Variant freg y estl
0.148 0.012
Lower confidence interval Lower confidence interval
0.115 0.007
Confidence level Confidence level
85% 95% hd
Define weighting factors: Set additional parameters: Sibship data repository
Cases: Familisl disease rate Sibship size
Total Fertility Rate (World bank database):
0.05 1.543 Select region
Cases: Sporadic disease rate Disease risk if no variant Ewropean Union v
095 0.00245
Seloct year
Confidence level for penetrance estimate 2018 e
95% -
Set sibship size
Calculate

Table. Obsorved disease state rate and corosponng penstrance estimate

Lower CI  Estimate UpperCl Standard error

Observed tamilal rate 0.281 0.394 0.508 0.058
Expected familial rate 0.281 0.304 0.506 NA
Unadjusted Penetrance 0.490 0.656 0.809 NA

Adjusted Penetrance 0.491 0.701 0.926 NA

Figure 4-2. Example interface and output of the ADPenetrance web tool

Here we show the example of penetrance of SOD1 variants for amyotrophic lateral sclerosis in a European population,
applying variant frequency estimates for familial and sporadic ALS patients of European ancestry, an estimate of ALS
disease risk among people not harbouring SOD1 variants, and the average Total Fertility Rate for the European Union in

2018 (World Bank, 2020; Z.-Y. Zou et al., 2017).
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4.4.3. Case examples

Input parameters for included case studies were estimated using publicly available data.
Variant frequencies were estimated across people with and without the variant in the
familial, Mg, and sporadic, Mg, states in all cases and, in case 1, the unaffected

state, M. M was integrated into penetrance estimation for case study 1 only to
demonstrate the application of the method when sampling from various disease state
combinations. This was not applied to other case studies as estimation focusses upon rare
variants liable to ascertainment bias in control populations. In all cases, we derived the
standard error of these values, ay7, to allow for assessment of error in the penetrance
estimate. Variant frequency estimates were weighted to calculate R(X)°?S among variant-
harbouring families from those states modelled using the factors presented in Table 4-1.
Accordingly, P(F|A) and P(S|A) were defined as weighting factors in all cases. P(A)P°P is
used in all case studies to derive g, according to Equation 4-9 and is used as a weighting

factor in case 1 only.

Sibship size, N, was estimated in each case based on the Total Fertility Rates reported in the
World Bank database (World Bank, 2020) for the world region(s) best representing the

sample.

An R script permitting replication of each case study is provided within our GitHub

repository: https://github.com/ThomasPSpargo/adpenetrance.

4.4.3.1. Case 1: LRRK2 penetrance for PD
We estimated the penetrance of the LRRK2 p.Gly2019Ser variant for PD. This case illustrates
the flexibility of this method for application using data drawn from several combinations of

the defined disease states.

The first-degree familiality rate of PD, about 0.105, was used to estimate P(F|A) and
P(S|A) (Elbaz et al., 1999; Shino et al., 2010). P(A)P°P was estimated as 1 in 37 (0.027),
the lifetime risk of developing PD (Parkinson’s UK, 2017).


https://github.com/ThomasPSpargo/adpenetrance
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We estimated M. s using data aggregated from 18 European ancestry groups within a
sample of 24 world populations (Healy et al., 2008). Of 3,770 unrelated people with familial
PD manifestations, 126 (M = 0.033, og; = 2.92 X 1073) harboured the LRRK2
p.Gly2019Ser variant, compared to 130 of 10,898 with sporadic PD (Mg = 0.012, op;; =
1.04 x 1073).

As LRRK2 p.Gly2019Ser occurred in only 2 members of the unaffected control sample, we
estimated My, using the larger European (non-Finnish) sample of the gnomAD v2.1.1
(controls) database (Karczewski et al., 2020), in which 10 of 21,383 people harboured the
variant (My = 4.67 x 107%, o375 = 1.47 x 107%),

We estimated that g = 0.0267, in accordance with Equation 4-9, based on the
estimated My sy, P(A), and P(F|A).

As no single region is representative of the total sample, we estimated that N = 1.572 by
aggregating Total Fertility Rate estimates available in the World Bank database (World Bank,
2020) across each of the 18 European populations sampled, weighted by the proportional

contribution of each population to the sample (Table A-1) (Healy et al., 2008).

Additional region-specific and joint population penetrance estimates for this variant are

presented in Table A-2.

4.4.3.2. Case 2: BMPR2 penetrance for heritable PAH
We estimated the penetrance of variants in the BMPR2 gene for heritable PAH, a gene for

which the low penetrance of pathogenic variants is well established (Thenappan, Ryan, &

Archer, 2012).

Input parameters were defined based on only people with idiopathic (sporadic) or heritable
PAH diagnoses (Evans et al., 2016). This captures people with and without family disease

history and excludes PAH manifestations associated with comorbidities or drug exposure.
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We estimated P(F|A) and P(S|A) using the first-degree familiality rate of heritable PAH,
about 0.055 of people affected by either idiopathic or familial PAH (Thenappan et al., 2012).
P(A)P°P was estimated as 1 in 20 (0.05), according to an estimated 1 in 10 lifetime risk of
developing any PAH, and that idiopathic and heritable PAH forms account for approximately

50% of PAH occurrences (Corris & Seeger, 2020; Thenappan et al., 2012).

To minimise any study specific bias, we applied data from two reports to build independent
estimates for each of My 5. The first dataset (Evans et al., 2016), includes 247 people with
familial PAH, of which 202 harboured BMPR2 variants (M = 0.818, a3; = 0.025),
compared to 200 of 1174 in the sporadic state (Mg = 0.170, o37; = 0.011). The second
dataset (Aldred et al., 2006) identified that 40 of 58 people with familial PAH (M =
0.690,037; = 0.061) harboured BMPR2 variants, compared to 26 of 126 in the sporadic
state (Mg = 0.206, o3;; = 0.036). Variant counts were additionally reported separately for
small genetic variations (single nucleotide variants and indels) and structural variants in
BMPR2, allowing penetrance estimation stratified by variant type. Letting M;; = 0, we
estimated that g = 0.0401 for dataset 1, and g = 0.0388 for dataset 2, in accordance with

Equation 4-9.

The first dataset may violate two assumptions of our approach: first, information on familial
clustering was reportedly unavailable and so some families may be represented more than
once in the familial state; second, it is not specified whether disease familiality is defined
only by the disease status of first-degree relatives. The second sample overcomes a
limitation of the first as each family is represented only once in variant counts. However, it
is not reported whether disease states are defined according to the status of first-degree

relatives only. As R(X)°Ps

is calculated after weighting My, ¢ by the first-degree familial
disease rate, the impact of some bias in variant frequency estimates upon penetrance

estimates will be minimised.

The first cohort samples people from Asian, European, and North American populations;
French, German and Italian cohorts comprise about 60% of the sample (Evans et al., 2016).

The second cohort samples people exclusively from Western Europe (Aldred et al., 2006).
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We therefore estimated that N = 1.543 in both instances, the Total Fertility Rate of the

European Union in 2018 (World Bank, 2020).

4.4.3.3. Cases 3 and 4: SOD1 and C9orf72 penetrance for ALS

We estimated the penetrance of variants in the SOD1 and C9orf72 genes for ALS. For SOD1,
we examined the aggregated penetrance of SOD1 variants harboured by people with ALS.
For C9orf72, we examined the penetrance of a single pathogenic variant, a hexanucleotide
GGGGCC repeat expansion (C9orf72R¢; g.27573529 27573534GGCCCC[30<]). These
penetrances have been historically difficult to establish without incurring kinship-specific

biases. They represent ideal candidates for application of our method.

The first-degree familiality rate of ALS, about 0.050, was applied to define P(F|A) and
P(S]A) in these cases (Byrne, Heverin, et al., 2013; Byrne et al., 2011). P(A)P°P was
estimated as 1 in 400 (0.0025), the lifetime risk of developing ALS (Alonso et al., 2009).

We drew upon the results of two meta-analyses (Marogianni et al., 2019; Z.-Y. Zou et al.,
2017) to estimate My ¢ for SOD1 and C9orf72%¢. As variant frequencies differed between
Asian and European ancestries, we modelled penetrance separately for each group. We

derived OMrs using z-score conversion from the 95% confidence intervals (95% Cls)

reported: for the arbitrary state X,

Equation 4-12

95%lower
MX - MX

O'M—X—

VA

where z = 1.96 and My>"'°¢" s the lower 95% Cl bound of the estimate My.

In Asian ALS populations: SOD1 variants were harboured by 0.300 (o37; = 0.025) of people
with familial and 0.015 (o3; = 2.55 X 1073) with sporadic disease; C9orf72%E was
harboured by 0.04 (o3;; = 0.010) of people with familial and 0.01 (o37; = 5.10 X 1073)
with sporadic disease. In accordance with Equation 4-9, and letting M;; = 0, we estimated

that g = 0.00243 for SOD1, and g = 0.00247 for C9orf72"¢.
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In Europeans: SOD1 variants were harboured by 0.148 (o37; = 0.017) of people with
familial and 0.012 (o3; = 2.55 X 1073) with sporadic disease; C9orf72% was harboured
by 0.32 (o37; = 0.020) of people with familial and 0.05 (o37; = 5.10 X 1073) with sporadic
disease. In accordance with Equation 4-9, and letting M;; = 0, we estimated that g =

0.00245 for SOD1, and g = 0.00234 for C9orf72FE.

The SOD1 meta-analysis allowed consideration of the extended kinship when defining
familial ALS. The familiality definition used in the C9orf72 analysis is not stated. As before,
the weighting of M ¢ by the first-degree familial disease rate when calculating R(X)°Ps will

minimise any impact of some bias in variant frequencies upon penetrance estimates.

We tested for equal onset variability (See Appendix A.1.2.2) with the checkOnsetVariability
R function provided in the associated GitHub repository

(https://github.com/ThomasPSpargo/adpenetrance), comparing variability in age of ALS

onset for people with SOD1 or C9orf72 variants to that of people without variants in these
genes. The results (See Figure A-4) suggested approximately equal onset variability between
the SOD1 and no (SOD1 or C9orf72) variant groups, indicated by visual inspection of the
cumulative density plot provided and by an approximately equal time spanned between the
first and third quartiles of age of onset across the groups. Onset variability appears more
unequal in the C9orf72 case study, with a ~1.36 times shorter interquartile interval for
people harbouring C9orf72% than the no variant cohort. One of the simulation studies
presented in Appendix A (see Figure A-11) models a comparable departure from the equal
onset variability and demonstrates that a small but tolerable inflation of penetrance
estimates may occur if sampling a younger cohort. Since the present penetrance estimates
are based on pooled variant frequency estimates from large meta-analyses of variant
frequencies in these genes, the present degree of unequal onset variability is unlikely to

have impacted penetrance estimation.

In these datasets, the Asian ancestry cohorts were predominantly individuals from East Asia,
with small proportion from South Asia. The European ancestry cohorts primarily comprise

people from European countries, with some from North America and Australasia.


https://github.com/ThomasPSpargo/adpenetrance
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Accordingly, N was estimated for the Asian population samples as 1.823, the Total Fertility
Rate for East Asia and Pacific in 2018, and for the European population as 1.543, the Total
Fertility Rate for the European Union in 2018 (World Bank, 2020).

4.5.  Results

Here we summarise the input data and results of the case studies modelled (see Table 4-2).
Penetrance estimates are presented both when accounting for residual disease risk g
among people with no variant and when g is assumed to equal O; those accounting for g are

preferred.
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Table 4-2. Penetrance estimation across case studies

“Disease characteristics of lifetime disease risk (P (A)pop) and proportion familial (P(F|A)) are used as weighting factors (per Table 4-1) and for calculating g (per Equation 4-9, letting My, =

0 in the ALS and PAH case studies), and are defined as follows: in PD, P(A)P°P = 0.027,P(F|A) = 0.105; in PAH, P(A)P°P = 0.05, P(F|A) = 0.055; in ALS, P(A)P°? = 0.0025,P(F|A) =

0.050. *Estimated using Total Fertility Rates reported for the: populations sampled to calculate variant frequencies (see Table A-1)b1, European Union®2, or East Asia and Pacificb3 regions in

2018 (World Bank, 2020); °F = familial, S = sporadic, U = unaffected (controls); “Rate of sporadic disease has been calculated here because the familial state is not represented; €Step 4

penetrance estimates are presented, see Table A-5 for unadjusted penetrance estimates derived in Step 3. PD = Parkinson’s disease; PAH = pulmonary arterial hypertension; ALS = amyotrophic

lateral sclerosis; C9orf72RE = the pathogenic C9orf72 GGGGCC hexanucleotide repeat expansion; SNV = single nucleotide variant; indel = small insertions or deletions; Cl = confidence interval.

LRRK2

F,S,U  0.113(0.071,0.155) 0.37(0.285,0.443) 0.334(0.249, 0.408)
p.G2019S
forPD (Healy  European 0.033 0.012 Lemet ooy 'S 0247(0202,0292) 0429(0.348,0509) 0.79(0.299,0461)
etal., 2008; ancestry  (2.92x10%) (1.04x10%) (1.47x10%) ~ ' F,U  0.172(0.081,0.264) 0.35(0.247,0.428) 0.32 (0.215, 0.399)
Karczewski et
al,, 2020) S,U  0.388(0.235,0.541)¢ 0.293(0.161,0.45) 0.275 (0.138, 0.438)
All variants 0.818 0.170
(Evansetal, oo o1 154352 00401  F,S  0.218(0.195,0.242) 0.382(0.339,0.426) (0.308 (0.266, 0.351)
2016) ' '
All variants 0.690 0.206
(Aldredetal, O 0036) 154352 00388 F,S  0.163(0.111,0.215) 0.281(0.186,0.376) 0.212 (0.12, 0.305)
BMPR2 2006) ' '
variants for SNVs and 0.569 0.159
indels re . - . A b .107, 0. . .179, 0. L .11, 0.
PAH indels (Aldred 0 (0033) 154352 00413 F,S  0.173(0.107,0.238) 0.299(0.179,0.419) 0.225(0.11, 0.342)
et al., 2006) ’ ’
Structural
( A|;?$2ttsa| (g'cl)j;) (g'gig) 154352 00475  FS  0.129(0.011,0.246) 0.218(0.014,0.432)  0.138 (0, 0.345)

2006)
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SOD1 variants

0.300

0.015

e e Asian ] (A 1.82353 000243 F,S  0513(0.420,0.606)  0.829 (0.665, 1) 0.826 (0.661, 1)

ZO;O(;;?I" European (8:311?) (2_(5)5?(1120_3) 154352 000245 F,S  0.394(0.281,0.506) 0.705 (0.496,0.933) 0.701 (0.491, 0.926)
Cf:r’JZLZSRE Asian (0%01‘;) (5.1%‘210_3) 1.82353 000247 F,S  0.174(0.013,0.335) 0.263(0.016, 0.522) 0.258 (0.0108, 0.518)
g\t":[f’igfg"; European (0%3220) (5'1%'2?0_3) 154352 000234 F,S  0.252(0.208,0.296) 0.443 (0.363,0.524) 0.439 (0.358, 0.52)
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Estimated penetrance of the LRRK2 gene p.Gly2019Ser variant for PD was roughly
consistent across the modelled disease state combinations. Additional penetrance estimates
across various populations within the dataset from which this European sample was drawn

are presented in Table A-2.

The penetrance of BMPR2 variants for PAH was estimated comparably across the two
sample sets, although slightly higher within dataset one (Evans et al., 2016) than two
(Aldred et al., 2006). Penetrance was also comparable between the defined BMPR2 variant
subtypes of the second sample. Differences in these estimates reflect variation in Mg ¢
between the cohorts and may result from a different admix of variants between samples, or
unspecified family clustering within the first sample set. It is not known for either dataset
whether family history classifications were restricted to first-degree relatives only and so
the estimates obtained may be slightly inflated. We note, however, that impact of any
inflation was minimised because variant frequency weighting factors were correctly defined.

With the available data these possibilities cannot be explored further.

Penetrance estimates of SOD1 and C9orf72 variants for ALS demonstrate consistency within
genes across populations and indicate that the penetrance for ALS is greater in people
harbouring SOD1 variants than in those harbouring C9orf72R¢. Table A-3 presents additional
penetrance estimates for several widely-described SOD1 variants: penetrance was
estimated as 1 for p.Ala5Val (c.14C>T), 0.644 for p.lle114Thr (c.341T>C), and O for
p.Asp91Ala (c.272A>C). Each estimate made in these case studies may be slightly inflated
owing to inclusion of extended kinship within familiality definition. However, as before,

accurately defined weighting factors will have minimised this impact.

4.6. Discussion
We have developed a novel approach to estimate the penetrance of genetic variants
pathogenic for autosomal dominant traits. The method was tested via simulation studies

(see Appendix A.1.2.3) and application to several case studies.
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Our penetrance estimates of the LRRK2 p.Gly2019Ser variant for PD and of the aggregate
penetrance of BMPR2 variants for PAH closely matched those obtained using other
approaches. Previous research on LRRK2 p.Gly2019Ser estimates its lifetime penetrance
between 0.24 (95% CI: 0.135,0.437) and 0.45 (no Cl reported) when analysing data that is
not liable to inflation owing to biased selection of familial cases (Goldwurm et al., 2011).
Longitudinal analysis of disease trends among 53 families harbouring BMPR2 variants finds
penetrance as 0.27 overall, 0.42 for women and 0.14 for men (Larkin et al., 2012). These
case studies additionally demonstrated the importance of considering residual disease risk
(g) for family members not harbouring the variant when estimating penetrance in more
common traits. This importance is explored further within simulation studies (see Appendix

A.1.2.3; Figure A-8).

The estimates in the SOD1 and C9orf72 case studies align with current understanding of

penetrance in these ALS genes.

For SOD1 variants, penetrance for ALS is incomplete and differs between variants
(Andersen, 2006; Chio et al., 2014). The widely-described p.Ala5Val (formally p.Ala4Val)
variant has a recorded penetrance of 0.91 by age 70 (Cudkowicz et al., 1997). Among other
variants, penetrance is typically lower (Andersen, 2006; Chio et al., 2014). Of those best
characterised, p.lle114Thr approaches complete penetrance in some pedigrees and
p.Asp91Ala reaches polymorphic frequency in some populations, with linked ALS
presentations typically displaying an autosomal recessive pattern (Chio et al., 2014;
Cudkowicz et al., 1997; lacoangeli, Al Khleifat, Sproviero, Shatunov, Jones, Opie-Martin, et
al., 2019). Our estimates for heterozygous inheritance of these individual variants aligned
with these observations (see Table A-3) and highlight the spectrum of penetrance across
variants in SOD1. Our estimate for the p.Asp91Ala variant in particular supports the
hypothesis that it is associated with ALS via a recessive or oligogenic inheritance pattern
(van Blitterswijk et al., 2012). The absence of p.Asp91Ala within the familial ALS database
sampled further corroborates the finding. Accordingly, our penetrance estimates in Asian
and European populations can be taken to suitably represent an aggregated penetrance of
risk variants in SOD1 for ALS; some variation between populations can be expected,

reflecting differences in the admix of variants between them.
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For C9orf72, we modelled the penetrance of its pathogenic hexanucleotide repeat
expansion for ALS. Pleiotropy of this variant is widely reported, additionally conferring risk
for frontotemporal dementia and, to a lesser degree, other neuropsychiatric conditions
(Beck et al., 2013). Past penetrance estimates made for this variant are vulnerable to
inflation from biased ascertainment of affected people, and the variant is more common
among unaffected people than would be expected if these estimates were accurate (Beck et
al., 2013; lacoangeli, Al Khleifat, Jones, et al., 2019; N. A. Murphy et al., 2017). A previous
study tentatively reports the penetrance of C9orf72%¢ for either ALS or frontotemporal
dementia as 0.90 by age 83 after attempting to adjust for ascertainment bias within their
sample (N. A. Murphy et al., 2017). Accounting for lifetime risk of each phenotype and their
respective familiality rates, people of European ancestry harbouring C9orf72% appear to
develop ALS or frontotemporal dementia with comparable frequency; we calculated that
1.012 cases of ALS emerge per case of frontotemporal dementia (see Table A-4) (Alonso et
al., 2009; Coyle-Gilchrist et al., 2016; Majounie et al., 2012; Marogianni et al., 2019; Turner
et al., 2017). It is therefore reasonable to predict that, if the variant has 0.90 penetrance for
the joint condition of ALS and frontotemporal dementia, its penetrance of for ALS alone
would be around 0.45. The 0.45 estimate is comparable to the upper bound of our findings.
However, we note that our calculation does not account for the common co-occurrence of
ALS and frontotemporal dementia and that the true penetrance of C9orf72RE for the joint

ALS-frontotemporal dementia condition is likely lower than the tentative 0.90 estimate.

The method presented has high validity. Internal validity is demonstrated within simulation
studies (see Appendix A.1.2). Criterion and face validity are shown across the present case
studies, aligning with estimates made using other techniques and current understanding of
the assessed cases. Construct validity is also demonstrated: in the ALS case studies, disease
risk was greater for those harbouring a pathogenic SOD1 variant than for those with the
C9orf72 repeat expansion. This aligns with the multi-step model of ALS (Chio et al., 2018),
where harbouring SOD1 variants is associated with a 2-step disease process, converse to the

3-step process associated with C9orf72RE,
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The data necessary to operate our approach is distinct from other techniques which
examine patterns of disease among affected people, allowing assessment of penetrance in
unrelated populations rather than families. The estimates are therefore unaffected by
kinship-specific modifiers and are instead applicable to the sampled population. Since
penetrance may vary according to genetic background, ancestry-specific penetrance
estimates are best obtained by stratifying input data according to ancestral groups; this

approach is demonstrated in the PD and ALS case studies (see Table 4-2, Table A-2).

Where analysis is confined to people affected by disease, across the familial and sporadic
states, we circumvent the ascertainment biases affecting designs which examine the
distribution of a variant between affected and unaffected populations (C. F. Wright et al.,
2019). Where analysis includes data for unaffected samples (i.e., controls harbouring the
variant) these would not be avoided; ascertainment of controls compared to cases has
equivalent challenges irrespective of the penetrance estimation approach. However, as our
method does not require this information if data of familial and sporadic cases are available,

this does not majorly limit the approach.

Furthermore, limitations of ascertainment will diminish as huge datasets of genetic and
phenotypic information available within public databases become increasingly available.
Therefore, the usefulness of penetrance estimates generated through population data will
grow alongside the increasing size and scope of genetic data within such datasets (C. F.

Wright et al., 2019).

A limitation of this approach is the definition of familiality, which is the occurrence of the
studied trait in a first-degree relative under this model. In practice, familial disease may be
defined using various criteria, for example considering the disease status of second- or
third-degree relatives, or including related diseases that may share a genetic basis (Byrne,
Heverin, et al., 2013; Vajda et al., 2017). For example, ALS and frontotemporal dementia
share a genetic basis, and considering a family history of frontotemporal dementia is
reasonable when assessing familiality in a person with ALS. If the extended kinship is

incorporated within familial disease state definitions, then the familial rate will trend
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upwards and inflate penetrance estimates. Using a wider definition of being affected is

acceptable, although it will yield penetrance estimates for the joint condition.

A further caveat is that the model equations assume a particular family structure. It is not
feasible to include all possible family configurations for large quantities of summary data
however and approximations made are sufficiently close to provide an estimate of

penetrance.

This method is suitable for calculating the point, rather than age-dependent, penetrance of
pathogenic variants and can be applied to any germline genetic variation associated with a
disease via an autosomal dominant inheritance pattern. Penetrance can be derived for an
individual variant or for an aggregated set of variants, with the latter indicating an averaged
burden of variants meeting the given criteria. We suggest that confidence intervals should
be included when using this approach; the size of the interval returned will provide a useful

indication of whether the data provided are sufficient for precise penetrance estimation.

When samples include only people harbouring the variant, the method assumes the stability
of disease states among sampled families over time. This assumption is typical in case-
control research designs, which expect that members of the control sample will not later
become cases. However, in traits with age-dependent penetrance, estimates would be
influenced by the age at time of sampling. Younger samples would yield reduced estimates
if fewer than two family members are affected when sampled and others will only later
become affected. A lifetime penetrance estimate would therefore be best obtained within
this sampling scenario if sampling people beyond the typical age of onset for the studied

disease.

Reasonable lifetime penetrance estimates can however be obtained at earlier sampling
times even in circumstances of age-dependent onset when disease state rates are
calculated via weighted proportions of variant frequency estimates within those states
sampled. This sampling approach was applied in each of the 4 case studies, and follows an
assumption that family disease states change comparably over time for people with and

without the variant (see Appendix A.1.2.2). Simulation studies demonstrated this relative
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stability across ages and a relative tolerance to an unequal variability in age of onset profiles
between variant and non-variant groups (see Appendix A.1.2.3; Figure A-10, Figure A-11,

Figure A-12).

Point penetrance estimates have several applications, for instance, improving
characterisation of pathogenic variants at a population level, facilitating research involving
tested variants and, in particular, aiding clinical trial design by supporting the curation of
homogenous study populations. They would have additional utility once gene therapies
move towards preventative treatment, giving justification for or against such treatment

after accounting for possible side effects and risks.

In a scenario where penetrance can be estimated via multiple approaches, we recommend
applying each applicable method, given the complimentary nature of these techniques. If
the results of multiple approaches conflict, we would suggest inspection of the suitability of

the input data given for each method and to prioritise the result which these best fit.

4.7.  Conclusions

Our novel method for penetrance estimation fills an important gap in medical genetics
because, making use of the available amounts of population-scale data, it enables the
unbiased and valid calculation of penetrance in genetic disease instances that would be
otherwise difficult or impossible using existing methods. It serves to expand the range of
genetic diseases and variants for which high-quality penetrance estimates can be obtained,
as we illustrate in the ALS case examples. Estimates drawn via this approach have clear
utility and will be useful for characterisation of pathogenic variants, with benefits for both
clinical practice and research. They have wider relevance to the population than those
obtained by studying particular kinships and will be more interpretable for clinical

professionals.

The tool code is available as an R function on GitHub:

https://github.com/ThomasPSpargo/adpenetrance and the method is available and free to

use via a public webserver: https://adpenetrance.rosalind.kcl.ac.uk/.
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Chapter 5.  Modelling population genetic screening in rare neurodegenerative

diseases

5.1.  Abstract

Genomic sequencing enables rapid identification of a breadth of genetic variants. With costs
decreasing and increasing genotyping accuracy, interest has risen in developing genetic
screening protocols to identify pathogenic variants indicating increased disease risk in
sequencing data. These have potential utility for identifying disease liabilities. However,
usefulness is constrained when a person’s probability of being affected by a rare disease
remains strikingly low despite a positive genetic test result. The problem is recognised
among statisticians and statistical geneticists but less well understood by clinicians and
researchers who will act on these results. Here, in a Bayesian framework, we explore the
probability of subsequent disease following genetic screening for two contrasting
neurological conditions, Huntington’s disease and amyotrophic lateral sclerosis, comparing
with screening for phenylketonuria which is well established. We discuss characteristics
affecting post-test disease probabilities and highlight considerations for organising and

interpreting genomic results from population screening for rare neurological diseases.

5.2.  Background

Bioinformatic tools for identifying a wide range of genetic variants in next-generation
sequencing data have become increasingly reliable and fast (lacoangeli, Al Khleifat,
Sproviero, Shatunov, Jones, Morgan, et al., 2019). Single nucleotide variants (SNVs) and
small insertions and deletions (indels) are now genotyped with over 99% accuracy (lllumina,
2019; Z. Li, Wang, & Wang, 2018; Wenger et al., 2019), while genotyping of larger,
structural, variants is often less reliable (Kosugi et al., 2019). For clinical purposes, the
analytical validity of sequencing for small genetic variations is a solved problem. Issues of
analytical validity of sequencing for structural variants and the downstream challenges of

clinical validity and utility remain.

Widened availability of high-quality genomic sequencing data has enabled rapid
development in understanding of the role of genetic factors in various phenotypes (Bycroft

et al., 2018; Davey et al., 2011; J. J. Lee et al., 2018; Rhoades, Jackson, & Teng, 2019).
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Genetic testing has therefore become valuable for healthcare and gained popularity among
consumers who can access genetic testing directly, effectively testing variation across the
genome without advice from clinicians trained to guide interpretation of results (Horster et

al., 2017; Majumder, Guerrini, & McGuire, 2021; Perrone et al., 2018).

Interest has recently risen among governing bodies in developing protocols for population-
wide genetic screening; such initiatives are being rolled out in the United Kingdom and
considered in the United States of America (Adhikari et al., 2020; Centers for Disease
Control and Prevention, 2021; Dickinson et al., 2018; Genome UK: The future of healthcare,
2020; Jansen et al., 2017; Moorthie et al., 2021; Murray et al., 2019). Genetic screening
involves testing a population for genetic variants indicative of risk for specific diseases to
identify people with either higher predisposition of developing that disease or the potential
to pass it on to their offspring. Such an approach utilises the efficiency and breadth of
modern sequencing techniques to evaluate multiple genes across the genome with known
associations to selected traits. Screening can be contrasted with ‘targeted’ tests, which are
those performed because of some suggestion that a person may harbour a certain genetic
variant (e.g., symptoms of an associated disease). Although screening is relevant to liabilities
ranging between monogenic and polygenic (cf. (Moorthie et al., 2021; Pain, Gillett, Austin,
Folkersen, & Lewis, 2022)), we focus here on screening for pathogenic variants with
monogenic associations to rare diseases, particularly as applied to neurodegenerative

disorders, since that is the most usual clinical context.

Although no widespread implementation of a genetic screening protocol currently exists
internationally, comparable metabolic screening approaches, testing neonates for
metabolites that are markers of various metabolic diseases, are routine in many countries
(Adhikari et al., 2020; Loeber et al., 2012; Tarini, Christakis, & Welch, 2006). Positive
metabolic test results are typically validated via confirmatory secondary testing, including
targeted genetic tests (Horster et al., 2017; Rinaldo, Zafari, Tortorelli, & Matern, 2006;

Southern et al., 2007).

When applied to outcomes uncommon in the general population, such as rare diseases,

genetic screening may have limited utility. Utility can be assessed by the extent to which
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action can be taken following a positive test result indicating the presence of a disease
marker: its actionability (Hunter et al., 2016; Rehm et al., 2015). One key tenet of
actionability is the probability of having or later developing a disease following a positive
test genetic result. Yet post-test disease probability can be strikingly low where disease risk
prior to testing is low, as would be inherent to population screening for rare outcomes

(Biesecker, 2019).

Bayesian inference, which is routine within clinical decision making (Hunink et al., 2014), can
be used to understand post-test (also known as ‘posterior’) disease risk. Under this logic,
disease probability following a test can be inferred given existing knowledge of the
probability of other relevant events. Key considerations to understanding post-test disease
risk, beyond pre-test (also known as ‘prior’) disease risk, include the penetrance of the
genetic marker, the frequency of the marker among people displaying disease symptoms,
and the sensitivity and specificity of the testing protocol (analytical validity). This reasoning
is therefore highly relevant to screening for rare neurodegenerative diseases, for which

genetic causes are typically rare variants of variable penetrance (Bertram & Tanzi, 2005).

Accordingly, this chapter overviews important considerations for genetic screening of rare
neurodegenerative disorders in the context of several relevant case studies. Considering
conditional disease probabilities is not novel but the relevance of these principles must be
emphasised in the genomic medicine era, since many results that could be obtained within
large-scale indiscriminate testing of genetic variation across a population will not be
actionable but may be readily misinterpreted. We modelled genetic screening for two rare
neurodegenerative diseases (Huntington’s disease (Langbehn et al., 2004), HD, and
amyotrophic lateral sclerosis (R. H. Brown & Al-Chalabi, 2017), ALS) by applying Bayesian
logic to examine the probability of disease following a positive test result for a dichotomous
genetic marker of liability towards that disease. We additionally modelled screening for

phenylketonuria (PKU) (Hillert et al., 2020), to compare genetic and metabolic screening.

53 Bayesian framework
We use Bayesian logic to calculate the probability of having or subsequently manifesting

disease D following a test result indicating presence or absence of marker M. M is
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associated with increased liability of D, and positive test result T indicates presence of M,
while negative test result T’ indicates its absence, denoted M’. Disease risk following a
positive result is denoted P(D|T), using P(D|T’) for a negative result. In genetic testing, M

represents harbouring a genetic variant associated with increased liability of D.

The mathematical principles followed are widely applied within evidence-based medicine
(Hunink et al., 2014); Chapter 3.1 summarises the underlying logic. We assume that all
model parameters represent binary events. This was a necessary simplification of reality as,

for example, disease severity is not considered.

We estimate P(D|T) and P(D|T’) using the following input parameters:
e P(D), probability of a person having or later manifesting disease D prior to testing
e P(M|D), frequency of marker M among those affected by D
e P(D|/M), penetrance, probability of having or later manifesting D for people
harbouring M
e P(T|M), sensitivity (true positive rate) of the testing procedure for detecting M
e P(T'|M'), specificity (true negative rate) of the testing procedure for identifying the

absence of M

Bayes theorem is applied to derive the total probability of harbouring disease marker M,

Equation 5-1
P(D) x P(M|D)
P(M) = ,
D =5
and of disease D manifesting given the absence of M,
Equation 5-2

P(D) x (1 — P(M|D))
(1-P(M) '

We next calculate the total probability of positive test result T, P(T), according to the

P(D|M'") =

sensitivity and specificity of the test and the probabilities of M being present versus absent:

Equation 5-3

P(T) = P(TIM) x P(M) + (1= P(T'IM")) x (1 — P(M)).
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Bayes theorem is then used to derive the probabilities of M being present after positive,

Equation 5-4

P(M|T) = P(M):(;’)(TIM) ,

and negative,

Equation 5-5

P(M) x (1—P(T|M))

PMIT") = =P ;

results.

The probabilities of manifesting disease D (which has conditional independence from T

when considering M) after receiving positive test result T,

Equation 5-6

P(D|IT) = P(D|M) x P(M|T) + P(D|M") x (1 — P(MIT)) ,

and negative test result T,

Equation 5-7

P(D|T") = P(DIM) x P(M|T") + P(D|M") x (1 — P(M|T")),

can then be determined.

5.4.  Case studies

Most input parameters were defined using data from published literature and online
databases. Sensitivity (P(T/M)) and specificity (P(T’/M’)) were defined by performance
benchmarks for variant calling with state-of-the-art genomic sequencing techniques
specialised for genotyping particular variant types (see Appendix B.1.1; Table B-1). Although
analytical accuracy will vary across the genome and other sources of error exist, these

heuristics are sufficient for our purposes.

Table 5-1 presents the parameter estimates and post-test disease risks calculated across
various scenarios. A comprehensive description of parameter ascertainment, including
penetrance estimation, is given in Appendix B.1.2; Table B-2 summarises the assumptions

and corresponding reality.
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5.4.1. Case 1— Huntington’s disease

HD is a late-onset Mendelian disease with autosomal dominant inheritance caused by a
trinucleotide, CAG, short tandem repeat expansion (STRE) in the HTT gene (OMIM: 613004).
We let M be a CAG expansion of >40 repeat units, which would have complete penetrance

in a normal lifespan (Langbehn et al., 2004).

We modelled two scenarios for this example, (1) as in genetic screening, defining pre-test
disease probability by baseline risk of HD in a general population and (2) as a targeted test,
considering pre-test disease probability for an individual whose parent harbours the fully
penetrant HTT STRE and who has a 0.5 probability of inheriting M (we have not modelled

genetic anticipation (Paulson, 2018)).

5.4.2. Case 2 —amyotrophic lateral sclerosis

ALS is a late-onset disease with locus and allelic heterogeneity; genetic associations with risk
and phenotype modification range between monogenic and polygenic. Variants in at least
40 genes are associated with ALS (R. H. Brown & Al-Chalabi, 2017; lacoangeli, Al Khleifat,
Sproviero, Shatunov, Jones, Opie-Martin, et al., 2019; Marogianni et al., 2019; Shatunov &
Al-Chalabi, 2021; Z.-Y. Zou et al., 2017). SOD1 (OMIM: 147450) and C9orf72 (OMIM: 614260)
are the most frequently implicated genes, where variants of each account for fewer than
10% of cases. Autosomal dominant inheritance is typical for most people with a known

genetic disease cause.

We modelled several definitions of markers for liability towards ALS, drawing from three of
the most frequently implicated and well-researched ALS genes: SOD1, C9orf72, and FUS
(OMIM: 137070). SOD1- and FUS-linked ALS is typically attributed to SNVs and many
variants supposed to cause ALS have been reported in these two genes, with varying
strength of supporting evidence (Abel et al., 2012). The pathogenic form of C9orf72 is a
hexanucleotide, GGGGCC, STRE associated principally with the onset of either one or both
of ALS and frontotemporal dementia (Delesus-Hernandez et al., 2011; Renton et al., 2011).

For known variants in these genes, penetrance is typically incomplete; examples include
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~90-100% penetrance for ALS associated with SOD1 p.A5V and ~45% for the C9orf72 STRE
(Andersen, 2006; Chio et al., 2014; Cudkowicz et al., 1997); see also Chapter 4.

The definitions of M modelled in this case study were:

e SOD1 (all) = Mincludes any rare variant reported in people with ALS of European
ancestry contained within the meta-analysis sample set from which the variant
frequencies were derived (see Appendix B.1.2.2) (Z.-Y. Zou et al., 2017).

e SOD1 (A5V) — M represents the pathogenic SOD1 p.A5V variant, one of the most
common SOD1 variants among North American ALS populations, characterised by
high penetrance (Cudkowicz et al., 1997; Saeed et al., 2009).

e FUS (all) - M includes any rare variant reported in people with ALS of European
ancestry contained within the meta-analysis sample set from which the variant
frequencies were derived (see Appendix B.1.2.2) (Z.-Y. Zou et al., 2017).

e FUS (ClinVar) — M includes any of 21 FUS variants reported as pathogenic or likely
pathogenic for ALS within ClinVar and present within databases of familial and
sporadic ALS (see Table B-3) (ALS Variant Server; Landrum et al., 2018; van der Spek
et al., 2019).

e (9orf72 — M represents a pathogenic C9orf72 STRE of 30< repeat GGGGCC units
within the first intron of the C9orf72 gene.

In the SOD1 (all) and FUS (all) scenarios, M encompasses variants classed as pathogenic,
likely pathogenic, and variants of unknown significance (Richards et al., 2015). It is
appropriate to model these scenarios since many variants of unknown significance in ALS-
implicated genes have a high probability of being deleterious and should not necessarily be
ignored because they lack a formal pathogenic or likely pathogenic classification (P. R.

Mehta et al., 2022).

For the C9orf72 marker, we modelled two testing scenarios: (1) genetic screening with
sensitivity and specificity defined by performance of existing tools for genotyping STREs in
sequencing data; (2) using repeat-primed polymerase chain reaction with amplicon-length
analysis (Akimoto et al., 2014) as a secondary test to validate a positive result from

screening via sequencing in scenario 1.
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5.4.3. Case 3 — phenylketonuria

PKU is an autosomal recessive disease with infantile onset, caused by variants in the PAH
gene (OMIM: 612349) (Hillert et al., 2020); most variants pathogenic for PKU are SNVs. M
represents being homozygous or compound heterozygous for any of the three most
common PAH variants recorded in European populations of people with PKU: p.Arg408Trp,

¢.1066-11G>A, p.Arg261GIn (Hillert et al., 2020).

We modelled two testing scenarios for PKU: (1) genetic screening, with pre-test disease
probability defined per the baseline population risk of PKU, and (2) secondary testing to
confirm positive results obtained using tandem mass spectrometry (Schulze et al., 2003) as

in established metabolic screening protocols (see Appendix B.1.2.3).
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Table 5-1. Input parameters and disease risk estimates following testing for all case study scenarios

Parameter ascertainment is comprehensively described within Appendix B.1.2. HD = Huntington’s disease; ALS = amyotrophic lateral sclerosis; PKU = phenylketonuria. SNV = single nucleotide
variant; STRE = short tandem repeat expansion. SEstimates are based on populations of predominantly European ancestry — 95% confidence intervals shown for newly derived estimates in the
ALS case study; “includes FUS variants classified as pathogenic or likely pathogenic for ALS in the ClinVar database and recorded within ALS population databases (see Table B-3, Table B-4);
Tdefined by variant calling performance benchmarks of tools for genotyping in sequencing data by variant type (see Table B-1) and, where marked 7, by aggregate laboratory accuracy for
genotyping C9orf72 STRE with repeat-primed polymerase chain reaction and amplicon-length analysis (Akimoto et al., 2014). ?Risk following positive results in primary screening and

confirmatory tests relative to a negative screening result (probability of PKU given a negative metabolic screening result is approximated as 1x10°

Disease Disease risk Relative
Gene containing . Pre-test Test Test . disease risk
Case Variant . Marker frequency . s risk after after .
marker (case study disease . Penetrance® sensitivity specificity . . after positive
study ) type " in people affected® positive negative
scenario) probability$ 1 1 rather than
test test .
negative test
- - - P(D) P(M|D) P(D|M) P(TIM) P(T’ M) P(D|T) P(D|T) -
1:HD HTT (screening) STRE 0.000410 1.000 1.000 0.990 0.900 0.00404 0.00000456 887
) HTT (targeted) STRE 0.500 1.000 1.000 0.990 0.900 0.908 0.011 82.7
0.0188 (0.0138, 0.701 (0.491,
D1 . . . i .0032 .
SOD1 (all) SNV 0.00333 0.0238) 0.926) 0.9996 0.9995 0.109 0.00327 33.3
SOD1 (A5V) SNV 0.00333 0.000529 0.91 0.9996 0.9995 0.00683 0.00333 2.05
: (4.43x10°5, 0.00101) ' ' : : : :
) 0.00425 (0.0023, 0.579 (0.291,
2: ALS FUS (all) SNV 0.00333 0.0062) 0.884) 0.9996 0.9995 0.0302 0.00332 9.09
. 0.00251 (0.00125 0.536
£ 2
FUS (ClinVar*) SNV 0.00333 0.00377) (0.211, 0.877) 0.9996 0.9995 0.0194 0.00333 5.84
0.0635 (0.0538, 0.439 (0.358,
C9orf72 STRE 0.00333 0.0732) 0.520) 0.990 0.900 0.00519 0.00313 1.66
C9orf72 (positive
sequencing screening  STRE 0.0052 0.0635 (0.0538, 0.439 (0.358, 0.95° 0.98" 0.0198 0.00489 4.06 (6.359)
oo 0.0732) 0.520)
confirmation)
PAH (screening) SNV 0.000100 0.743 0.892 0.9996 0.9995 0.127 0.0000257 4,961
3: PKU PAH (positive. 17.9
metabolic screening SNV 0.167 0.743 0.892 0.9996 0.9995 0.889 0.0497 (889,000 %)

confirmation)




Chapter 5. Modelling population genetic screening in rare neurodegenerative diseases 56

5.5.  Post-test disease probability

5.5.1. Screening versus diagnostic testing

Across case studies, we showed low probability of disease following positive results within
contextually-blind genetic screening scenarios; risk ranged between 12.7% and 0.4% (see
Table 5-1). Disease risk was always negligible following a negative test result, indicating

absence of the tested variant, as would be seen for any rare trait.

The HD case study illustrates the distinction between contextually-blind screening and
diagnostic testing for rare diseases: following a positive test result, lifetime HD risk was high
(90.8%) using targeted testing but low (0.4%) in screening. This difference reflects that,
unlike screening, targeted testing is performed based on some indication of a person’s
elevated disease risk (e.g., existing disease symptoms or family history) compared to other
population members. Accordingly, pre-test disease probability is greater. Inherently low

pre-test disease probability will be a pervasive issue in screening for rare diseases.

5.5.2. Relative risk and secondary testing

The utility of a test for identifying at-risk individuals can be examined based on relative
disease risk following positive rather than negative test results: utility is limited when risk is
only minimally greater for people testing positive rather than negative. This is observed in
the ALS C9orf72 case study, where risk was only 1.7 times greater (Table 5-1) following a
positive screening result from sequencing (within the modelled protocol) alone, despite this

variant being the most common genetic cause of ALS (Z.-Y. Zou et al., 2017).

We additionally observed 6.35 times greater ALS risk for a person testing positive on both
screening for the C9orf72 marker and a secondary test performed because of the initial
result than for a person testing negative on the initial screening. This increased relative risk
reflects that a person testing positive on two independent measures of disease risk has

greater absolute probability of disease than after the initial screening result alone.

We emphasise that secondary testing is important to increase certainty in positive test

results. The PKU case study demonstrates its potentially sizable impact. A positive screening
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result using the established metabolic approach alone indicated 16.7% PKU risk, versus
12.7% within genetic screening (as presently modelled). The metabolic marker, which is
universal across people with PKU and indicates existing disease manifestation, eclipses need
for genetic screening for PKU, marked by variants with incomplete penetrance that are not
present for all people with PKU. However, the genetic test remains useful for validating the
positive metabolic screening result (Adhikari et al., 2020): probability of PKU following a
confirmatory genetic test conducted on the basis of a positive metabolic screening result

was 88.9%.

The overall benefit of secondary testing will however differ by scenario. In the case of ALS,

the risk remained moderate (~2%) despite two positive test results for the C9orf72 marker.

5.5.3. Constraints upon post-test disease probability

Figure 5-1, Figure 5-2, and Figure 5-3 illustrate how the post-test disease probability reduces
as the probability of any test, disease, or marker characteristic decreases. Sensitivity and
specificity critically constrain certainty about post-test disease risk, and this role is amplified
as the other parameter probabilities decrease. Figure 5-1 particularly demonstrates the
increased role of specificity in rarer diseases, where disease risk following a positive test

result will be moderated only by penetrance in a protocol of perfect specificity.
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Figure 5-1. Probability of a disease given a positive genetic test result for a marker of increased disease risk (P(D|T))

according to the sensitivity (P(T|M)) and the specificity (P(T’| M’)) of the testing protocol

Panel A presents this for a disease with pre-test probability (P(D)) of 0.5, while panel B presents a disease with P(D) of 0.01.

Penetrance is complete (P(D|M) = 1) and variant M is harboured by all people with disease D (P(M|D) = 1) in both panels.
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Figure 5-2. Probability of disease D following a positive genetic test result for marker M (P(D|T)) according to pre-test
disease probability (P(D))

M occurs in all people with D (P(M|D) = 1) and has complete penetrance (P(D|M) = 1)). Plot lines are defined according to
sensitivity (P(T|M)) and specificity (P(T'|M')) of existing protocols for genotyping variant types (see Supplementary
Materials 2): single nucleotide variant (SNV), P(T|M) = 0.9996, P(T’|M') = 0.9995; small insertion or deletion (Indel), P(T| M)
=0.9962, P(T'|M') = 0.9971; short tandem repeat expansion (STRE), P(T|M) = 0.99, P(T'|M') = 0.90; copy number variant
(CNV) — del. (deletion), P(T|M) = 0.289, P(T'| M) = 0.959; CNV — dup. (duplication), P(T|M) = 0.1020, P(T'|M') = 0.9233.
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Figure 5-3. Change in disease risk following a positive test result for a marker of increased disease risk (P(D|T)) according to

penetrance (P(D|M))

Panels A and B: modelled and hypothetical markers of ALS which differ in frequency across people affected by ALS
(P(M|D)), where pre-test disease probability (P(D)) is 0.0033 and diamonds mark the penetrance estimated for non-
hypothetical variants (see Table 5-1). Panels C and D: diseases in which P(M|D) = 1 and with P(D) set in line with the
modelled case studies or a hypothetical rare disease. Sensitivity and specificity are defined according to the performance of
tools for genotyping single nucleotide variants in sequence data in A and C, and of short tandem repeat expansions in B and

D (see Table B-1; Figure 5-2).
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As is well-recognised, high sensitivity and specificity are essential to maximise utility of
testing. The respective trade-offs between prioritising each of these must be regarded: high
sensitivity is required to detect the tested marker, while high specificity increases
confidence in positive results. Established screening protocols prioritise high sensitivity to
maximise detection of at-risk individuals, with confirmatory secondary testing being vital to
minimise false-positive results (Horster et al., 2017; Rinaldo et al., 2006; Southern et al.,

2007).

Since the characteristics of diseases and associated variants are all pre-determined within a
population, disease markers (i.e., variants) screened for should be chosen carefully. The
most useful variants will be those more prevalent among people affected, of high
penetrance, and which can be genotyped with high sensitivity and specificity (see Table 5-1,

ALS case study; Figure 5-3, panels A and B).

5.6. Practical implementation of genetic screening

5.6.1. Marker selection

Before a marker is used in screening, its relevance across people must be evaluated,
recognising particularly that this may vary by ancestry. For instance, particular variants may
be less common or only present in certain populations, and penetrance can also vary
between them (cf. (lacoangeli, Al Khleifat, Sproviero, Shatunov, Jones, Opie-Martin, et al.,
2019; A. J. Lee et al., 2017; Saeed et al., 2009)). Screening protocols must therefore account
for these differences to prevent systemic inequalities, especially for minority populations

which are often under-studied and therefore have limited genetic information available.

Regard must be given to the clinical interpretability of selected markers. We illustrated
several approaches to defining markers in the ALS case study. Within the SOD1 (all)
scenario, disease risk is marked by an aggregation of putatively deleterious SOD1 variants.
Without curation, the relationship to disease will likely vary across these. For instance, and
as observed in Chapter 4, the p.1114T SOD1 variant has substantially lower penetrance than
p.A5V, and many potentially relevant variants have unknown significance (Abel et al., 2012;

Landrum et al., 2018; P. R. Mehta et al., 2022). Curation could involve defining a positive
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result as presence of one of a range of variants with sufficient evidence to be designated
pathogenic (Richards et al., 2015), as in the FUS (ClinVar) scenario, or as harbouring a

specific variant, as in the SOD1 (A5V) scenario.

De novo variants and variants of unknown significance present a substantial challenge for
screening since they will frequently be identified, yet must be set aside until variant
interpretation is possible despite potentially being deleterious (Murray et al., 2018; Murray
et al., 2019). PKU demonstrates the scale of this issue for rare diseases with multiple
implicated variants, as 55% of deleterious PAH genotypes are observed uniquely (Hillert et
al., 2020). As genetic discovery and rich population datasets continue to expand, this

challenge should decrease somewhat over time (C. F. Wright et al., 2019).

5.6.2. Utility over time and actionability

As genetic screening is possible from birth, while non-genetic methods may not be, age of
viability for available screening methods should be evaluated. For late-onset diseases, early
genetic screening may enable provision of preventative treatments to at-risk individuals or
close monitoring for prodromal disease markers. For instance, rapid eye movement sleep
behaviour disorder is a prodromal feature for Parkinson’s disease (Ferini-Strambi, Marelli,
Galbiati, Rinaldi, & Giora, 2014) and monitoring of at risk individuals identified within
genetic screening may enable early intervention. The influence of time (e.g., relative to
stage of disease) upon treatment viability and effectiveness must also be considered. For
example, genetic therapy has potential utility for preventing or delaying onset of
degenerative disorders (Amado & Davidson, 2021); treatment benefit may be greatest when

this is given early.

The ultimate benefit of early identification of disease risk through genetic screening is
contingent upon the actionability of the result. A framework of actionability (Hunter et al.,
2016; Rehm et al., 2015), shown to align with laypersons’ views on treatment acceptability
(Paquin et al., 2019), states that actionability is determined by: disease likelihood and
severity, intervention effectiveness in disease minimisation or prevention, and the
consequence of the intervention to a person and risk if not performed. Each of these

elements are critical considerations when selecting traits and markers for inclusion within
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genetic screening protocols and for informing the clinical interpretation of test results.
Efforts to compile relevant information about treatable genetic disorders are ongoing; the
value of these repositories will expand as understanding of treatable diseases improves

(Bick et al., 2021; Rehm et al., 2015).

5.7.  Limitations

The Bayesian logic in the case studies simplifies genotype-phenotype relationships and
cannot address all considerations relevant to clinical genetic testing. Variable phenotype
expressivity is not considered despite being common. Other factors include: polygenicity
and oligogenicity, pleiotropy, the role of genetic and environmental modifying factors, and
that of additive genetic effects in recessive conditions and heterozygous carriers of
pathogenic variants. Such influences can fundamentally impact both the probability that a
disease will manifest and its severity after onset. For instance, although spinal muscular
atrophy is caused by partial or complete biallelic deletion of the SMN1 gene, having
additional copies of SMIN2, a SMIN1 homologue, reduces disease expressivity by mitigating
loss of SMIN1 protein function (Wadman et al., 2020). Any results obtained within a genetic
screening protocol must be interpreted within the wider context of that disease and its
modifiers (Escott-Price & Schmidt, 2021). This can be problematic in neurodegenerative

diseases, such as ALS, when their architecture is not yet fully understood.

5.8.  Conclusion

We have shown that risk following a positive screening test result can be strikingly low for
rare neurological diseases. Accordingly, to maximise the utility of screening, we suggest
prioritising protocols of very high sensitivity and specificity, careful selection of markers for
screening, giving regard to clinical interpretability, and secondary testing to confirm positive

findings.

A key advantage of a genetic screening approach for late-onset diseases is that these
markers can be examined across the lifespan. Hence, positive test results could be useful for

targeting people for prevention, and for monitoring of prodromal features.
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Although not new to consider disease risks within a Bayesian context, it is important to
stress the considerations raised here at a time when governments evaluate implementation
of genomic sequencing for population screening and as access to genetic testing outside
healthcare settings increases. While genetic screening has many potential benefits, the
limitations of such an approach should be properly understood. Policy makers must
consider the impact of a positive test result on large numbers of people that will never
develop a given disease, a particularly salient issue for late-onset diseases. Although not the
present focus, the substantial ethical and social considerations raised in conjunction to
screening must also be regarded (Dickinson et al., 2018; Howard et al., 2015; McCusker &
Loy, 2017; Ross & Clayton, 2019).
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Chapter 6.  Identifying biological subtypes of ALS with latent class clustering analysis

6.1.  Abstract

Background

Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disease characterised by a
highly variable clinical presentation and multifaceted genetic and biological bases that
translate into great patient heterogeneity. The identification of homogeneous subgroups of
patients could favour the development of effective treatments, healthcare, and clinical
trials. We aimed to identify and characterise homogenous clinical subgroups of ALS,

examining whether they represent underlying biological trends.

Methods

Latent class clustering analysis, an unsupervised machine-learning method, was used to
identify homogenous subpopulations in 6,523 people with ALS from Project MinE, using
widely collected ALS-related clinical variables. The clusters were validated using 7,829
independent people from STRENGTH. We tested whether the identified subgroups were
associated with biological trends in genetic variation across genes previously linked to ALS,
polygenic risk scores for risk of ALS and related neuropsychiatric traits, and in expression

data from post-mortem motor cortex samples.

Results

We identified five ALS subgroups based on patterns in clinical data which were general
across international datasets. Distinct genetic trends were observed for variants in the SOD1
and C9orf72 genes, and across genes implicated in biological processes relevant for ALS.
Polygenic risk scores for risk of ALS, schizophrenia and Parkinson’s disease were also
associated with distinct clusters. Gene expression analysis identified different altered

biological processes across clusters.

Conclusion
ALS subgroups characterised by highly distinct clinical presentations were discovered and
validated in two large independent international datasets. Such groups were also

characterised by different underlying genetic architectures and biology. Our results showed
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that data-driven patient stratification into more clinically and biologically homogeneous
subtypes of ALS is possible and could help developing more effective and targeted

approaches to the medical and biological study of ALS.

6.2.  Background

Amyotrophic lateral sclerosis (ALS) is a devastating neurodegenerative disease characterised
by progressive neuromuscular degeneration leading to death, typically from respiratory
failure within three years of onset (R. H. Brown & Al-Chalabi, 2017). The disease affects
upper and lower motor neurons in the brain and spinal cord and has an estimated lifetime

risk of between 1 in 300-400 people.

ALS is clinically defined, yet its clinical presentation varies greatly. The mean age of onset is
around 60 years although people may develop ALS at almost any adult age (Ryan et al.,
2019). ALS normally leads to death within 3-5 years of onset, however, in some patients it
can occur within a year of onset, and 5-10% of people live for over 10 years (Al-Chalabi &
Hardiman, 2013; Chio et al., 2009; Juneja, Pericak-Vance, Laing, Dave, & Siddique, 1997b).
Between 60 and 70% of people first develop symptoms in the spinal innervated muscles,
with others having bulbar, mixed, or (in about 3%) respiratory onset (Masrori & Van
Damme, 2020; Ryan et al., 2019; Shellikeri et al., 2017; Shoesmith et al., 2007). The extent
of involvement of upper and lower motor neurons varies, ranging between a pure upper
motor neuron (primary lateral sclerosis; PLS) and pure lower motor neuron phenotype
(progressive muscular atrophy; PMA), with most presentations being a mixture of the two
(Al-Chalabi et al., 2016; Finegan, Chipika, Shing, Hardiman, & Bede, 2019). An overlap with
frontotemporal dementia (FTD) is also recognised, with a joint diagnosis for up to 15% of
people in some studies and cognitive dysfunction in around 50%, according to disease stage

(Crockford et al., 2018; Zucchi et al., 2019).

The biological landscape of ALS is similarly heterogenous, with recognised monogenic,
oligogenic, and polygenic contributions to disease (R. H. Brown & Al-Chalabi, 2017; Emily P
McCann et al., 2021; McLaughlin et al., 2017; Restuadi et al., 2022; Shatunov & Al-Chalabi,
2021; van Rheenen et al., 2021). Known genetic variation explains disease for around 15-

20% of people, implicating variants in over 40 genes as causal for or modifiers of ALS (Chia
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et al., 2018; P. R. Mehta et al., 2022; Shatunov & Al-Chalabi, 2021). Likewise, ALS is
associated with disruption to various biological processes, including cytoskeletal transport,
RNA function, autophagy, and proteostasis (R. H. Brown & Al-Chalabi, 2017; Masrori & Van
Damme, 2020; Weishaupt et al., 2016).

Unfortunately, the efficacy of existing treatments for ALS is limited; the most effective drug
therapies extend life expectancy from onset by no more than a few months (Lacomblez et
al., 1996; van Eijk et al., 2020). This poor efficacy may reflect the heterogeneity of the
disease, and therefore more effective treatments may be discovered within a precision
medicine framework. Existing research supports this hypothesis. For instance, treatment
with lithium appears to extend survival trajectories specifically among people with an
UNC13A variant (van Eijk et al., 2017). Further research examining the utility of gene
therapies that aim to offset aberrant gene function associated with specific genetic variation
is ongoing (Amado & Davidson, 2021). This is valuable for SOD1-ALS which appears
biologically separate from non-SOD1 ALS (Mackenzie et al., 2007) but may be suboptimal
when the biological disease signature is indistinguishable between people with and without
a given variant, as for C9orf72 and non-C9orf72 associated ALS (Humphrey et al., 2023),

given the breadth of processes implicated in the disease.

Patient stratification is an effective avenue for discovery of biological mechanisms relevant
to particular subgroups (Jones et al., 2015). Such stratification has been attempted
previously. For instance, clusters of ALS have been identified based on biological trends in
transcriptomic and neuroanatomical data, with evidence suggesting that these groups may
be reflected in the phenotype (Bede, Murad, Lope, Hardiman, et al., 2022; Bede, Murad,
Lope, Li Hi Shing, et al., 2022; Dukic et al., 2021; Eshima et al., 2023; Tam et al., 2019).

Clustering has also been applied based on clinical data. Five distinct clinical clusters,
predictive of disease duration until death or censoring, were identified in a British cohort
using latent class cluster analysis (LCA) (Ganesalingam et al., 2009). Independently, semi-
supervised machine-learning applied to high-dimensional clinical data from two

independent Italian cohorts identified clusters conforming to the following clinical
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subgroups: bulbar, respiratory, flail arm, classical, pyramidal, and flail leg (Faghri et al.,

2022).

No study to date has validated subgroups they identified using independent samples from
different populations which greatly limits their applicability. Moreover, despite ALS being
clinically defined, no study has examined whether data-driven clinical subgroups differ
biologically beyond subgroups defined by individual gene variants. The identification of
clinically and biologically homogenous subgroups that are robust and consistent across
populations of patients will likely benefit development of precision medicine approaches for

ALS extending beyond those targeting specific genetic vulnerabilities.

We accordingly built upon existing studies of clinically-based clustering in ALS by examining:
(1) whether data-driven clusters defined by widely collected clinical measures could be
identified and validated across international ALS cohorts; (2) clinical characteristics defining
these clusters; (3) whether clusters differ biologically in terms of (i) the frequency of rare
variants in genes previously associated with ALS, (ii) common genetic variation captured
within polygenic risk scores (PRS) for risk of ALS and related neuropsychiatric disorders, and
(iii) molecular signatures via gene expression levels; (4) the extent to which clinically driven
clusters could be identified using data attainable around the time of diagnosis. Across these
investigations we used data from the Project MinE (Project MinE ALS Sequencing
Consortium, 2018), the Survival, Trigger and Risk, Epigenetic, eNvironmental and Genetic
Targets for motor neuron Health (STRENGTH) consortia, and the King’s College London (KCL)

Brain Bank (lacoangeli et al., 2021; Jones et al., 2021).

6.3. Methods

6.3.1. Sample

People with a diagnosis of ALS, PMA, or PLS were sampled from two international consortia:
Project MinE (Project MinE ALS Sequencing Consortium, 2018) and STRENGTH. All samples
underwent pre-processing (see Figure 6-1) to determine the sample entered into LCA and
subsequent analyses (N: Project MinE = 6,523, STRENGTH = 7,829). Missingness was present

in both cohorts (see Figure C-1). This is handled in LCA using a full information maximum
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likelihood approach, which enables model fitting for records with incomplete data (T. Lee &
Shi, 2021). Subsequent analyses employed a complete case analysis approach, retaining only

people with information recorded for all variables used in that analysis.

Age- and sex-matched control participants from Project MinE (N = 2,414 after pre-
processing; see Figure 6-1) were also sampled as a comparison group for analysis of trends

in common genetic variation.
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Project MinE dataset (N = 9584)

Records excluded

Extract people diagnosed with ALS or ALS subtypes, and healthy control participants. (n ‘other’ = 66)
Exclude people with diagnosis as ‘other’, frontotemporal dementia, or missing — > (n missing = 98)
(n ALS = 6863; n healthy controls = 2543) (n frontotemporal

dementia = 14)

ALS and subtypes ** (n = 6863) Healthy control sample (n = 2543)

Records excluded Records excluded

Remove duplicates and . Remove duplicates and (n duplicates = 13)
[ (n duplicates = 113) L . _
related individuals . related individuals —» (n family members = 40)
(n family members = 62) .
(n =6680) (n=2471) (n twins = 18)

(n twins = 8)

) }

Exclude people failing
quality control

(n missing record = 1)

Exclude people failing

- Records excluded
quality control

Records excluded

(n=6523) | = (n = 2414) > (n=57)*
Project MinE ALS cohort (n = 6523) Project MinE healthy control cohort (n = 2414)
(B) STRENGTH dataset (N = 9805)
— Countr Sample size
Country of origin for Y (Project MinE / STRENGTH)

Exclude people also records excluded Belgium 551/ 1063

present in Project MinE ~ — (n Netherlands = 1636)

(n =7891) (n Ireland = 187) Ireland 466 / 1451

(nItaly = 1)

v Italy 66 /1174

Exclude people with
missingness regarding L, Records excluded Portugal 59/ -
diagnosis (n=62)

(n =7829) Sweden 204 /-

Turkey 613 /-

STRENGTH ALS cohort (n = 7829)

United States of America 431 /-

Figure 6-1. Summary of data processing and samples available by country for the Project MinE and STRENGH cohorts

ALS = amyotrophic lateral sclerosis, PLS = primary lateral sclerosis, PMA = progressive muscular atrophy. *Quality control
procedures for Project MinE have been described in previously (cf. (Project MinE ALS Sequencing Consortium, 2018; van der
Spek et al., 2019; van Rheenen et al., 2021)); **ALS clinical diagnosis encompasses people recorded as: ALS,
ALS/frontotemporal dementia, ALS/PLS, ALS/PMA, or progressive bulbar palsy (cf. (Al-Chalabi et al., 2016)); PLS and PMA
are retained as distinct ALS subtypes in all analysis. Panel A: processing for people with ALS and healthy controls from the
whole-genome sequencing cohort from Project MinE; Panel B: processing of the clinical ALS dataset from STRENGTH; Panel

C: distribution of people in the final ALS cohort across countries.
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6.3.2. Study design

6.3.2.1. Clinical data

Phenotypic information from the Project MinE and STRENGTH datasets were used as
features for clustering. Included variables are all frequently collected for people with ALS:
sex at birth (male or female), site of onset (not-bulbar or bulbar), clinical diagnosis (ALS, PLS,
or PMA), age of onset (years), disease duration (years) from onset until death or last status
update with associated censoring status (alive or deceased), and delay from onset until
diagnosis. Diagnostic delay was standardised by country to account for any inter-country
differences (see Figure C-2). Standardisation was performed by centring each person’s
diagnostic delay by the per-country mean and scaling relative to the per-country standard

deviation (see Table C-1).

6.3.2.2. Genetic data
Associations between clinically-defined clusters and biological trends were tested using data
from Project MinE. Whole-genome sequence data were generated as previously described

(Project MinE ALS Sequencing Consortium, 2018).

Information on rare genetic variation was extracted for a panel of 36 genes previously
implicated in ALS: ALS2, ANG, ANXA11, ATXN1, ATXN2, CFAP410 (formerly C210rf2),
CHCHD10, CHMP2B, C9orf72, DAO, DCTN1, ERBB4, FIG4, FUS, hnRNPA1, MATR3, MOBP,
NEFH, NEK1, OPTN, PFN1, SCFD1, SETX, SIGMAR1, SOD1, SPG11, SQSTM1 (p62), TAF15,
TARDBP, TBK1, TUBA4A, UBQLN2, UNC13A, VAPB, VCP, VEGFA. Summaries of variants
occurring across Project MinE samples are available in the databrowser (van der Spek et al.,

2019).

Variation in C9orf72 and ATXN2 was reported regarding presence or absence of known
pathogenic short tandem repeat expansions in each gene. Repeat expansion lengths were
determined using Expansion Hunter (Dolzhenko et al., 2017). C90orf72 expansions were
confirmed using repeat-primed PCR, being classified as inconsistent if the dry and wet lab
results did not match (Akimoto et al., 2014; lacoangeli, Al Khleifat, Jones, et al., 2019). The

minimum number of repeat units denoting presence of a repeat expansion was 30 for
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C9orf72 and 28 for ATXN2 (Sproviero et al., 2017). For C9orf72, inconsistent expansions

were reported in 32 people and coded as missing.

Presence or absence of rare variants (MAF <0.01 in controls from both Project MinE and
gnomAD v2.1.1 (Karczewski et al., 2020)) predicted by the Ensembl Variant Effect Predictor
(McLaren et al., 2016) to have high or moderate impact upon gene function was recorded
across the remaining 34 genes. Moderate impact variants included missense, in-frame
insertions and deletions, and protein altering variants. High impact variants included stop
lost and gained, start lost, transcript amplification, frameshift, transcript ablation and splice

acceptor and donor variants.

Variants across all genes except C9orf72 and SOD1 were aggregated into burden groups (see
Table C-2). The main burden groups described three functional pathways related to cellular
processes disrupted in ALS: ‘autophagy and proteostasis’, ‘RNA function’, and ‘cytoskeletal
dynamics and axonal transport’. Genes were assigned to pathways according to the
involvement of their protein products within them and to the processes which are disrupted
by deleterious variation in each gene (see Table C-2); this was determined through literature
review. A further ‘any pathway’ group, aggregating across the three functional pathways,
was also defined. Each burden group was binary-coded according to presence or absence of

variants in at least one gene assigned to the group.

The SOD1 and C9orf72 genes were analysed individually since their variants are the most
frequent genetic causes of ALS, likely reflecting that they are implicated in various disease
pathways (Balendra & Isaacs, 2018; Bunton-Stasyshyn, Saccon, Fratta, & Fisher, 2015), and

each occurred with sufficient frequency to be tested individually.

Associations between clusters and common genetic variation was examined using PRS
indicating risk for ALS and related neuropsychiatric diseases. PRS were derived from
European ancestry genome-wide association study (GWAS) summary statistics of risk for
ALS (van Rheenen et al., 2021), FTD (Ferrari et al., 2014), Alzheimer’s disease (Kunkle et al.,
2019), Parkinson’s disease (Nalls et al., 2019), and schizophrenia (Trubetskoy et al., 2022).
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Since samples from Project MinE are included within the ALS GWAS, PRS for this trait were
generated based on GWAS summary statistics that exclude meta-analysis ‘stratum 6’, which
includes most people from Project MinE. To ensure no sample overlap, analyses including
the ALS PRS were performed using only those who were sampled within GWAS stratum 6.

All available Project MinE samples were included in analyses based on PRS for other traits.

GWAS summary statistics were pre-processed as described in Chapter 3.2. PRS were
calculated with SBayesR (Lloyd-Jones et al., 2019) under the reference-standardized
approach of GenoPredPipe, whereby scores for the Project MinE target samples were
standardised against the 1000 Genomes European ancestry population reference (Auton et
al., 2015; Pain et al., 2021). SBayesR was applied using the default settings and the robust
parameterisation option. Linkage disequilibrium was estimated using the pre-computed
sparse matrices provided with the software, based on 50,000 individuals of European
descent from the UK Biobank (Lloyd-Jones et al., 2019). We used the impute-n option of
SBayesR to exclude variants with effective sample size >3 standard deviations from the

median for GWAS summary statistics where per-SNP effective sample size was unavailable.

6.3.2.3. Gene expression and methylation data

The KCL BrainBank expression dataset consists of post-mortem bulk RNA-sequencing
samples from the Medical Research Council (MRC) London Neurodegenerative Diseases
Brain Bank at KCL. Frozen human post-mortem tissue was taken from the primary motor

cortex of 112 patients whose genomes were sequenced as part of Project MinE.

Matching methylation data for BrainBank samples was also used here to perform phenotype
analysis. DNA methylation was analysed using lllumina Infinium EPIC array following the

standard Infinium HD array methylation protocol (lllumina).

The protocols for RNA-sequencing (lacoangeli et al., 2021; Jones et al., 2021) and generating

methylation data (Hop et al., 2022) have been described previously.
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6.3.3. Procedure

6.3.3.1. Clustering of ALS clinical data

Latent Class Cluster Analysis (LCA) was applied with Mplus (v8.7) and the MplusAutomation
R package (Hallquist & Wiley, 2018) (package v1.1.0; R v4.1.3) with the MLR estimator to
identify data-driven clusters in clinical data. LCA is an unsupervised machine-learning
approach with various benefits: information returned enables the immediate inspection of
fit quality; data across categorical, ordinal, and continuous modalities can be combined,
including time-to-event variables with censoring; an in-built full information maximum
likelihood approach (T. Lee & Shi, 2021) enables class (cluster) assignment for people with

incomplete records.

Project MinE was used as the discovery cohort, holding back independent samples from
STRENGTH for model validation. After validation, the independent Project MinE and
STRENGTH samples were pooled together and LCA was repeated within the joint dataset.
We attempted to fit latent class models which considered between 1 and 9 latent classes for

both discovery and joint samples.

Fitted models were compared first using Akaike (AIC) and Bayesian (BIC) information
criterion, where smaller values indicate an improved model fit (Weller, Bowen, & Faubert,
2020). We additionally considered the theoretical interpretability and parsimony of the
solution, which is typical for LCA to minimise identification of small and uninterpretable
classes. The quality of the accepted fit was evaluated using entropy and minimum average
probability of belonging to the assigned class. High entropy indicates that the identified
classes describe the data well (Celeux & Soromenho, 1996); values of around 0.8 or higher
indicate good model fit. Likewise, greater than 0.8 average probability belonging to the

assigned class indicates that people conform well to class assignments.

To ensure that accepted models in each dataset were unbiased by use of full information
maximum likelihood to approximate missing values in important model features, the final
models were refitted using a subset of the samples, omitting people missing diagnostic

delay and disease duration feature information.
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To validate the best-fitting model identified using the discovery-sample, people from

STRENGTH were assigned to classes by Mplus and the model fit statistics were re-evaluated.

As a further test of external validity for the accepted model from the discovery sample, we
predicted class assignments in STRENGTH using a k-nearest neighbours algorithm. The
ground truth for class membership was those assigned by Mplus. The k-nearest neighbours
algorithm was trained upon the LCA model features using the Project MinE discovery
sample (including people with censored disease duration). We allowed KNN to consider
between 1 and 20 neighbours, running the algorithm for each value 20 times, and then
performing a final prediction for the value with the highest mean accuracy for predicting
class assignments in STRENGTH (see Figure C-3; Table C-5). Area under the receiver
operating characteristic curve (AUC) was used to determine predictive performance for
each class vs any other class. The k-nearest neighbours algorithm was implemented using
the R class package (v7.3.20) (Venables & Ripley, 2002), and AUC was analysed using pROC
(v1.18.0) (Robin et al., 2011).

Consistency between the discovery and joint dataset latent class models was established by
inspecting cluster assignment overlap between them. The accepted joint-dataset model was

used for subsequent analyses.

6.3.3.2. Clinical characterisation of clusters

Characteristics of the clusters identified via LCA were first examined using linear
discriminant analysis as implemented within the MASS (v7.3.57) package (Venables &
Ripley, 2002). This algorithm derives linear axes that maximise separation between the
classes and associations between these axes and the predictor variables indicate which

variables best distinguish the classes.

Accordingly, the analysis included all features used in LCA. Clinical diagnosis (ALS, PLS, or
PMA) was dummy coded with ALS as the reference category. Age of onset and disease
duration were standardised to have a mean of 0 and standard deviation of 1. Diagnostic
delay was, as before, standardised by country of origin. Sex (male or female) and site of

onset (bulbar or other) were not recoded. Relationships between linear discriminant axes
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and clinical variables were examined using pooled within-group correlations, implemented

within the psych package (v2.2.9) (Revelle, 2022) statsBy function.

Although linear discriminant analysis performs adequately with categorical data (Gilbert,
1968; Moore, 1973), it assumes that predictors are continuous and normally distributed.
Multinomial logistic regression (Tabachnick & Fidell, 2019), which makes no such
assumption, was therefore applied with stepwise feature selection to support the analysis.
Multinomial logistic regression analysis was implemented via nnet (v7.3.17) (Venables &
Ripley, 2002) with the same predictors and coding as for linear discriminant analysis. The
MASS package stepAlC function was applied with using forward and backward feature

selection to remove any unimportant features based on AIC.

Linear discriminant and multinomial logistic regression analysis methodologies do not
account for censoring in data. To ensure that our application of these techniques was not
biased by inclusion of people with censored disease duration, the analyses were performed

both including and excluding these individuals.

Time-to-event/survival analysis was performed via survival (v3.3.1) (Therneau, 2022) and
survminer (v0.4.9) (Kassambara, Kosinski, & Biecek, 2021) to examine the relationship
between class and disease duration. Class was first used as a univariate predictor of disease
duration and differences were compared using pairwise log-rank tests. A Cox proportional-
hazards model was fitted using class and the other clinical variables to predict disease
duration. Predictor variables were encoded as described above. Disease duration was not

standardised.

6.3.3.3. Biological trends across clusters
Associations between the k clusters identified and rare variation in ALS-implicated genes
were investigated using kx2 Fisher’s exact tests. Odds ratios for having a variant in a given

cluster vs all other clusters were also determined.

Binary logistic regression models were used to compare PRS for each cluster against all

other clusters and against healthy controls. Each analysis was performed with a given PRS as
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a univariate predictor and after including the first five principal components of ancestry as

covariates.

The R stats (v4.1.3) (R Core Team, 2021) package was used to perform Fisher’s exact tests
for the rare variant analysis and to fit binary logistic regression models for the PRS analyses.
Odds ratios for class vs other comparisons in the rare variant analyses were derived using

the epitools (v0.5.10.1) (Aragon, 2020) package oddsratio.fisher function.

To determine whether the clusters displayed alterations in biological processes, we
performed differential expression, gene enrichment, and cell type analysis for the samples
from Project MinE which had matching motor cortex expression data available (n = 88).
Gene enrichment analysis was performed using the top 500 differentially expressed genes.
Cell composition analysis (McKenzie et al., 2018) was performed for the following cell types:
neurons, endothelial cells, astrocytes, microglia, oligodendrocytes, and oligodendrocyte

progenitor cells.

We additionally compared omics-based relative to chronological age at the time of death
across clusters, based on estimates of brain-specific transcriptional age and methylation-

based biological age.

Further procedural details for analyses of gene expression and methylation data are

provided in Appendix C.1.1.

6.3.3.4. Prediction of cluster membership using baseline data

Random forest and eXtreme Gradient Boosting classification algorithms were trained to
examine whether cluster membership could be predicted using only information accessible
around the time of first diagnosis. Six algorithms were trained across the two machine-
learning methods with a multiclass classification objective, predicting assignments to the
LCA-identified clusters, across three data configurations: (1) all clinical features used in LCA
except disease duration (which cannot be assessed at this time); (2) clinical features from
model 1 alongside rare and common genetic variables used to assess biological trends

across classes; (3) clinical features from model 1, sample-matched with model 2.
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SHapley Additive exPlanations (SHAP) (Covert & Lee, 2021; Lundberg & Lee, 2017) were
used to examine which features were more influential upon machine-learning algorithm
Class membership predictions. SHAP values were selected because of their model-agnostic
approach to explaining predictions based upon the additive contribution of each feature

across a dataset.

To further examine which features were important for prediction of exclusively Class 1
versus 2, the most frequent LCA clusters, 6 additional binary classification algorithms were
trained across the two machine-learning methods and three data configurations after

restricting only to people assigned to these classes.

Only people without missingness on included features were used in each multiclass (binary)
analysis, therefore the total sample size was 12,508 (11,109) in the first data configuration

and 3,226 (2,996) in the second and third.

Algorithms were trained with 10-fold cross-validation, repeated 10 times using
pseudorandom seeding. Prediction performance was evaluated using the metrics of

sensitivity, specificity, precision, and balanced accuracy.

Further procedural information is provided in Appendix C.1.2.

6.4. Results

6.4.1. Clustering of ALS clinical data
We identified that clinical subgroups of ALS were well described within a 5-class latent class

model (see Table C-3; Table 6-1).
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Table 6-1. Class membership characteristics for a 5-class model in the Project MinE, STRENGTH, and joint datasets

Numbers presented in bold refer to average posterior probability of belonging to the assigned class. The statistics in the

discovery and validation datasets are for the 5-class model fitted to the discovery sample. The Joint dataset statistics are for

the 5-class model fitted to the joint dataset which combines Project MinE and STRENGTH.

N in class (% of dataset) based on

Average posterior probability of belonging

Assigned to class
Dataset . .
class posterior most likely class ) 3 4 5
probabilities membership

1 3702.34 (0.568) 3952 (0.606) 0.883 | 0.106 0.01 0.001 0

2 2110.49 (0.324) 2023 (0.310) 0.104 0.818 0.056 @0.011 0.011
Discovery
(Project 3 527.84 (0.081) 409 (0.063) 0.01 0.075 | 0.909 | 0.006 0
MinE)

4 114.15 (0.018) 87 (0.013) 0 0.006 0.047 0.944 0.003
5 68.18 (0.010) 52 (0.008) 0.002 | 0.118 | 0.016 | 0.036 | 0.829

1 3887.36 (0.497) 4126 (0.527) 0.89 0.101 @ 0.008 0.001 0
2 2606.34 (0.333) 2452 (0.313) 0.084 | 0.866 | 0.044 @ 0.004 | 0.002

Validation

(STRENGTH) 3 1009.62 (0.130) 943 (0.120) 0.009 0.07 0.912 0.008 0
4 263.43 (0.034) 252 (0.032) 0 0.001 | 0.041 | 0.955 | 0.003
5 62.24 (0.008) 56 (0.007) 0.001 @ 0.006 0 0.008 @ 0.984

1 7027.66 (0.490) 7401 (0.516) 0.9 0.093 | 0.006 @ 0.001 0
2 5602.10 (0.390) 5470 (0.381) 0.067 0.879 0.044 @ 0.006 @ 0.004
Joint 3 1319.10(0.092) 1138 (0.079) 0.003 | 0.085 | 0.898 @ 0.013 | 0.001
4 302.60 (0.021) 259 (0.018) 0 0 0.04 0.957 0.003
5 100.54 (0.007) 84 (0.006) 0 0.067 | 0.024 @ 0.019 | 0.889

The 5-class model was first identified in the Project MinE discovery sample, with lower

Akaike information criterion (AIC) and Bayesian Information Criterion (BIC) values than

models with fewer classes (Table C-3). Latent class models did not converge when

considering a higher number of classes. Acceptance of the 5-class model was supported by it
having entropy (0.791) indicating that the model had reasonable certainty in classification,
and by people having a high probability of belonging to their assigned classes (Table 6-1). An
equivalent model, with high entropy (0.850), was identified when repeating LCA after
restricting to only people without missingness in diagnostic delay and disease duration (see

Table C-4).
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The external validity of this solution was affirmed through application to independent
samples from STRENGTH. High entropy (0.830) and high average class probability of
belonging to assigned classes (Table 6-1) indicated that the solution fit these data well.
Accurate prediction of class membership for people from STRENGTH within a k-nearest
neighbours algorithm trained upon the clinical data from Project MinE samples further

supported the validity of the subgroups identified (see Table C-5).

Since the initial 5-class model fitted both the discovery and validation datasets well, LCA was
repeated using a joint dataset, pooling across independent samples from Project MinE and
STRENGTH. Models of 1 to 9 classes were fitted and the 5-class model was accepted above
those with additional classes since the external validity of a 5-class model had already been
demonstrated and because improvements to AIC and BIC were not substantial with
additional classes (Table C-3). Entropy in the 5-class solution remained high (0.836) and
people had high probability of belonging to their assigned classes (Table 6-1). As before, a
highly comparable model, with 0.881 entropy, was identified when repeating LCA after
restricting to only people with diagnostic delay and disease duration reported (see Table

C-4).

Equivalence between the 5-class models fitted to the Project MinE and joint datasets was
determined by examining cluster similarity: ~91% of people from Project MinE and ~92% of
STRENGTH were assigned to the equivalent cluster in the joint dataset model (see Figure

C-4).

Accordingly, the joint dataset 5-class solution was accepted as the final model and used for

subsequent analyses.

6.4.2. Clinical characterisation of clusters

We examined the clinical characteristics of the clinically-defined ALS subgroups identified
with LCA. Table 6-2 and Figure 6-2 present descriptive statistics for clinical features across
each class. Linear discriminant and multinomial logistic regression analyses highlight that
diagnostic delay and disease duration were the main class delineators (see Figure 6-3; Table

6-3; Table C-7, Table C-8). All features were retained in the multinomial logistic regression
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model analysing only people without censored disease duration; sex was dropped as a
predictor when people with censored disease duration were included in the analysis (Table

C-7, Table C-8).

Survival analysis further demonstrated the relationship between class and disease duration,
indicating that the classes are each associated with distinct survival trajectories (Figure 6-2),
and class remaining the most influential predictor of survival within a Cox proportional-

hazards model after adjusting for other clinical features (Table C-9).
Table 6-2. Descriptive statistics for the clinical characteristics of people with ALS across the 5-class solution fitted to the
joint dataset

Tcalculated within the survfit function of the R survival package (Therneau, 2022); see Figure 6-2 for Kaplan-Meier curves

stratified by class. Patterns of missingness across each variable are shown in Figure C-1.

Total 1 2 3 4 5
Number of people 14352 7401 5470 1138 259 84
5823 3250 1987
N female (% 460(0.4) 97(0.37) 29 (0.
emale (%) (0.41) (0.44) (0.36) 60 (0.4) | 97 (0.37) 9(0.35)
4063 2911 951 155
0,
N Bulbar onset (%) 0.3) (0.42) (0.18) (0.14) 37 (0.15) 9(0.12)
Mean age of onset in 60.96 64.74 56.85 59.26 56.11 39.55

years (standard (12.24) | (1039) | (12.62) | (12.07) @ (12.25) = (17.28)

deviation)
Median diagnostic delay 0.72 1.17 3.48 16.92
1 (0. . .
in years (inter-quartile 1(%;)8’ (0.47, (0.75, (2.92, 6 89(:’2())6' (10.97,
range) ’ 1.03) 1.83) 4.34) ’ 21.51)
N with censored disease 3534 428 2363 532 148 63 (0.75)
duration (%) (0.26) (0.06) (0.45) (0.47) (0.57) '
Median disease duration, 2.94 1.97 11.54 21.75
years (inter-quartile (1.86, (1.39, 4'278(33)'7’ 7'(;28(15)'1’ (8.84, (15.39,
range) 5.08) 2.53) ’ ’ 16.95) 29.58)
Median durationafter 5 g 2.01 5.67 9.12 19.55 46.14
accounting for censoring
13115 7217 4795 894
ALS 155 (0.6 54 (0.64
(0.91) (0.98) (0.88) (0.79) ), ( )
Clinical 533 250 159
PLS . .
diagnosis (0.04) 23(0) (0.05) (0.14) 79(0.31) | 22(0.26)
704 161 425
PMA 85(0.07)  25(0.1) 8(0.1)

(0.05) (0.02) (0.08)
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Figure 6-2. Trends in clinical features used in latent class analysis according to class

Panel A: Kaplan-Meier curves for disease duration from onset until death or censoring; pairwise log-rank tests indicate that
survival differs significantly between all classes (p <1x10° for all comparisons after false discovery rate adjustment for all
pairwise tests performed). Orthogonal tick marks on the survival curves indicate censoring. Colouring around the curves
indicates 95% confidence intervals. Panel B: Kaplan-Meier curves for age of onset. Panel C: density curves for diagnostic
delay centred and scaled on the mean and standard deviation for diagnostic delay according to country of origin (see Figure
C-2; Table C-1). Panels D-F: stacked bar-charts indicating distribution of the categorical variables sex (D), clinical diagnosis
(E), and site of onset (F) across classes. ALS = amyotrophic lateral sclerosis; PLS = primary lateral sclerosis; PMA =

progressive muscular atrophy.
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Figure 6-3. Distribution of people across the first two axes of linear discriminant analysis for all case-complete data

LD1 is highly correlated with diagnostic delay, while LD2 is associated primarily with disease duration (see Table 6-3).

Figure C-5 presents a comparison figure for linear discriminant analysis when restricting to only people with non-censored

disease duration. Figure C-6 shows this figure with people stratified by country of origin.
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Table 6-3. Results of the linear discriminant analysis of all people with case-complete data

Proportion of trace describes the proportion of the separation between classes accounted for by each linear discriminant
(LD) axis. Pooled within-group correlations greater than 0.5 are presented in bold and are considered variables associated
with a given LD. Reference groups for categorical variables are: ‘not-bulbar’ for site of onset, ‘male’ for sex, ‘amyotrophic
lateral sclerosis’ for clinical diagnosis. This analysis includes people with censored disease duration; Table C-6 presents
comparable results for this analysis after restricting to only non-censored individuals. Figure 6-3 visualises the distribution

of people and classes across the first two LD axes. PLS = primary lateral sclerosis; PMA = progressive muscular atrophy.

Statistic Variable LD1 LD2 LD3 LD4
Eigenvalue - 130.01 31.57 4.80 2.28
Proportion of trace - 0.943 | 0.056 | 1.28x103 | 2.90x10*
Diagnostic delay 0.950 -0.295 0.031 -0.084
Age of onset -0.081 | -0.449 | -0.388 -0.149
o Disease duration 0.406 @ 0.795 0.024 0.198
Pooled within-group Site of onset (bulbar) | -0.065 | -0.362  0.520 | 0.634
correlation
Sex (female) -0.009 @ -0.107 -0.052 -0.219
Clinical diagnosis (PLS) | 0.136 | 0.072 | -0.700 0.648
Clinical diagnosis (PMA) | 0.034 @ 0.181 0.008 -0.074

6.4.3. Biological trends across clusters

Fisher’s exact tests were applied to examine associations between rare genetic variation
and class for variants occurring within genes previously associated with ALS (see Table 6-4).
SOD1 variants and the C9orf72 expansion differed in frequency across classes. For example,
C9orf72 expansions were overrepresented in Class 1 and underrepresented in Class 2; the
opposite was observed for SOD1 variants. The frequency of variants in genes linked to RNA

processing and to cytoskeletal dynamics and axonal transport also differed across classes.
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Table 6-4. Association between class and rare genetic variation in ALS-associated genes

Odds ratios are for having a variant in each class relative to all other classes; those with 95% confidence intervals (Cl) which
do not cross the null value of 1 are presented in bold. * false discovery rate (FDR) adjusted p-values <0.05 after adjusting for
all Fisher’s exact tests in the column are presented in bold. 2 Sample size differs for C9orf72 comparison, sample size in class:
1=3,374,2=2,494, 3 = 322, 4 = 65, 5 = 36. SAny pathway refers to having a variant in any of the autophagy and

proteostasis, RNA function, cytoskeletal dynamics and axonal transport pathways.

Genetic Class (sample size %)
i
variation 1(3,401) 2(2,512)  3(327) 4 (65) 5 (36)
(Peor’)
N with variant 13
op1 freq) a0y 31001 | 6(0.02) 2 (0.03) 1(0.03)
(2.04x10%) Oddsratio  0.28[0.14, 2.16[1.21, 2.37[0.82, 3.87[0.45, 3.43[0.08,
[95% Cl] 0.53] 3.93] 5.62] 15.31] 21.27]
N with variant
Corf72 Wi vanant - o50(0.07) | 101(0.04)  14(0.04) = 1(0.02) 0 (0)
repeat (freq)
expansion Odds ratio 1.93 [1.53, 0.56[0.44, 0.73[0.39, 0.25[0.01, 01[0, 1.75]
(2.42x10°) [95% Cl] 2.44] 0.71] 1.25] 1.46] =
Autophagy N with variant
10)  241(0.11) @ 24(0. 1 1
o freq) 309 (0.10) (0.11) (0.08) = 6(0.10) = 5(0.16)
proteostasis Odds ratio 0.96[0.81, 1.08[0.9, 0.77[0.48, 1[0.35, 1.59 [0.48,
. 0 . o o . .
(0.546) [95% Cl] 1.15] 1.28] 1.18] 2.32] 4.15]
N with variant
319(0.10) = 244(0.11) = 19 (0.06 8(0.14 0(0
RNA function (freq) ( ) ( ) ( ) ( ) ©)
(0.036) Oddsratio 102086, 108[091, 0.59[035, 137[056, o/
[95% Cl] 1.21] 1.29] 0.94] 2.91] &0
Cytoskeletal | Nwithvariant =)0 16) | 416(0.20)  45(0.16) = 9(0.16) = 4(0.13)
dynamics (freq)
d |
at?anas’g: Oddsratio  0.82[0.71, 1.27[1.1, 092[0.65 0.93[0.4, 0.72[0.18,
0,
10.036) [95% Cl] 0.94] 1.46] 1.27] 1.9] 2.04]
Any pathway | W'(tf:;‘)”a”t 979 (0.40) = 799 (0.47) = 81(0.33) = 23(0.55) @ 8(0.29)
§
. Oddsratio  09[0.81, 1.17[1.05, 0.77[0.58, 1.29[0.74, 0.67 [0.26,
: [95% Cl] 1] 1.31] 0.99] 2.21] 1.52]

Binary logistic regression models were fitted to examine associations between class and PRS
for ALS and related neuropsychiatric disorders (see Figure 6-4). Class 1 was significantly
associated with higher PRS for risk of ALS, compared both to people in other classes and to
healthy controls. Interestingly, PRSs for schizophrenia and Parkinson’s disease were lower in
Class 1 compared to other classes and were higher in Classes 2 and 5. PRS for schizophrenia
were higher in most classes with respect to controls, and those for Parkinson’s disease were

higher for Classes 2 and 5.
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Figure 6-4. Odds ratios for association between polygenic risk scores (PRS) for neuropsychiatric diseases and class

Odds ratios are derived as exponentiated coefficients from binary logistic regression models, with the outcome variable of
class vs all other classes in blue and class vs healthy controls in red. A circle denotes a ‘simple” model including only the PRS
indicated for that panel as a predictor, a triangle denotes a model which adjusts for the first five principal components (PC)
of ancestry. Nominal statistical significance is indicated by asterisks for ‘simple” models only, and colour coded according to
the reference group. Sample sizes for each group in the PRS analyses [amyotrophic lateral sclerosis PRS sample size]: Class 1

= 3,464 [2,126], 2 = 2,421 [1,466], 3= 327 [203], 4 = 65 [45], 5 = 34 [20], controls = 2,371 [1,909].

RNA-sequencing data was available for 88 of 94 KCL BrainBank samples (a subset of Project
MinE) assigned to classes via LCA (n: Class 1 = 70, Class 2 = 18). Differential expression
analysis identified one gene, MYCN, significantly upregulated in Class 2 compared to Class 1
after independent hypothesis weighting correction (logz Fold Change = 0.597, SE = 0.124,
Padjusted = 0.033). The full differential expression results are available in Table C-10. Gene set
enrichment analysis highlighted genes involved with cytoskeletal, extracellular matrix,
muscle system, anatomical structure/cell development, and cell signalling related biological
processes, as well as various microRNA targets, as over-represented among the 500 most
significant differentially expressed genes. The results of this analysis are available in Table

C-11.
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Cell composition analysis performed upon the BrainBank Samples indicated that Class 2 had
a significantly smaller proportion of endothelial cells (p = 0.00163) and microglia (p =
0.0442) than Class 1. Furthermore, although non-significant, transcriptional and biological

age acceleration was, respectively, 3.1 and 1.4 years higher in class 2 (see Table 6-5).

Table 6-5. Results of cell composition and omics-based age analysis for BrainBank samples in Class 1 and Class 2

with matching motor cortex expression data

Bold p-values denotes values <0.05. “Cell composition differences were assessed using the Wilcoxon rank-sum
test (W statistic) and omics-based age was assessed using independent samples t-test (t statistic, degrees of

freedom). SVD = singular value decomposition.

Mean £ SD Test
Statistic  p-val
Class1(N=70)  Class2 (N=18) ~ronstc p-value
Astrocytes  -0.00237 +0.0731 -0.0180+0.0457 W=679  0.616
Endothelial Cells ~ -0.0131+0.0391  -0.0385+0.0208 W =935 0.00163
Cell Neurons 0.0131+0.0695 | 0.0422+0.0542 W=473  0.106
Composition Microglia 0.0107+0.111  -0.0169+0.0327 W =825 0.0442

(SVD values) | Oligodendrocytes = -0.0193 +0.0407 = 0.00367 £0.115 | W =609 0.832

Oligodendrocyte

. 0.0148 £+ 0.0768 @ -0.00257 £0.0482 W =661 0.752
Progenitor Cells

Transcriptional

age acceleration 3.94£10.2 6.99+11.9 1.085, 0.281
Omics-based & df = 84
Age (years) o -
Biological age e 795 45,08 1305 0156
acceleration e

6.4.4. Prediction of cluster membership using baseline data

We examined the extent to which machine-learning algorithms could predict class
membership using data available around the time of diagnosis. Random Forest and eXtreme
Gradient Boosting algorithms were trained using clinical data only or a combination of
clinical and genetic variables. Comparison of the area under the receiver operating
characteristic curve for prediction of each class versus all other classes determined that the
two approaches performed comparably (see Figure C-7; Figure C-8; Figure C-9). Table 6-6
presents performance metrics for the multiclass eXtreme Gradient Boosting algorithms
trained upon each data configuration. Class membership was predicted with high accuracy
for Classes 3-5 (see Table 6-6; Figure 6-5). Prediction of Classes 1 and 2 still performed

reasonably, but with poorer specificity in Class 1 and sensitivity in Class 2; most
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misclassification in these groups was for people in the opposing class (see Figure C-7; Figure
C-8; Figure C-9). Algorithm performance was comparable across sample-matched datasets

when using clinical features alone and using clinical and genetic measures.

Evaluation of feature importance using SHAP values identified diagnostic delay as the most
influential feature upon predictions from either approach and that various other features

contributed more greatly for prediction of Class 1 and 2 in particular (see Figure C-10).

Table 6-6. Performance of eXtreme Gradient Boosting classification algorithms for predicting class membership

Class 5 was omitted from the algorithm when fewer than 20 people in the class remained in the dataset. Figure C-7, Figure

C-8 and Figure C-9 present receiver operating-characteristic curves and corresponding area under the curve (AUC) for each
class combination pairwise. TAUC values presented are for prediction of class vs all other classes (see Figure 6-5)."The ‘first

visit clinical data [matched]’ rows describe an algorithm trained using features equivalent to the ‘first-visit clinical data’

model but after restricting the sample to match people included for the ‘First-visit clinical data and genetic features’ model.

Class
Model
1 2 3 4 5
Sample size 6547 4562 1096 248 55
AUC’ 0.847 0.827 0.999 0.999 1.000
First-visit Sensitivity 0.77 0.68 0.97 0.99 1.00
clinical data Specificity 0.76 0.81 0.99 1.00 1.00
Precision 0.78 0.67 0.92 0.95 1.00
Balanced Accuracy 0.77 0.74 0.98 0.99 1.00
Sample size 1813 1177 192 44 -
. . AUC' 0.840 0.822 0.999 1.000 -
First-visit
clinical data Sensitivity 0.774 0.685 0.983 0.977 -
and genetic Specificity 0.747 0.800 0.995 1.000 -
features Precision 0.797 0.663 0.925 0.977 -
Balanced Accuracy 0.760 0.743 0.989 0.988 -
Sample size 1813 1177 192 44 -
AUC’ 0.839 0.820 0.999 1.000 -
First-visit Sensitivity 0.776 0.681 0.984 0.977 -
clinical data —
[matched]” Specificity 0.743 0.802 0.995 1.000 -
Precision 0.795 0.664 0.924 0.977 -

Balanced Accuracy 0.760 0.742 0.989 0.988 -
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Figure 6-5. Receiver operator characteristic curves for performance of eXtreme Gradient Boosting algorithms in classifying

each class versus all other classes

Curves shown indicate performance across all repeated cross-validation iterations. Each panel represents algorithms
trained with different data configurations: A is upon clinical features available at diagnosis across all samples with
complete clinical data (n = 12,508), B is these clinical features and measured genetic risks (n = 3,226), C is upon clinical
features only, as in panel A, with a restricted sample to match the dataset of B (n = 3,226). Class 5 is excluded from

classification in panels B and C owing to small sample size in these datasets. AUC = area under the curve.

6.5. Discussion

Latent class clustering analysis was applied to clinical data from large international ALS
datasets to identify data-driven clinical subgroups and investigate whether biological
differences exist between groups. Five distinct disease subgroups were identified,
delineated primarily by diagnostic delay and disease duration, with importance also
attributed to age and site of disease onset and clinical phenotype (ALS, PLS, or PMA).

Notably, these clusters appear to generalise across countries (see Figure C-6).

Survival analysis indicated that the clusters were distinct regarding disease duration from
onset until death; duration was greater for each respective class between 1 and 5.
Diagnostic delay also generally increased with respect to class number, but, unlike disease
duration, was similar in Class 1 and 2. Other features also aggregated unequally between
clusters; bulbar onset was more frequent in Class 1; age of onset was later in Class 1 and
earlier in Class 5, but comparable for Classes 2-4; the PLS clinical subtype was more frequent
in Classes 4 and 5; the PMA subtype was more evenly distributed, but less frequent

particularly in Class 1. Figure 6-2 visualises the clinical characteristics of each class.
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The main clinical variables discriminating subgroups from this study are consistent with
those distinguishing subgroups from a previous application of LCA in a UK ALS cohort
(Ganesalingam et al., 2009). Both studies find diagnostic delay as an important discriminator
of ALS subgroups and that subgroups have distinct survival trajectories. However,
comparing class assignments of people from STRENGTH using the latent class model from
each study demonstrates that the clusters are not the same (see Figure C-11). The most
striking distinction is that most people assigned to Classes 1 and 2 using the present model
are assigned to a single class by the model from the previous study. This difference can be
explained by the inclusion of disease duration in present latent class model, which was
withheld from clustering in the previous study and instead used as a tool for clinical

validation.

Interestingly, neither the current or previous LCA-based clustering identified subgroups
corresponding to clinically defined ALS subtypes (e.g., PMA or PLS), which supports the
hypothesis that the validity of current clinically defined subtypes should be reconsidered.
However, this may reflect a high rate of misdiagnosis or that the variables required to
distinguish between clinical subtypes were not captured within these models. Use of high-
dimensional clinical data identified ALS subgroups congruent with the classification system
in a recent study (Chio et al., 2011; Faghri et al., 2022). However, these subgroups would
have fallen within the pure ALS diagnosis in our study and extreme subtypes such as PMA

and PLS were not represented.

Analysis of rare genetic variants showed that the pathogenic C9orf72 repeat expansion was
more frequent in Class 1, consistent with evidence that the variant is associated with
shorter disease duration (Byrne et al., 2012; N. A. Murphy et al., 2017; Umoh et al., 2016;
van Rheenen et al., 2021). Putatively deleterious SOD1 variants were overrepresented in
Class 2, the characteristics of which was more representative of the disease phenotype

associated with variants in this gene than for than Class 1 (Opie-Martin et al., 2022).

Variants in genes associated with cytoskeletal dynamics and axonal transport cell processes
were more frequent in Class 2. Variants in genes associated with RNA function were also

unequally distributed across groups, although no individual group appeared to drive the
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association. These findings suggest that the ALS phenotype may present differently
according to disruption of certain cellular processes. Recent studies support this possibility,
reporting differences in disease progression and survival according to common variants
associated with antioxidant and inflammatory disease pathways (Ravnik-Glavac et al., 2022)
and according to expression-based clusters (Eshima et al., 2023). Associations between
disruption to particular biological processes and the ALS phenotype warrant further

investigation.

Trends in common genetic variation were examined using PRS for risk of ALS or related
neuropsychiatric traits. Class 1 was associated with higher ALS PRS. Conversely, Classes 2
and 5 were associated with higher schizophrenia PRS, which was also generally higher
across ALS subgroups compared to healthy controls. Classes 2 and 5 were also associated
with higher, and Class 1 with lower, Parkinson’s disease PRS. No associations emerged
between class and PRS for FTD or Alzheimer’s disease. The lack of association with FTD PRS
may reflect the limited simple size of the only available GWAS for this trait (Ferrari et al.,

2014), and thus an underpowered PRS.

The finding that ALS PRS were only higher than healthy controls in Class 1, the largest
cluster, suggests that the GWAS primarily captures variants relevant for disease risk in this
subgroup. Different variants may therefore be relevant for disease risk in the other
subgroups. The possibility is supported by the association between Classes 2 and 5 and
higher schizophrenia and Parkinson’s disease PRS. These associations also suggest that
genetic overlaps between ALS and other traits could be driven by certain disease subgroups

(McLaughlin et al., 2017; van Rheenen et al., 2021).

Analysis of matching post-mortem motor cortex transcriptomic data available for a subset
of Project MinE supported the differences in biological trends between Classes 1 and 2.
Gene enrichment analysis identified many significant processes and pathways linked to
cytoskeletal dynamics and axonal transport, congruent with our finding that variants in
genes linked to this pathway were more frequent in Class 2. The variability in biological

trends observed across these clinical subgroups supports the perspective that patient
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stratification may be important for identifying biological disease mechanisms (Jones et al.,

2015).

Lastly, we found that class membership could be predicted with only information attainable
around the time of diagnosis using machine-learning classification algorithms (see Table 6-6;
Figure 6-5). Classes 3 to 5 were clearly distinguished and poorer performance for Classes 1
and 2 is expected since their main delineator is disease duration which was excluded as a
feature (see Table 6-2; Figure 6-2; Figure 6-3). Algorithms making predictions using both
genetic and clinical features performed comparably to those trained using clinical features
only. For rare variants in particular, this may reflect that presence of a given variant only

informs predictions for a small proportion of the whole cohort.

A limitation of this study is that rare variant analysis was conducted under the assumption
that identified variants are relevant for the risk or modification of the ALS phenotype. We
included rare variants predicted to have a functional effect upon genes previously
implicated in ALS. Such broad inclusion criteria will likely identify a range of variants with a
spectrum of relevance to the disease. Without further supporting evidence, or larger sample

sizes, it is difficult to ascertain the role of each individual variant (Richards et al., 2015).

A further limitation is that biological trends could only be tested to a limited degree.
Analyses with transcriptomic and methylation data were substantially constrained by the
availability of data for relatively few samples from Classes 1 and 2. The genetic analyses
were similarly limited by the small sample size for certain clusters. However, our
investigation drew upon one of the richest genomic resources for ALS currently available
(Project MinE ALS Sequencing Consortium, 2018) and this constraint should lessen in future

studies as resources continue to expand.

Future studies should refine the disease classifications we have developed. The identified
subgroups were partly and differentially separated by diagnostic delay and disease duration.
Progression has been identified as an indicator of disease duration in ALS (Labra, Menon,
Byth, Morrison, & Vucic, 2016; Rutkove, 2015), and the present patterns suggest non-

linearity of progression across the disease course, which has been recognised previously
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(Ramamoorthy et al., 2021). Our measurement of diagnostic delay is likely an imperfect
proxy for disease progression. Therefore, future studies should include measures of

patterns in disease progression. Recognising overlaps between ALS and other conditions
(van Rheenen et al., 2021; Zucchi et al., 2019), it is also pertinent to measure non-motor

features of ALS, such as cognitive or behavioural change.

In conclusion, this chapter illustrated that data-driven approaches can identify distinct
clinical subtypes of ALS and suggests that differences between these subgroups may reflect
the role of distinct biological mechanisms, beyond individual gene variants, upon the
phenotype. The study supports the perspective that data-driven patient stratification may
aid identification of biological disease mechanisms and, therefore, that such approaches
should be considered in the design of future ALS studies. Defining clinically and biologically
meaningful subtypes of ALS has important implications for future research and clinical
practice regarding: the inherent utility of an early and reliable prediction of disease
prognosis for improving and personalising patient care; improved matching of people across
clinical trial placebo and active arms to facilitate testing of treatment efficacy; precision
medicine development owing to easier identification of disease processes relevant for

particular subgroups.

Future research should aim to develop detailed understanding of ALS subtypes by
employing multi-omic datasets to examine how they are reflected across the spectrum of

genome to phenome.
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Chapter 7. An online utility for comparative phenotype analysis in ALS

7.1.  Abstract

Objective

Variants in the superoxide dismutase (SOD1) gene are among the most common genetic
causes of amyotrophic lateral sclerosis. Reflecting the wide spectrum of putatively
deleterious variants that have been reported to date, it has become clear that SOD1-linked

ALS presents a highly variable age at symptom onset and disease duration.

Methods
Here we describe an open access web-tool for comparative phenotype analysis in ALS:

https://sod1-als-browser.rosalind.kcl.ac.uk/. The tool contains a built-in dataset of clinical

information from 1,383 people with ALS harbouring a SOD1 variant resulting in one of 162
unique amino acid sequence alterations, and from a non-SOD1 comparator ALS cohort of
13,469 individuals. We present two examples of analyses possible with this tool, testing how
the ALS phenotype relates to SOD1 variants which alter amino acid residue hydrophobicity

and to distinct variants at the 94" residue of SOD1, where six are sampled.

Results and conclusions

The tool provides immediate access to the datasets and enables bespoke analysis of
phenotypic trends associated with different protein variants, including the option for users
to upload their own datasets for integration with the server data. This utility can be used to
study SOD1-ALS and provides an analytical framework to study the differences between
other user-uploaded ALS groups and our large reference database of SOD1 and non-SOD1
ALS. It is designed to be useful for clinicians and researchers, including those without

programming expertise, and is highly flexible in the analyses that can be conducted.

7.2.  Background
Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disease characterised by

dysfunction and death of motor neurons leading to progressive muscle weakness and
paralysis (R. H. Brown & Al-Chalabi, 2017). Its clinical presentation can vary greatly. For
example, although people most frequently develop the first symptoms between 55 and 65

years of age, the disease can onset across all stages of adulthood. Similarly, time from
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symptom onset until death is a median of 3 years for ALS but some people die within a year
of onset, and 5-10% of people survive for more than 10 years (Al-Chalabi & Hardiman, 2013;
Chio et al., 2009; Juneja et al., 1997b).

A plethora of genetic factors can affect the risk of ALS or its phenotype, and mutations in
specific genes can lead to distinct clinical outcomes. For example, a hexanucleotide repeat
expansion in the C9orf72 gene is the most common known cause of ALS and carriers of this
mutation typically develop ALS earlier and with faster progressing symptoms than sporadic
ALS patients (Byrne et al., 2012; N. A. Murphy et al., 2017; Umoh et al., 2016; van Rheenen
et al., 2021). Furthermore, different mutations within the same gene can also lead to
distinct forms of the disease. For example, over 180 variants in the superoxide dismutase
(50D1) gene (Bunton-Stasyshyn et al., 2015; M. Kalia et al., 2022; Opie-Martin et al., 2022)
have been found in ALS patients. As well as affecting ALS risk, some of these variants have
distinct effects on clinical features such as age of onset of motor symptoms and disease
duration. For example, p.A5V and p.H44R have a marked effect on disease duration while
p.G38R is associated with an early onset (Bali et al., 2017; E. P. McCann et al., 2017; Opie-
Martin et al., 2022; Parton et al., 2002). Being able to characterise how genetic variants
affect the clinical phenotype is essential for optimal development and design of healthcare,
treatments, and trial stratification. However, the multitude of genetic factors involved in
ALS and their rarity are great challenges for their individual study. To address these
limitations, focussing on SOD1 given the recent gene therapy trials (Miller et al., 2022), we
recently collated data from the literature and specialised ALS centres globally on
approximately 15,000 people with ALS, over 1,000 of whom harboured a variant in the
SOD1 gene (Opie-Martin et al., 2022).

In this chapter, we describe a web tool (https://sod1-als-browser.rosalind.kcl.ac.uk/) with

upload facilities to allow people to perform comparative and bespoke phenotype analyses
using data from a database of almost 15,000 people with ALS without need for informatics
proficiency. The tool currently allows users to define and select subgroups of patients with
or without variants in SOD1, to stratify by individual or groups of SOD1 variants, and to
upload data to combine with our database in the analysis. To show the potential of this tool

and how to use it, we present two example case studies which leverage the data from our
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recent publication which is accessible to all users. The first example builds upon research
suggesting that variants affecting protein hydrophobicity promote aggregation of mutant
SOD1 (Tompa & Kadhirvel, 2020) and tests how alterations in amino acid hydrophobicity
affect the ALS phenotype. The second example focuses specifically on variation at the 94t
amino acid residue of SOD1, which is a site containing multiple reported variants, testing

how the phenotype differs for each variant sampled.

7.3. Materials and methods
7.3.1. Dataset

The tool enables access to a dataset of 14,852 people with ALS, 1,383 of whom harbour a
potentially deleterious non-synonymous SOD1 gene variant (N without SOD1 variant =
13,469). A total of 162 unique amino acid variants (canonical SOD1 sequence IDs: ENSEMBL
= ENST00000270142.11, UniProt = P0O0441) are represented within these data (see Figure
7-1; Table D-1). The dataset is further described within our previous publication (Opie-
Martin et al., 2022) and a summary of the disease characteristics associated with the 49

variants harboured by at least 5 people is provided on the site.
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Figure 7-1. Variant characteristics for the native dataset

Panel A: The canonical SOD1 amino acid sequence (bold) and variants recorded at each residue, denoted using IUPAC
amino acid nomenclature (IUPAC-IUB Joint Commission on Biochemical Nomenclature, 1984), where ‘X' indicates protein
truncating variants. Alternating background shading indicates residues encoded from different exons of the SOD1 gene.

Panel B: The number of variants with at least a certain number of records available across different thresholds.

7.3.2.  Functionality

Survival analysis methods can be performed for (1) age at symptom onset, and (2) disease
duration from symptom onset (with a corresponding censor variable indicating survival
status). Kaplan-Meier and Cox proportional-hazards (CPH) approaches are both
implemented and relevant descriptive statistics for the analysed sample are given by strata.
Differences between strata in univariate analyses are examined using the log-rank test;
global and pairwise log-rank tests are performed when more than two strata are defined.
Analyses using CPH models are performed whenever two or more strata are defined or

when a single stratum is specified and the user selects at least one of several covariates
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which can be included in the regression model. Available covariates are clinical diagnosis,
family disease history, sex, age of onset, site of onset, and sample source (continent of
origin). Users can pick which covariates are included in the analysis depending on
requirements and associations between selected survival analysis strata and available

covariates can be tested.

Various analysis options are provided. The user can model survival for any number of
individual SOD1 variants (including a ‘no variant’ option) and variants can be collapsed into
groups of interest (including an ‘any other SOD1 variant’ option). We include three pre-
defined options for grouping variants: by functional location (Opie-Martin et al., 2022) in the
protein (across the dimer interface, electrostatic loop, zinc loop, and other) or according to
the gene exon from which variants are transcribed. The final pre-defined analysis compares

people with any SOD1 variant versus the ‘no variant’ group.

Users can further customise the analysis. They can filter by continent of origin and opt to
stratify the analysis by sex, family history, site of onset, clinical diagnosis, and country or
continent of origin. Time-dependent CPH analyses are also possible, allowing users to define
timepoints at which the data are split. This functionality allows time-dependent coefficients
to be modelled and enables analysis constrained to a certain timeframe (e.g., only of the

first 12 months from symptom onset).

We allow users to upload supplemental data that is appended to the native sample,
enriching the analysis possible within the tool. There are no restrictions regarding records
that can be uploaded as supplemental data; users may provide data associated with SOD1
variants both present in and absent from the native data or provide data from other groups
of patients (e.g., for variants from other genes). Formatting instructions for supplemental

data are provided on the site.

The results of the user’s analyses are presented on the website, and we provide options to
(1) download these within an HTML report and (2) download publication-ready versions of

the figures produced, with customisable formatting.
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7.3.3. Tool design

The tool is written in the R programming language (R v4.2.3) and developed using the R
packages (versions) shiny (1.7.4), shinyjs (2.1.0), shinycssloaders (1.0.0), tidyverse (2.0.0),
rmarkdown (2.21), countrycode (1.4.0), kableExtra (1.3.4), and plotly (4.10.1) (Allaire et al.,
2022; Arel-Bundock, Enevoldsen, & Yetman, 2018; Attali, 2020; Chang et al., 2022; R Core
Team, 2021; Sali & Attali, 2020; Sievert, 2020; Wickham et al., 2019; Zhu, 2021). Survival
analyses are performed and visualised using survival (v3.5-5), and survminer (v0.4.9)

(Kassambara et al., 2021; Therneau, 2023).

7.3.4. Examples of use

Here we present two examples of analyses possible within this tool. We examined
differences in age of onset and disease duration between the strata of each example using
Kaplan-Meier analyses and the log-rank test, and CPH models with robust variance
estimation as implemented by coxph were applied to examine differences between strata
before and after controlling for possible covariates. In the CPH models, we controlled for sex
and age of onset when analysing disease duration, and sex only when analysing age of

onset.

Case study 1 examined whether changes to amino acid hydrophobicity influenced age of ALS
onset or disease duration from onset until death. Amino acids were grouped into three
hydrophobicity categories (Sharer, 2014): hydrophobic (Amino acid IUPAC code (IUPAC-IUB
Joint Commission on Biochemical Nomenclature, 1984): F, M, |, L, V), hydrophilic (D, E, H, K,
R, N, Q), and intermediate (Y, W, P, G, A, S, T, C). Variants resulting in an amino acid
substitution were then categorised based on the hydrophobicity group of the wild type and
mutant amino acid; Table D-1 presents the assignment of groups and data availability across
variants. To specifically examine the consequence of changes in hydrophobicity, three sets
of analyses were conducted, each respective to variants occurring in residues that are
hydrophilic, intermediate, or hydrophobic in the wild type protein. In each analysis, variants
resulting in altered hydrophobicity were compared relative to variants where the mutant
and wild type amino acids remained in the same hydrophobicity group. The p.A5V variant
was excluded from these analyses since it is characterised by a particularly aggressive

phenotype and accounted for the majority of records (n = 312) in the ‘intermediate to
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hydrophobic’ category. A broader hydrophobicity analysis across all groups was also

conducted.

Case study 2 examined trends associated with variation at the 94" amino acid residue of
SOD1, coding for a glycine in the wild type protein. Six variants were present at this locus.
We first analysed differences in age of onset and disease duration associated with having
any p.G94 variant vs any other SOD1 variant. Second, we compared p.G94 variants
individually to non-p.G94 variants, aggregating across p.G94R, p.G94S, and p.G94V since

they each contained fewer than 5 records.

Table 7-1 summarises characteristics of the data from both case studies.
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Table 7-1. Data summary for case studies. For disease duration analysis, restricted mean and median estimates are obtained from the survival curve and the standard error (SE) and 95%

confidence interval (Cl) indicates certainty in this estimate; the distribution of disease duration in non-censored individuals is reported directly. In age of onset analysis no person is censored,

therefore estimates correspond with the raw descriptive statistics. *Minimum and maximum shown because disease duration was only available for two people. SD = standard deviation.

Case
study

2: p.G94 amino acid residue

1: Amino acid hydrophobicity

analysis

Analysis stratum

Hydrophilic
Hydrophilic to
intermediate
Hydrophilic to
hydrophobic
Hydrophobic

Hydrophobic to
intermediate
Hydrophobic to
hydrophilic
Intermediate
Intermediate to
hydrophilic
Intermediate to
hydrophobic

Non-p.G94 SOD1

variants
Any p.G94
variant
p.G94A
p.G94C
p.G94D
p.G94R
p.G94S
p.G94vV

Total
sample
size, N

118
227

17

1320

63

N with
age of

onset
115
215

17
152
202

173
90

37

1252

63

N with
disease
duration
(N censored)
106 (36)

170 (65)

15 (4)
127 (51)
154 (34)

8 (0)
135 (36)
76 (15)

29 (9)
1034 (248)

52 (10)

26 (1)
9 (4)
14 (5)
1(0)
0
2(0)

Age of onset in years

Mean [SD / SE]

47.96 [11.65 / 1.08]
49.58 [13.61 / 0.93]

49.77 [8.59 / 2.02]
49.46 [11.39 / 0.92]
50.82 [12.43 / 0.87]

50.78 [8.69 / 2.73]
47.04 [13.58 / 1.03]
49.06 [14.25 / 1.49]

46.3 [13.93 / 2.26]
49.07 [12.65 / 0.36]

46.06 [14.51 / 1.81]

48.7 [16.77 / 3.17]
40.46 [9.4 / 2.42]
49.73 [15.17 / 3.78]
34[-/-]
37.5[10.61 /5.3]
41.25 [4.03 / 1.75]

Median
[95% ClI]

47 [44, 51]
49 [47, 50.47]

48 [46.85, 56]
50 [48, 53]
49.5[48,51.19]

54 [49, -]
46 [44, 49]
48.5 [45, 51]

47 [43, 53]
49 [48, 50]

45 [39, 49]

48 [43, 61]
37.5[35, 51]
51 [45, 63]
34 [, -]
37.5[30,-]
4137, -]

Disease duration in months

Median across non-

censored people
[25-75%]
45.5 [18.25, 96]

60 [27, 108}

60 [32.5, 70.5]
42.21 [20.75, 84]
28.98 [17.01, 88.5]

18 [9.5, 25.5]
24 [14.81, 53]
36 [21, 94]

71[20, 114]
22.62 [12, 66]

27.02 [19.91, 52.05]

22 [16, 32]
42.84 [37.49, 49.18]
46 [27.04, 74.88]
55 [-, -]

114.5 [22, 207"

Restricted mean

estimate
(months) [SE]
157.93 [22.5]

147.09 [14.28]

96.59 [29.31]
109.18 [17.09]
85.22 [10.29]

26.37 [9.69]
80.11 [14.09]
101.59 [15.36]

120.85 [30.43]
88.43 [4.83]

75.21 [18.89]

33.44 [6.55]
221.68 [86.97]
55.56 [8.64]
55 [-]

114.5 [65.41]

Median estimate
[95% ClI]

85 [66, 125]
96 [84, 123]

65 [39, -]
74 [50, 109]
45 [30, 72]

18 [10, -]
38.4 [24, 53]
45 [32, 84]

84 [56, 168]
37.59 [30, 44]

3226, 53]

2219, 32]
235.4 [42.84, -]
5331, -]
55 [-, -]

114.5 [22, -]
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7.4.  Results
7.4.1.  Amino acid hydrophobicity analysis

In case study 1, we examined how the ALS phenotype varied by changes in amino acid
hydrophobicity. Across all amino acid substitutions sampled: 42.86% were variants which
remained in the same hydrophobicity category as wild type SOD1; 42.11% were variants
with a hydrophilic or hydrophobic amino acid in the wild type and an intermediate amino
acid in the mutant protein; 12.59% were variants with an intermediate amino acid becoming
hydrophilic or hydrophobic; and 2.44% were variants with substitutions from hydrophilic to

hydrophobic amino acids or vice versa (see Table 7-1).

Age at symptom onset appeared roughly comparable across variants in all categories of the
hydrophobicity analyses (see Table 7-2; Table D-2; Figure 7-2), with all groups having a mean

age of onset between 46 and 51 years (Table 7-1).
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Figure 7-2. Kaplan-Meier survival curves for age of onset and disease duration analyses

Analysis shown: Panels A-B: trends associated with wild type and variant amino acid hydrophobicity; Panels C-D: Any SOD1
p.G94 variant versus non-p.G94 SOD1 variants (OtherVariant). Panels E-F: individual p.G94 variants versus non-p.G94 SOD1
variants. Panels A, C, and E are for age of onset analysis, and B, D, and F describe disease duration. Panels A and B display
all hydrophobicity groups in a single figure for each analysis and confidence intervals are not displayed to maximise visual
clarity; Figure D-1 visualises trends in age of onset and disease duration for these groups after stratifying across panels

according to the hydrophobicity group of the wild type residue.
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Table 7-2. Inferential statistics for survival analyses across case studies

Bold values denote nominal p-values <0.05. “controlling for sex in the age of onset analysis and for sex and age of onset in

the disease duration analysis. *Hazard ratios greater than 1 indicate earlier age of onset/shorter disease duration in the

non-reference group. "No p.G94S variants were available for the disease duration analysis. CPH = Cox proportional-hazards

Case study

Hazard ratio
[95% confidence interval] #

P-value of difference
between stratum and

Analysis (reference

group)

1 (Hydrophobic)

1 (Intermediate)

Age of 1 (Hydrophilic)

onset

2
(Non-p.G94
SOD1 variants)

1 (Hydrophobic)

1 (Intermediate)

1 .
Disease (Hydrophilic)

duration

2
(Non-p.G94
SOD1 variants)

Analysis stratum

Hydrophobic to
intermediate
Hydrophobic to
hydrophilic
Intermediate to
hydrophobic
Intermediate to
hydrophilic
Hydrophilic to
intermediate
Hydrophilic to
hydrophobic

Any p.G94 variant

p.G94A
p.G94C
p.G94D

p.G94R/S/V

Hydrophobic to
intermediate
Hydrophobic to
hydrophilic
Intermediate to
hydrophobic
Intermediate to
hydrophilic
Hydrophilic to
intermediate
Hydrophilic to
hydrophobic

Any p.G94 variant

p.GI4A
p.G94C
p.G94D

p.G94R/S/V*

Unadjusted AdJUSt.I e f:r
covariates
0.825 0.822 [0.673,
[0.675, 1.01] 1]
1.01[0.677, 1.01[0.682,
1.52] 1.49]
1.09 [0.792, 1.1[0.798,
1.49] 1.51]
0.851 0.851 [0.658,
[0.657, 1.1] 1.1]
0.819 0.819 [0.657,
[0.659, 1.02] 1.02]
0.995 0.994 [0.702,
[0.702, 1.41] 1.41]
1.12[0.831, 1.12[0.827,
1.52] 1.52]
0.857 0.836 [0.544,
[0.561, 1.31] 1.28]
2.4[1.21, 2.48 [1.28,
4.76] 4.83]
0.891 [0.57, 0.92 [0.593,
1.39] 1.43]
3.49[2.27, 3.32[2.14,
5.36] 5.15]
1.4 [1.06,

1.85] 1.32[1, 1.75]
4.36 [2.01, 5.28 [2.87,
9.48] 9.72]
0.63 [0.41, 0.6 [0.373,
0.968] 0.966]

0.719 0.686 [0.497,
[0.514, 1.01] 0.949]
0.924 0.814 [0.591,
[0.676, 1.26] 1.12]
1.53[0.83, 1.4 [0.753,
2.8] 2.58]
1.07 [0.823, 1.14[0.887,
1.4] 1.46]
1.75[1.35, 1.73[1.34,
2.28] 2.25]
0.446 0.518 [0.236,
[0.197, 1.01] 1.13]
0.89[0.589, 0.946 [0.65,
1.35] 1.38]
0.85[0.415, 0.907 [0.375,
1.74] 2.19]

reference group

Log-rank CPH
test model
0.097 0.0546
0.784 0.97
0.670 0.57
0.219 0.22
0.097 0.0734
0.979 0.974
0.344 0.466
0.436 0.415
6.73x10*  7.39x103
0.659 0.708
5.66x10*  9.34x10°®
0.0202 0.0503
1.25x10°5  9.19x10°8
0.0576 0.0355
0.0627 0.0228
0.619 0.209
0.296 0.289
0.642 0.308
5.95x103  3.00x10°
0.0672 0.100
0.748 0.771
0.788 0.828
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Disease duration analysis (see Table 7-2; Figure 7-2) however, suggested that alterations in
amino acid hydrophobicity may affect disease prognosis following onset. Analysis of variants
at residues which are hydrophobic in wild type SOD1 indicated that disease duration was
shorter in substitutions to hydrophilic amino acids (p-value: log-rank test = 1.25x10°>; CPH
model = 9.19x108) and that substitution into intermediate amino acids also tended towards
shorter disease duration (p-value: log-rank test = 0.0202; CPH model = 0.0503). The
estimated median [95% confidence interval] disease duration was 74 [50, 109] months for
hydrophobic to hydrophobic substitutions, 45 [30, 72] for hydrophobic to intermediate, and
18 [10, NA] for hydrophobic to hydrophilic.

Among variants occurring in intermediate residues of wild type SOD1, becoming either
hydrophilic or hydrophobic was associated with longer disease duration. The estimated
median disease duration [95% confidence interval] for intermediate to intermediate amino
acid substitutions was 38.4 [24, 53] months, under half that of intermediate to hydrophobic
(84 [56, 168]) and shorter than intermediate to hydrophilic (45 [32, 84]) mutations.

Analysis of variants in hydrophilic residues of wild type SOD1 did not identify clear
differences in disease duration between substitutions which remained hydrophilic and
those which became intermediate (p-value: log-rank test = 0.619; CPH model = 0.209) or
hydrophobic (p-value: log-rank test = 0.296; CPH model = 0.289). The estimated median
disease duration [95% confidence interval] for hydrophilic to hydrophilic substitutions was
85 [66, 125] months, trending towards being shorter than in hydrophobic to intermediate
(96 [84, 123]) and longer than in hydrophilic to hydrophobic (65 [39, NA]) substitutions.

Table D-3 presents an additional CPH model comparing all hydrophobicity groups relative to
substitutions in residues with intermediate to intermediate amino acid substitutions. The
analysis indicated that disease duration was shortest in this and the hydrophobic to

hydrophilic substitution groups.
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7.4.2. p.G94 amino acid residue analysis

In case study 2, we examined trends associated with variation in the 94t SOD1 residue.
p.G94A was the most frequent variant at this locus and 5 other variants occurred in the
dataset (see Table 7-1). This case study showed variant-specific trends in age of onset and
disease duration, which were not discernible when aggregating across p.G94 variants, when

compared with non-p.G94 SOD1 variants (see Table 7-2; Figure 7-2).

Age of onset was earlier than in the non-p.G94 SOD1 variant reference category only in the
p.G94C (p-value: log-rank test = 6.73x10%;, CPH model = 7.39x10%) and p.G94R/S/V (p-value:
log-rank test = 5.66x10*; CPH model = 9.34x10°8) groups; this difference appears
considerable since the median age of onset for non-p.G94 SOD1 was over 10 years later

than median onset in these two groups (see Table 7-1; Figure 7-2(E)).

The disease duration analysis indicated that only the p.G94A variant was associated with
shorter time to death (p-value: log-rank test = 5.95x103; CPH model = 3.00x107). Inspection
of hazard ratios suggests that p.G94C trended towards longer disease duration compared to
non-p.G94 variants even after controlling for age of onset and sex (p-value: log-rank test =
0.0672; CPH model = 0.100). Although the median disease duration was longer for variants

in the p.G94D and p.G94R/S/V variant groups, data were insufficient to test the association.

7.5. Discussion

We have developed a web-tool to facilitate bespoke investigations of the impact of SOD1
variants upon the ALS phenotype, using survival analysis approaches. We have provided two
examples of this tool’s utility, examining differences in ALS age at symptom onset and
disease duration according to (1) variants of varying impact upon residue hydrophobicity

across SOD1 and (2) distinct variants at the 94t SOD1 residue.

This online facility has key benefits for research on the heterogenous ALS phenotype. First,
it permits a user-friendly interface for performing survival analysis, with various options for
customisation in accordance with the user’s needs. Second, it provides access to a large in-
built SOD1-ALS cohort and non-SOD1 comparator population, which can be further enriched

if users provide their own supplementary data.
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The hydrophobicity analysis suggested that substitution variants altering residue
hydrophobicity from hydrophobic to intermediate or hydrophilic are associated with a
shorter disease prognosis compared to variants in these residues which remained
hydrophobic across wild type and mutant SOD1. This aligns well with evidence that altered
hydrophobicity promotes aggregation of the SOD1 protein (Tompa & Kadhirvel, 2020), and
may reflect greater destabilisation and misfolding of SOD1 when variants cause more
extreme alterations in hydrophobicity (Cordes & Sauer, 1999; Dyson, Wright, & Scheraga,
2006; Gidalevitz, Krupinski, Garcia, & Morimoto, 2009). Interestingly, variants of
intermediate to intermediate amino acid substitutions were characterised by particularly

short disease duration.

Hydrophobic to hydrophilic amino acid substitutions and vice versa were, notably,
infrequent relative to other substitutions. Given that these would represent the most
extreme hydrophobicity alterations, this could indicate a potential survivorship bias and that
these substitutions may be sufficiently deleterious to be evolutionarily suppressed. This
appears reasonable since SOD1 is highly conserved, with deficiency being linked to severe
and early onset phenotypes (Ezer et al., 2021; Farrimond & Talbot, 2022; Park et al., 2019),
and on the basis of variants in these hydrophobicity groups being entirely absent from the

gnomAD v2.1.1 population database (Karczewski et al., 2020) (see Table D-4).

Analysis of the variants at p.G94 emphasised the extent to which individual SOD1 variants
differentially influence the phenotype. Grouping together all p.G94 variants suggested that
age of ALS onset and disease duration are comparable for people with variants at this
residue and those with non-p.G94 SOD1 variants. Only by examining variants individually did
we observe that p.G94A was associated with shorter, and p.G94C trended towards longer,
disease duration than non-p.G94 SOD1-ALS. Likewise, p.G94C and the aggregation of
p.G94R, p.G94S, and p.G94V were indicative of substantially earlier age of onset. These
findings are consistent with the results of our previous analysis of SOD1-ALS, emphasising
distinction between trends in age of onset and disease duration across individual variants

(Opie-Martin et al., 2022). They highlight particularly the importance of making available
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resources to allow variant-level analyses of the ALS phenotype associated with variation in

SOD1.

The tool is not without limitation. Most notable is that a number of the 162 SOD1 variants
sampled are harboured by very few individuals and thus are not sufficient for individual
variant analysis with the native dataset alone. However, this issue can be somewhat
circumvented by aggregating rarer variants into a single analysis stratum, and by the

possibility of increasing the dataset with user-supplied data.

Certain considerations apply when providing supplementary data to the tool. Firstly, CPH
models may only include covariates that are available in the native dataset. Second, records
from supplementary data may overlap with native dataset. To reduce this possibility, the
tool will automatically flag any people among the supplementary dataset who may be a
duplicate of a person in the built-in dataset, checking for matches by country of origin, SOD1
amino acid change (if the user indicates that one is present), age of onset, site of onset, sex,
and disease duration (if not censored). Users can also consult the cohort description

provided and contact ALSoD (https://alsod.ac.uk/; Abel et al., 2012) with any concerns.

Overall, the open-access web-utility we provide (https://sod1-als-

browser.rosalind.kcl.ac.uk/) has a potentially substantial benefit for ALS disease research

and direct translational use for the design of patient stratification approaches, as well as
being useful for mutation adjudication committees needing to make decisions on likely
disease course with limited data. It permits an array of analysis options which can be readily
implemented by users without any programming knowledge, and can be enriched by the
provision of a supplementary dataset. Accordingly, this tool allows clinicians and
researchers to circumvent many possible barriers they may otherwise face, for instance,
regarding insufficient data availability or in preparing these data for analysis. The potential
translational benefit of this tool is substantial, facilitating growth in understanding of the
ALS phenotype which may aid the design and implementation of effective healthcare,

treatments, and clinical trials.


https://sod1-als-browser.rosalind.kcl.ac.uk/
https://sod1-als-browser.rosalind.kcl.ac.uk/

Chapter 8. Examining genetic overlaps between neuropsychiatric diseases 108

Chapter 8.  Examining genetic overlaps between neuropsychiatric diseases

8.1.  Abstract

Continued methodological advances have enabled numerous statistical approaches for the
analysis of summary statistics from genome-wide association studies. Genetic correlation
analysis within specific regions enables a new strategy for identifying pleiotropy. Genomic
regions with significant ‘local’ genetic correlations can be investigated further using state-of-
the-art methodologies for statistical fine-mapping and variant colocalisation. We explored
the utility of a genome-wide local genetic correlation analysis approach for identifying
genetic overlaps between the candidate neuropsychiatric disorders, Alzheimer’s disease,
amyotrophic lateral sclerosis, frontotemporal dementia, Parkinson’s disease, and
schizophrenia. The correlation analysis identified several associations between traits, the
majority of which were loci in the human leukocyte antigen (HLA) region. Colocalisation
analysis suggested presence of a shared causal variant between amyotrophic lateral
sclerosis and Alzheimer’s disease in this region. Our study identified candidate loci that
might play a role in multiple neuropsychiatric diseases and suggested that disease-
implicated variants in these loci often differ between traits. Accordingly, this suggests the
role of distinct mechanisms across diseases despite shared loci. The fine-mapping and
colocalisation analysis protocol designed for this study has been implemented in a flexible
analysis pipeline that produces HTML reports and is available at:

https://github.com/ThomasPSpargo/COLOC-reporter.

8.2.  Background

The genetic spectrum of neuropsychiatric disease is diverse and various overlaps exist
between traits. For instance, genetic pleiotropy between amyotrophic lateral sclerosis (ALS)
and frontotemporal dementia (FTD) is increasingly recognised, and ALS is genetically
correlated with Alzheimer’s disease (AD), Parkinson’s disease (PD), and schizophrenia (C. Li
et al., 2021; Ranganathan et al., 2020; van Rheenen et al., 2021). Improving understanding
of the genetic architecture underlying these complex diseases could facilitate future

treatment discovery.


https://github.com/ThomasPSpargo/COLOC-reporter
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Advances in genomic research techniques have accelerated discovery of genetic variation
associated with complex traits. Genome-wide association studies (GWAS), in particular,
have enabled population-scale investigations of the genetic basis of human diseases and
anthropometric measures (Abdellaoui, Yengo, Verweij, & Visscher, 2023). Summary-level
results from GWAS are being shared alongside publications with increasing frequency over
time (Reales & Wallace, 2023), and a breadth of approaches now exist for downstream
analysis based on summary statistics which can facilitate their interpretation and provide

further biological insight.

Genetic correlation analysis allows estimation of genetic overlap between traits (Bulik-
Sullivan, Finucane, et al., 2015; Bulik-Sullivan, Loh, et al., 2015; Werme, van der Sluis,
Posthuma, & de Leeuw, 2022; Y. Zhang et al., 2021). A ‘global’ genetic correlation approach
gives a genome-wide average estimate of genetic relatedness. However, these relationships
can be obscured when correlations in opposing directions cancel out genome-wide (Werme
et al., 2022). Recent methods allow for a more nuanced analysis, of ‘local’ genetic
correlations partitioned across the genome (Werme et al., 2022; Y. Zhang et al., 2021). This
stratified approach to genome-wide analysis could prove effective for identifying pleiotropic
regions and designing of subsequent analysis aiming to identify genetic variation shared

between traits.

A number of techniques aim to disentangle causality within associated regions. This is
important because the focus on single nucleotide polymorphisms (SNPs), which are markers
of genetic variation, in GWAS produces results that can be difficult to interpret, and causal
variants are typically unclear. More so, because of linkage disequilibrium (LD), GWAS
associations often comprise large sets of highly correlated SNPs spanning large genomic
regions. Statistical fine-mapping is a common approach for dissecting complex LD structures
and finding variants with implications for a given trait among the tens or hundreds that

might be associated in the region (Y. Zou, Carbonetto, Wang, & Stephens, 2022).

Interpretation of regions associated with multiple traits can also be challenging, since it is
often unclear whether these overlaps are driven by the same causal variant. Statistical

colocalisation analysis can disentangle association signals across traits to suggest whether
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the overlaps result from shared or distinct causal genetic factors (Foley et al., 2021;
Giambartolomei et al., 2018; Wallace, 2021). Traditionally this analysis was restricted by the
assumption of at most one causal variant for each trait in the region. However, recent
extensions to the method now permit analysis based on univariate fine-mapping results for

the traits compared and, therefore, analysis of regions with multiple causal variants.

Accordingly, we conducted genome-wide local genetic correlation analysis across 5
neuropsychiatric traits with recognised phenotypic and genetic overlap (Beck et al., 2013;
Ferrari et al., 2017; C. Li et al., 2021; Ranganathan et al., 2020; Weintraub & Mamikonyan,
2019): AD, ALS, FTD, PD, and schizophrenia. Loci highly correlated between trait pairs were
further investigated with univariate fine-mapping and bivariate colocalisation techniques to

examine variants driving these associations.

8.3. Methods

8.3.1. Sampled GWAS summary statistics

We leveraged publicly-accessible summary statistics from European ancestry GWAS meta-
analyses of risk for AD (Kunkle et al., 2019), ALS (van Rheenen et al., 2021), FTD (Ferrari et
al., 2014), PD (Nalls et al., 2019), and schizophrenia (Trubetskoy et al., 2022). European
ancestry data were selected to avoid LD mismatch between the GWAS sample and

reference data from an external European population.

8.3.2. Procedure
Figure 8-1 summarises the analysis protocol for this study; further details are provided

below.
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Figure 8-1. Overview of the analysis procedure for this study

SuSiE (sum of single effects) is a univariate fine-mapping approach implemented within the R package susieR. ‘coloc’ is an R
package for bivariate colocalisation analysis between pairs of traits. h? = Heritability, rq= bivariate genetic correlation. The
analysis steps shaded in blue have been implemented within a readily applied analysis pipeline available on GitHub:

https://qithub.com/ThomasPSparqo/COLOC-reporter.

8.3.2.1. Processing of GWAS summary statistics

A standard data cleaning protocol was applied to each set of summary statistics, as
described in Chapter 3.2. As part of this protocol, the summary statistics were restricted to
and harmonised with variants present within the 1000 Genomes phase 3 (1KG) European

ancestry population (n = 503) reference dataset (Auton et al., 2015).

8.3.2.2. Genome-wide analyses

Global heritability and genetic correlations

LDSC (v1.0.1) (Bulik-Sullivan, Finucane, et al., 2015; Bulik-Sullivan, Loh, et al., 2015) was
applied to estimate genome-wide univariate heritability (h?) for each trait on the liability
scale. The software was also applied to derive ‘global’ (i.e., genome-wide) genetic
correlation estimates between trait pairs and estimate sample overlap from the bivariate

intercept.


https://github.com/ThomasPSpargo/COLOC-reporter
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These analyses were performed with the default settings and using the HapMap3 (Altshuler
et al., 2010) SNPs and the LD score files provided with the software, calculated in the 1KG

European population.

Local genetic correlation analysis

LAVA (v0.1.0) (Werme et al., 2022) was applied to obtain local genetic correlation estimates
across 2495 approximately independent blocks, delineating the genome based on patterns
in LD. We used the blocks provided alongside the LAVA software which were derived from
the 1KG European cohort. Bivariate intercepts from LDSC were provided to LAVA to

estimate sample overlap between trait pairs.

In accordance with prior studies, genetic correlation analysis was performed following an
initial filtering step. Univariate heritability was estimated for each genomic block across
SNPs in-common between a pair of traits, and only loci with local h? p-values below a
threshold of 2.004x10 (0.05/2495) in both traits continued to the bivariate analysis. This
step ensures that univariate heritability is sufficient in both traits for a robust correlation

estimate.

8.3.2.3. Targeted genetic analyses

Fine-mapping and colocalisation analysis

Statistical fine-mapping and colocalisation techniques were applied to further analyse
associations between trait pairs in regions where the false discovery rate (FDR) adjusted p-
value of local genetic correlation analysis was below 0.05 (after adjusting for all bivariate
comparisons performed). Additional analysis was conducted at loci where significant
correlations occurred between two trait pairs but not between the final pairwise

comparison across the three implicated traits.

Fine-mapping was performed with susieR (v0.12.27) (G. Wang, Sarkar, Carbonetto, &
Stephens, 2020; Y. Zou et al., 2022), which implements the ‘sum of single effects’ (SuSiE)
model to represent statistical evidence of causal genetic variation within ‘credible sets’ and
per-SNP posterior inclusion probabilities (PIPs). A 95% credible set indicates 95% certainty

that at least one SNP included within the set has a causal association with the phenotype
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and higher PIPs indicate greater posterior probability of being a causal variant within a
credible set. Multiple credible sets are identified when the data suggest more than one

independent causal signal.

Colocalisation analysis was implemented with coloc (v5.1.0.1) (Giambartolomei et al., 2014;
Giambartolomei et al., 2018; Wallace, 2021), which calculates posterior probabilities that a
causal variant exists for neither, one, or both of two compared traits, testing also whether
evidence for a causal variant in both traits suggests a shared variant (i.e., hypothesis 4 (H4);
colocalisation) or independent signals (Hypothesis 3 (H3)). Colocalisation analyses can be
performed across all variants sampled in a region, under an assumption of at most one
variant implicated per trait. It can also be performed using variants attributed to pairs of
credible sets from SuSiE, relaxing the single variant assumption (Wallace, 2021). When
evidence of a shared variant is found, the individual SNPs with the highest posterior
probability for being that variant can be assessed. With a 95% confidence threshold, these

are termed 95% credible SNPs.

Analysis pipeline
We conducted colocalisation and fine-mapping analysis within an open-access pipeline
developed for this study using R (v4.2.2) (R Core Team, 2021):

https://github.com/ThomasPSpargo/COLOC-reporter.

Briefly, in this workflow (see Figure 8-1), GWAS summary statistics are harmonised across
analysed traits for a specified genomic region, including only variants in common between
them and available within a reference population. An LD correlation matrix across sampled
variants is derived from a reference population using PLINK (v1.90) (Purcell; Purcell et al.,

2007).

Quality control is performed per-dataset prior to univariate fine-mapping analysis.
Diagnostic tools provided with susieR are applied to test for consistency between the LD
matrix and Z-scores from the GWAS and identify variants with a potential ‘allele flip’

(reversed effect estimate encoding) that can impact fine-mapping.


https://github.com/ThomasPSpargo/COLOC-reporter
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Fine-mapping is performed for each dataset with the coloc package runsusie function, which
wraps around susie_rss from susieR and is configured to facilitate subsequent colocalisation
analysis. Sample size (Effective sample size for binary traits) is specified as the median for
SNPs analysed. Colocalisation analysis can be performed with the coloc functions coloc.abf
and coloc.susie when fine-mapping yields at least one credible set for both traits and
otherwise using coloc.abf only. Genes located near to credible sets from fine-mapping and
credible SNPs from colocalisation analyses are identified via Ensembl and biomaRt (v2.54.0)

(Cunningham et al., 2022; Durinck et al., 2005; Durinck, Spellman, Birney, & Huber, 2009).

Analysis parameters can be adjusted by the user in accordance with their needs. Various
utilities are included to help interpretation of fine-mapping and colocalisation results,
including identification of genes nearby to putatively causal signals, HTML reports to
summarise completed analyses, and figures to visualise the results and compare the

examined traits.

Current implementation

In this study, LD correlation matrices were derived from the 1KG European cohort. SNPs
flagged for potential allele flip issues in either of the compared traits were removed from
the analysis. Fine-mapping was performed with the susie_rss refine=TRUE option to avoid
local maxima during convergence of the algorithm, leaving the other settings to the runsusie
defaults. Colocalisation analysis was performed using the default priors for coloc.susie

(P1=1x10"%, P,=1x10"%, P12=5x10%).

Colocalisation and fine-mapping analyses were performed initially using the genomic blocks
defined by LAVA, since these aim to define relatively independent LD partitions across the
genome (Werme et al., 2022). If a 95% credible set could not be identified in one or both
traits, we inspected local Manhattan plots for the region to determine whether potentially
relevant signals occurred around the region boundaries. The analysis was repeated with a
+10Kb window around the LAVA-defined genomic region if p-values for SNPs at the edge of
the block were p<1x10 for both traits and the Manhattan plots were suggestive of a ‘peak’

not represented within the original boundaries.
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8.4.  Results

8.4.1. Genome-wide analyses

Descriptive information and heritability estimates for the sampled traits and GWAS are
presented in Table 8-1. ALS had nominally significant global genetic correlations with
schizophrenia (p=0.045), PD (p=0.013), and AD (p=0.006); no other bivariate genome-wide

correlations were statistically significant (see Figure 8-2).

Table 8-1. Genome-wide association studies (GWAS) sampled

Each GWAS is a GWAS meta-analysis of disease risk across people of European ancestry. *Proxy cases from the UK Biobank
cohort. "Estimated from cumulative risk after age 45 after correcting for competing risk of mortality and assuming a

lifespan of ~85 years. h? = heritability

i GWAS
) Estimated Liability scale h?
Trait lifetime risk in N
. Reference N Cases (standard error)
population Controls
Alzheimer’s 1/10 (Chéne et  Kunkle et al.
disease al, 2015) ' (2019) 21,982 41,944  0.093 (0.0155)
1/350 (Alonso

Amyotrophic etal., 2009; van Rheenen
lateral sclerosis ~ Johnston et et al. (2021)
al., 2006)
1/742 (Coyle-

27,205 110,881 0.0277 (0.003)

Frontotemporal o\ icetal, erarietal o o) 4308 00329 (0.0283)
dementia (2014)
2016)
- 1/37 15,056
Pa;::::;’s (Parkinson’s N?g;f;)a" (+18,618 449,056 0.0506 (0.0046)
UK, 2017) proxies”)
1/250 (Saha,
Chant, Trubetsko
Schizophrenia Welham, & y 53,386 77,258 0.1761 (0.0061)
et al. (2022)
McGrath,

2005)
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Figure 8-2. Genome-wide genetic correlation estimates between all trait pairs

The heatmap displays genetic correlations (rg) each tile is labelled with the rq estimate (standard error) and the p-value. AD

= Alzheimer’s disease, ALS = amyotrophic lateral sclerosis, FTD = frontotemporal dementia, PD = Parkinson’s disease, SZ =

schizophrenia.

A total of 605 local genetic correlation analyses were performed across all trait pairs in

genomic regions where both traits passed the univariate heritability filtering step after

restricting to SNPs sampled in both GWAS (see Table 8-2; Figure 8-3; Table E-1). The number

of loci passing to bivariate analysis varied greatly across trait pairs and was congruent with

the genome-wide heritability estimates (and their uncertainty) for each trait, reflecting

differences in phenotypic variance explained by measured genetic variants and statistical

power for each GWAS (see Table 8-1).
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Table 8-2. Comparison of genome-wide SNP significance against local genetic correlation significance thresholds in all trait

pairs and loci analysed

All loci analysed showed sufficient local univariate heritability across compared traits to allow bivariate correlation analysis.
Subsequent fine-mapping and colocalisation analyses were performed in this study for regions with at least false discovery

rate (FDR) adjusted significance for the local genetic correlation. SNP = single nucleotide polymorphism.

Number of traits in pair  Smallest significance threshold for local genetic correlation

with genome-wide Bonferroni . Non-
significant (p <5x10%) (p <8.26x107>; FDR aClulliel significant
SNP in locus 0.05/605)  (Par<0-05)  (p<0.05) (p 20.05)
0 1 17 77 394
1 1 4 18 80

2 0 3 2 8
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Figure 8-3. Local genetic correlation analyses between trait pairs

The lower panel displays a heatmap of genetic correlations (rg) across genomic regions where any bivariate analyses were
performed; white colouring indicates that the region was not analysed for a given trait pair owing to insufficient univariate
heritability in one or both traits. The upper panel shows a Manhattan plot of p-values from each correlation analysis,
denoting trait pairs by colour and comparisons passing defined significance thresholds by shape (square for a strict
Bonferroni threshold and triangle for a false discovery rate (fdr) adjusted threshold); the hatched line indicates the
threshold p-value above which P4, <0.05. The panels are both ordered by relative genomic position, with bars above and
below indicating each chromosome. AD = Alzheimer’s disease, ALS = amyotrophic lateral sclerosis, FTD = frontotemporal
dementia, PD = Parkinson’s disease, SZ = schizophrenia. Table E-1 provides a complete summary of local genetic correlation

analyses performed.

Twenty-six bivariate comparisons were significant following FDR adjustment (psdr<0.05), two
of which also passed the stringent Bonferroni threshold (p <8.26x107°; 0.05/605). While
some regions included genome-wide significant SNPs (p <5x1078) for one or both traits,
others occurred in regions where GWAS associations were weaker (see Table 8-2). Five of
these associations occurred at loci within the human leukocyte antigen (HLA) region
(GRCh37: Chr6:28.48-33.45Mb; 6p22.1-21.3 (Genome Reference Consortium)), and all five

traits were implicated in at least one of these.
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8.4.2. Targeted genetic analyses

Univariate fine-mapping and bivariate colocalisation analyses were subsequently performed
to test for variants jointly implicated between trait pairs in regions with local genetic
correlation Psgr <0.05. The ALS and schizophrenia trait pair was additionally examined at
Chr6:32.22-32.45Mb because significant genetic correlations were found between ALS and
FTD and between schizophrenia and FTD at this locus. The correlation between ALS and
schizophrenia at this locus had not been analysed owing to insufficient univariate

heritability for ALS after restricting to SNPs in common with the schizophrenia GWAS.

Fine-mapping identified at least one 95% credible set for each of the compared traits for 7
of the 27 comparisons performed (see Table 8-3), and for one trait only in a further 5 (see
Table E-2; Table E-3). This analysis suggested two credible sets for schizophrenia in the
Chr12:56.99-58.75Mb locus, for AD in Chr6:32.45-32.54Mb, and (only when harmonised to
SNPs in common with the ALS GWAS) for FTD in Chr6:32.22-32.45Mb (see Table E-3).

Colocalisation analyses performed across fine-mapping credible sets and across all SNPs in a
region generally gave support to the equivalent hypothesis (Table 8-3; Table E-2). Moreover,
comparisons suggesting a signal was present in one trait only were largely concordant with
the identification of fine-mapping credible sets in only that trait (Table E-2). Figure E-1
compares per-SNP p-values across trait pairs for comparisons with evidence of a relevant
signal in both traits. Figure E-2 shows patterns of LD across SNPs assigned to credible sets

for these analyses.

Strong evidence was found for a shared variant between ALS and AD within the HLA region
(Posterior probability of shared variant = 0.9; see Figure 8-4). The 95% credible SNPs for this
association were distributed around the MTCO3P1 pseudogene and rs9275477, the lead
genome-wide significant SNP from the ALS GWAS in this region, had the highest posterior
probability of being implicated in both traits. Figure E-3 presents sensitivity analysis showing
that the result is robust to a range of values for the shared variant hypothesis prior

probability.
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The other comparisons that found fine-mapping credible sets in both traits suggested that
overlaps from the correlation analysis were driven by distinct causal variants (see Table 8-3;

Table E-2).

Univariate fine-mapping of PD and schizophrenia at Chr17:43.46-44.87Mb found large
credible sets spanning many genes, including MAPT (Allen et al., 2014; Nakayama et al.,
2019; Origone et al., 2018; Snowden et al., 2015) and CRHR1 (Bigdeli et al., 2020; Cheng,
Zhu, & Zhang, 2020) which have been previously implicated in the traits we have analysed.
These expansive credible sets reflect the strong LD in the region and indicate a signal that is
difficult to localise (see Figure E-2(F); Table E-3). The colocalisation analysis suggested
independent variants for each trait despite many SNPs overlapping across their respective
credible sets (see Figure E-2). Sensitivity analysis showed robust support for the two

independent variants hypothesis across shared-variant hypothesis priors (Figure E-3).
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Table 8-3. Colocalisation analysis conducted across 95% credible sets identified during univariate fine-mapping of trait pairs

N SNPs refers to the number of SNPs present for both traits and the 1000 genomes reference panel in the region within colocalisation and fine-mapping analysis. *Indicates comparisons with
genetic correlation analysis p <8.26x107* (0.05/605). 4 Denotes locus extended by +10kb for fine-mapping and colocalisation analysis. "Variant identified in colocalisation as having the highest
posterior probability of being shared variant assuming hypothesis 4 is true (see Figure 8-4). *Differences in fine-mapping solutions across trait pairs in the Chr6:32.21-32.45Mb locus reflect
differences in the SNPs retained after restricting to those in common between the compared GWAS ? HO = no causal variant for either trait, H1 = variant causal for trait 1, H2 = variant causal
for trait 2, H3 = distinct causal variants for each trait, H4 = a shared causal variant between traits. PIP = posterior inclusion probability. AD = Alzheimer’s disease, ALS = amyotrophic lateral

sclerosis, FTD = frontotemporal dementia, PD = Parkinson’s disease, SZ = schizophrenia.

Local genetic Fine-mapping SNP with highest PIP for fine-mapping
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position estimate (95% trait SNPs base pair distance)
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Figure 8-4. Evidence for colocalisation between amyotrophic lateral sclerosis (ALS) and Alzheimer’s disease (AD) in the

Chr6:32.63-32.68Mb region

Panel A: SNP-wise p-value distribution between ALS and AD across Chr6:32.63-32.68Mb, in which colocalisation analysis
found 0.90 posterior probability of the shared variant hypothesis (see Table 8-3). Panel B: (upper) Per-SNP posterior
probabilities for being a shared variant between ALS and AD, (lower) positions of HGNC gene symbols nearby to the 95%
credible SNPs. Posterior probabilities for being a shared variant sum to 1 across all SNPs analysed and are predicated on the
assumption that a shared variant exists; 95% credible SNPs are those spanned by the top 0.95 of posterior probabilities. The

x-axis for Panel B is truncated by the base pair range of the credible SNPs and genomic positions are based on GRCh37.

8.5. Discussion

We examined genetic overlaps between the neuropsychiatric conditions Alzheimer’s
disease, amyotrophic lateral sclerosis, frontotemporal dementia, Parkinson’s disease, and
schizophrenia. Associated genomic regions between pairs of traits were identified with local
genetic correlation analysis and further analysed with statistical fine-mapping and

colocalisation techniques.

Significant correlations were most frequent across genomic blocks within the HLA region,
implicating each of the studied traits in at least one comparison. Several associated regions
contained genes with known relevance for the traits studied, such as KIF5A, MAPT, and
CRHR1. Colocalisation analysis found strong evidence for a shared genetic variant between
ALS and AD in the Chr6:32.62-32.68Mb locus within HLA, while the other colocalisation

analyses suggested causal signals distinct across traits, for one trait only, or for neither trait.
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The tendency for association between traits around the HLA region is reasonable, since this
is well-established hotspot for pleiotropy (Watanabe et al., 2019; Werme et al., 2022). HLA
is particularly known for its role in immune response and it is implicated in various types of
disease (Dendrou, Petersen, Rossjohn, & Fugger, 2018; Trowsdale & Knight, 2013).
Mounting evidence has linked HLA and associated genetic variation to the traits we have
analysed, and mechanisms underlying these associations are beginning to be understood
(Al-Diwani, Pollak, Irani, & Lennox, 2017; Aliseychik, Andreeva, & Rogaev, 2018; Broce et al.,
2018; Dendrou et al., 2018; Ferrari et al., 2016; Mokhtari & Lachman, 2016; Song et al.,
2016; Trowsdale & Knight, 2013; Z.-X. Wang, Wan, & Xing, 2020; Yu et al., 2021). For
instance, AD is associated with variants around the HLA-DQA1 and HLA-DRB1 genes and
several SNPs in the non-coding region between them have been shown to modulate their
expression (X. Zhang et al., 2022). Notably, one of the SNPs with a demonstrated regulatory
role, rs9271247, had the highest probability of being causal for AD across the 95% credible

set identified in the fine-mapping of the region.

Variants showing evidence for colocalisation between AD and ALS were distributed around
the MTCO3P1 pseudogene in the HLA class Il non-coding region between HLA-DQB1 and
HLA-DQB2. MTCO3P1 has been previously identified as one of the most pleiotropic genes in
the GWAS catalog (Chesmore, Bartlett, & Williams, 2018; Sollis et al., 2022). Previous
studies have suggested the relevance of this region in both traits. HLA-DQB1 and HLA-DQB2
are both upregulated in the spinal cord of people with ALS, alongside other genes
implicated in various immunological processes for antigen processing and inflammatory
response (Andrés-Benito, Moreno, Aso, Povedano, & Ferrer, 2017). HLA class Il complexes,
and their subcomponents, have been identified as upregulated in multiple brain regions of
people with AD, using both gene and protein expression techniques (Aliseychik et al., 2018;

Hopperton, Mohammad, Trépanier, Giuliano, & Bazinet, 2018).

Our analysis of this region gave stronger support for colocalisation between the ALS and AD
GWAS than a previous study. The previous study defined a 100Kb window around the lead
genome-wide significant SNP from the ALS GWAS, rs9275477, and found ~0.50 posterior

probability for each of the shared and two independent variant(s) hypotheses (van Rheenen
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et al., 2021). The difference between these studies reflects differences in processing of
GWAS data; in this study all summary statistics underwent quality control to ensure only

high-quality variants were retained.

More broadly, our analyses suggest that regions with strong genetic correlation between
the five traits studied often result from adjacent but trait-specific signals, likely reflecting
overlaps between LD blocks (Watanabe et al., 2019). Correlations also occurred in regions
with weaker overall GWAS associations (see Table 8-2), where fine-mapping and
colocalisation analyses did not suggest causal associations in one or either trait. Such
patterns likely reflect a shared polygenic trend across the region, rather than associations
attributable to discrete variants. Accordingly, other approaches may be better suited for
identifying regions containing genetic variation jointly causal across diseases, including the
traditional approach of testing regions around overlapping genome-wide significant

variants.

This study has used gold-standard statistical tools to examine genetic relationships between
traits. The local genetic correlation analysis approach enabled targeted investigation of
genomic regions which appear to overlap between traits. The application of colocalisation
analysis alongside a prior univariate fine-mapping step allowed for associations to be tested
without conflating independent but nearby signals under the single-variant assumption of

colocalisation analysis across all variants sampled in a region.

The study is not without limitation. We necessarily used the 1KG European reference
population to estimate LD between SNPs. Fine-mapping is ideally performed with an LD
matrix from the GWAS sample and is sensitive to misspecification when inconsistencies in
LD occur between the reference and GWAS cohorts. Use of a reference population is not
uncommon, however, and diagnostic tools available within the susieR package allow testing
for inconsistencies between the reference and GWAS samples (Y. Zou et al., 2022). We
accordingly implemented these tools centrally into our workflow and determined that the
LD matrices from the 1KG reference were suitable for the data (estimates of Z-score and LD
consistency are available in Table E-3). Nevertheless, repeating this study in under-

represented populations would be an important future step to validate findings.
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We employed statistical methods to identify and analyse genomic regions containing

variants which might be jointly implicated across traits. These approaches provide useful
associations between traits identified from large-scale genomic datasets. However, they
alone are not sufficient for translation into clinical practice. Future studies should aim to
extend any associations found by integrating functional and multi-omics datasets to gain
mechanistic insights into observed trends and facilitate treatment discovery (Pain et al.,

2023; X. Zhang et al., 2022).

The fine-mapping and colocalisation analysis pipeline we have used is available as an open-
access resource on GitHub to facilitate application of these methods in future studies:

https://github.com/ThomasPSpargo/COLOC-reporter. Specified genomic regions can be

readily analysed by providing GWAS summary statistics for binary or quantitative traits of
interest and a population-appropriate reference dataset for estimation of LD. Resources

returned by the pipeline include detailed reports that overview the analyses performed.


https://github.com/ThomasPSpargo/COLOC-reporter
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Chapter 9.  Summary and future directions

The work contributing towards this thesis consists of several investigations into the
relationship between genotype and phenotype in amyotrophic lateral sclerosis (ALS). This
chapter overviews the contribution of these studies towards understanding of the disease

and future directions for ALS research.

9.1.  Summary of findings

Chapter 4 and Chapter 5 focus on disease susceptibility. The former contributes a novel
approach to calculating genetic penetrance, which is the probability of disease given a
person harbours a certain variant, for autosomal dominant variants. The latter takes a
broader view and uses a Bayesian framework to examine implications of genetic testing

upon risk of a rare disease.

With the approach described in Chapter 4, we made novel estimates of penetrance for ALS
associated with variants in the ALS-implicated genes, SOD1, C9orf72, and FUS (see Table 4-2;
Table B-5). These estimates give an important insight into disease risk for people harbouring

variants within these genes.

The analyses of Chapter 5 highlight the importance of considering inherent imperfections of
testing for markers, genetic or otherwise, of disease risk. This is critical because
understanding of increased liability of disease following a test that suggests presence of a
disease-associated variant ties not only to penetrance but also the performance of the test
and the other variant-disease characteristics. For instance, despite an estimated 0.701
penetrance, we calculated 0.109 probability of developing symptoms of ALS for a person
found to harbour a deleterious SOD1 variant in a test implemented within population-wide
genetic screening (see Table 5-1). Likewise, for the C90rf72 repeat expansion (C9orf72F¢),
penetrance was estimated at 0.439 but ALS risk following a positive whole-genome
sequencing screening result was 0.00519, increasing to 0.0198 following result confirmation

from an appropriate laboratory test (Akimoto et al., 2014).
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A key message from Chapter 5 is that the difference in disease risk following positive results
from a diagnostic testing (e.g., testing performed based on some prior information about
disease risk) and contextually-blind population screening scenario can be stark for rare
outcomes such as ALS. Accordingly, it is important to reinforce positive findings with a
secondary test and any results should be interpreted in the context of the prior belief about

disease risk. Other broader considerations are addressed within the chapter.

Chapter 6 and Chapter 7 describe analyses of trends in ALS across different subgroups of
people. The former focusses upon data-driven subgroups identified with a latent class
clustering analysis approach. The latter focusses upon design and example application of a
web-utility for analysing subgroups defined by SOD1 gene variants resulting in a non-

synonymous protein change.

Five distinct clusters of ALS were identified within clinical data during the investigation of
data-driven subgroups from Chapter 6. Phenotypically, these ‘classes’ were primarily
distinguished by their time from symptom onset to diagnosis (diagnostic delay) and by
disease duration from symptom onset until death or censoring, although other variables

also varied across them.

We found biological trends underlying these subgroups. Analysis of rare variants showed an
uneven distribution of SOD1 variants, C9orf72%E, and of variants in genes associated with
‘RNA function’ and ‘Cytoskeletal dynamics and axonal transport’ processes across the
classes. These were interpreted as indicating biological distinctions across the clinically-
derived groups. The results of differential expression and functional enrichment analysis in a

small subsample of the dataset supported this perspective.

Analysis of common genetic variation measured by polygenic risk scores (PRS) showed
several interesting findings. PRS for risk of ALS were only higher than healthy control
participants in Class 1, which contains about 50% of the dataset. This suggests that the
variants captured by the ALS PRS may be biased towards single nucleotide polymorphisms
associated with ALS susceptibility for those in Class 1, whilst other variants may be relevant

to other subgroups. The result ties with the finding that other classes, particularly 2 and 5,
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were associated with higher PRS for Parkinson’s disease or schizophrenia susceptibility. This
latter finding suggests that reported genetic overlaps between ALS and these

neuropsychiatric traits could be driven by certain disease subgroups.

The SOD1-focussed study of Chapter 7 aimed to address the high degree of phenotypic
variability associated with variants resulting in different SOD1 protein mutations. In one
case study we exemplified the problem, demonstrating the variability in age of onset and
disease duration associated with different variants at the p.G94 residue of SOD1. In a
second case study, we tested the hypothesis that the ALS phenotype would differ according
to the effect of different amino acid substitutions upon residue hydrophobicity. This analysis
found that variants in residues classed as hydrophobic in wild type SOD1 which became
more hydrophilic were associated with a shorter disease duration, suggestive of a more
aggressive phenotype, than those remaining hydrophobic. Interestingly, we also observed
shorter disease duration for residues classed as having intermediate hydrophobicity in wild

type and mutant SOD1 compared to most other hydrophobicity groups.

Chapter 8 builds upon the evidence of genetic overlap between ALS and other traits from
Chapter 6 and conducts a broader investigation of genetic variation shared between
Alzheimer’s disease, ALS, frontotemporal dementia, Parkinson’s disease, and schizophrenia
based on genome-wide association study summary statistics. The genome-wide local
genetic correlation analysis suggested that overlaps between pairs of traits were most
frequent within the chromosome 6 human leukocyte antigen (HLA) region. Further analysis
of associated regions between trait pairs with statistical fine-mapping and colocalisation
analysis techniques suggested a shared variant between Alzheimer’s disease and ALS within
HLA class I, located around the MTCO3P1 pseudogene. These analyses suggested that the
associations in other regions resulted from linkage between trait-specific variants or from a

shared polygenic trend within a locus.

9.2.  Future directions
Investigations performed across this thesis all contribute towards the common goal of
improving understanding of the biological architecture underlying ALS and the

heterogeneity of its clinical phenotype. Since these questions are broad, we have
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contributed several open-access utilities to facilitate future investigations using these

approaches.

In Chapter 4, we proposed a method for estimation of genetic penetrance which has
relevance for many genetic variants implicated in autosomal dominant ALS, along with other
autosomal dominant diseases. It enables a population-scale approach to estimate genetic
penetrance that can be operated using data from only families affected by disease, avoiding
biases typical for other population-scale approaches. The method can be applied using an R

function available on GitHub (https://github.com/ThomasPSpargo/adpenetrance) or via a

dedicated web-app (https://adpenetrance.rosalind.kcl.ac.uk/).

The ‘SOD1-ALS-Browser’ web-utility (https://sod1-als-browser.rosalind.kcl.ac.uk/) described

within Chapter 7 was developed to provide immediate access to a large ALS dataset,
containing people with and without SOD1 variants, that can be readily applied for bespoke
analysis of the phenotype. The utility of this tool for elucidating phenotypic differences
between groups of SOD1 variants has been shown in one recent project which defined two
groups of variants according to their structural location and biophysical behaviour (M. Kalia

et al., 2022).

The fine-mapping and colocalisation analysis workflow described in Chapter 8 provides a
readily-implemented command-line tool for investigations of genetic overlap between traits
based on genome-wide association study summary statistics. Our analysis focussed upon
regions with suggested overlaps between neuropsychiatric diseases, but the pipeline is
relevant to binary or quantitative traits and is well suited for analysis across multiple regions
or traits, with flexible analysis settings according to the user’s needs and with a detailed
report overviewing each completed analysis. The pipeline can be accessed via GitHub:

https://github.com/ThomasPSpargo/COLOC-reporter.

There are various important directions that future ALS research should pursue based on the

investigations we present.


https://github.com/ThomasPSpargo/adpenetrance
https://adpenetrance.rosalind.kcl.ac.uk/
https://sod1-als-browser.rosalind.kcl.ac.uk/
https://github.com/ThomasPSpargo/COLOC-reporter
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Further investigation of ALS risk associated with a spectrum of genetic variation is essential.
Future studies should apply the method proposed in Chapter 4 to establish risks associated
with additional variants linked to autosomal dominant ALS. Alternative approaches must
also be implemented to assess other types of variation relevant for the disease. PRS may
hold utility for this purpose. For instance, multi-trait PRS, combining SNP effect estimates
for risk of ALS alongside those from other associated traits, have been shown to predict ALS
case-control status and outperform PRS for ALS risk alone (Restuadi et al., 2022). These
measures should however be implemented with caution as they (currently) account for a
small proportion of variance in ALS risk and must be translated onto an absolute scale to be
interpretable at an individual level (Pain et al., 2022; Restuadi et al., 2022). Given the
complexity of ALS disease architecture, measures of individual disease risk would ideally
integrate information from multiple risk factors, for instance, considering polygenic risk

alongside other relevant monogenic or oligogenic variation.

Our identification and analysis of data-driven ALS subgroups opens several avenues for
future research. Initial evidence of biological differences between these clusters should be
followed up in future studies. It would be beneficial, for instance, to perform GWAS to
identify loci that may differ between certain groups. This could be performed with the
Project MinE dataset (Project MinE ALS Sequencing Consortium, 2018) but would only be
reasonable for Classes 1 and 2 owing to the sample size requirements for GWAS and large
disparity in the size of each subgroup. It would also be beneficial to extend investigations
into other data modalities and examine the extent to which the subgroups and associations
observed with pathways of ‘RNA function’ and ‘cytoskeletal dynamics and axonal transport’

translate into multi-omics datasets.

Future studies should also aim to refine the classification of disease subgroups we
identified. Given our findings, it would be appropriate to integrate measures of disease
progression and, given the clinical spectrum of ALS, measures of cognitive or behavioural
change. A more comprehensive phenotypic dataset should improve resolution for
establishing meaningful ALS subgroups and, in turn, facilitate investigations into the

biological processes which distinguish them.
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The biological overlap between ALS and other neuropsychiatric traits should also be further
explored. Our findings align well with evidence implicating neuroinflammation within these
traits (Al-Diwani et al., 2017; Chitnis & Weiner, 2017; McCauley & Baloh, 2019). A logical
next step for follow-up investigations is to integrate functional datasets and experimental
designs that directly test the relevance of processes associated with HLA in ALS. Further,
given the association with Alzheimer’s disease and evidence that anti-inflammatory
medications can be protective against this disease, it is pertinent to investigate whether
they also have a similar benefit for ALS (Kinney et al., 2018). Indeed, some existing work has
suggested that anti-inflammatory medications have potential utility for treating the
symptoms of ALS and therefore hold promise as future ALS therapies (Morello, Spampinato,

Conforti, D’Agata, & Cavallaro, 2017).
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Appendix A. Chapter 4 supplementary materials

Appendix A.1. Supplemental methods

Appendix A.1.1. Penetrance calculation procedure
Here follows an outline of the present approach to penetrance estimation. This method is
available as an R function (R v4.1.2) accessible at

https://github.com/ThomasPSpargo/adpenetrance/.

Step 1

To calculate penetrance using this method, we must identify the rate at which one of the
defined disease states (familial, sporadic, unaffected, affected) occurs in families harbouring
the variant sampled across a valid combination of two or three of these states (see Table
4-1). This rate is denoted as R(X), and X can be any one of the four disease states for which

variant information were provided.

Definitions:
e Familial = more than one family member affected
e Sporadic = only one family member affected
e Unaffected = no family member affected

o Affected = at least one family member affected — familial or sporadic not specified.

In Step 1, we determine R(X) as it is observed within input data, R (X)°S. If known,
R(X)°P3 can be specified directly, alongside a corresponding indication of the states from
which this estimate is derived. If the familial state is represented within input data, then
state X is familial. If only the sporadic and unaffected states are represented, then state X is

sporadic. If the affected and unaffected states are represented, then state X is affected.

R(X)°PS can also be derived as a weighted proportion of heterozygous variant frequency
estimates drawn from samples of unrelated people from two or three of the familial,
sporadic, and unaffected disease states or the affected and unaffected states. When variant
frequency estimates for the familial or sporadic states are included, the frequency of

familial, P(F|A), and sporadic, P(S|A), disease among the affected population, A, must
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feature in weightings; note that, as familial and sporadic states are binary outcomes within
the affected population, P(S|A) = 1- P(F|A). Where the unaffected or affected groups are
represented, baseline (e.g., lifetime) risk of a population member being affected, P(A4)P°P,

must be included within weightings.

In this weighted proportion calculation, we respectively denote variant frequencies for
familial, sporadic, unaffected, and affected states as My s ;; 4, to be weighted by the factors
W s u a- Given that representation of any two or three of the familial, sporadic, and
unaffected disease states or the affected and unaffected states can be used estimate
R(X)°P3, we let the familial, sporadic, unaffected, and affected states be arbitrarily denoted
as the states X, Y, and Z. Accordingly, letting Mg 5, , and W g 4 arbitrarily be My y , and

Wy y 7 for the states X, Y and Z,

Equation A-1
MW,
R(X)Obs — XX
MWy + M, Wy
if data are given for a valid combination of two disease states, or
Equation A-2

R(x)obs — MXWX
MyWy + MWy + M, W,

if data are given for the familial, sporadic, and unaffected disease states. Note that all 4
states cannot be specified together as the familial and sporadic states are subsumed within
the affected state. For this reason, it is also unsuitable to represent the affected state
alongside data for either or both of the familial or sporadic states. Table 4-1 presents all
possible disease state combinations and outlines how the associated weighting factors

should be defined to calculate R(X)°?s.

Step 2

A lookup table to which R(X)°?S can be compared for penetrance estimation is generated
here. This table stores a series of R(X) values that would be expected at a given value of
penetrance, f;, in a population with average sibship size N, and (optionally) the residual
disease risk g for people who do not harbour the variant, which can be calculated according

to Equation 4-9 but is assumed to be 0 by default. We denote this series of R(X) values as
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R(X){*. The sibship size N must be defined alongside the data provided for Step 1 and

)°Ps is determined.

should represent the average sibship size of the sample from which R(X
P(familial), P(sporadic), and P(unaf fected) are first calculated, following Equation
4-5, Equation 4-6, and Equation 4-7

Equation 4-7, for a sequence of f values, f; = (0.0000,0.0001, ...,1.0000), at a specified N
and g. This produces a series of values for each disease state: P(familial);, P(sporadic);,
and P(unaffected);. If the affected state has been specified in Step 1, we calculate the
probability of being affected, P(af fected), in accordance with equation 8 at each f;:
P(affected); = P(familial); + P(sporadic);. R(X){* can then be derived as an
unweighted proportion from P(familial);, P(sporadic);, P(unaffected);, and
P(affected);, taking those disease states which were previously represented in Step 1 and
ensuring X represents the same state as before. The lookup table is next constructed,

storing an index of corresponding R(X){* and f; values.

Step 3

The R(X)°P% estimate obtained in Step 1 is used to query the lookup table generated in Step
2. The value of R(X)#* closest to R(X)°PS is identified and the corresponding penetrance
value is taken (see Appendix A.1.2.1 and Table A-5 for comparison to a maximum-likelihood
approach). This value is an uncorrected penetrance estimate, f%"%/usted sypject to a
systematic bias within the approach and should not therefore be taken as the final estimate;
this is determined in step 4. Note that R(X)°?S ~ R(X)¢* unless R(X)°?S exceeds or is less

than the rate of state X expected between f =0, ...,1at N and g.

Step 4

This step computes the final penetrance estimate to be returned by the method, fa4/usted,

funadjusted astimate from in Step 3, which diverges

It corrects for systematic bias in the
from the true penetrance value according to the combination of states modelled, the value

of penetrance, and the structure of families sampled (see Figure A-1; Figure A-2).



Appendix A. Chapter 4 supplementary materials 163

In Step 4, firstly, a simulated dataset of 90,000 families is pseudo-randomly generated,

where each simulated family is assigned a sibship size of the value Ni(Sim). The population
generated in this step aims to approximate the sibship structure of the real population
sampled for penetrance estimation. To ensure replicability, all pseudo-randomisation in this

step is performed using the R seed 24.

By default, simulated sibships follow a Poisson distribution with the lambda defined by the
mean sibship size, N, specified for the real sample data. Example simulated Poisson sibship
distributions are presented in Figure A-2 A.i-D.i. The Poisson distribution was selected as the
default simulation distribution as it is a discrete probability distribution useful for estimating
the number of events expected to occur within a given time frame. In this instance, an event
is having a child (1 sib) and the time frame is the childbearing years for that family. We note
that the Poisson distribution assumes the independence of events and that this assumption
would not hold in the present instance (i.e., in real populations, the probability of having
additional offspring will be influenced by having already had N; offspring). However, Figure
A-1 demonstrates that the degree of error made in Step 3 penetrance estimates is
comparable between the Poisson distribution (Panel A.ii) and other hypothetical population
structures (Panels B.ii-D.ii), including the distribution shown in C.i, which resembles that of a
UK 1974 population birth cohort (Office for National Statistics, 2020). Therefore, a simulated
population in which sib-sizes follow a Poisson distribution can be considered sufficient for
approximating the expected error in unadjusted penetrance estimates made using data
from randomly sampled populations. This is corroborated by the results of the simulations

presented in Appendix A.1.2.3).

If the structure of sibships in the real sample is known, then the user can optionally supply
the adpenetrance R function with either a vector containing all the sampled sibship sizes or
a summary of the sibship distribution, declaring the sibship sizes contained in the sample
and the proportion of the sample each sib-size represents. When sibship data are supplied,
a simulated sibship distribution is generated based on these data, including only the sibship
sizes represented and following its sibship distribution. This ‘tailored’ simulation population

will give more precise f4/usted ostimates than those obtained using the default Poisson
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distribution (see Appendix A.1.2.3). However, the Poisson distribution is sufficient for
adjustment when the sibship distribution of the real data are unknown, under the
assumption that population sampling is random and does not exclude families of a

particular sibship size (e.g., families of sibship size 0 are not excluded).

A sequence of 25 penetrance values between 0.01 and 1 is also defined, representing true

penetrance values of a simulated variant, %€ 5!™) For each fitme (Sim), Equation 4-5,

(sim)

Equation 4-6, and Equation 4-7 are applied at each of the N; sibship sizes within the

simulated population to determine the probability of a family of sibship size Ni(Sim) being
familial, sporadic, or unaffected at that fitrue (Sim). One of the familial, sporadic, and
unaffected states is pseudo-randomly assigned to each simulated family, according to the

probabilities expected at their sibship size and the given fitme M) An unadjusted

unad justed (sim)

penetrance estimate is then made for the simulated population, f; , according

to the mean sibship size of the simulated population N, and the R(X) observed,
R(X)°bs 5Tm) Here, N™ ~ N, with small variation between these values reflecting the
pseudo-randomisation of population generation, and State X is defined as in Step 1, with
R(X)°Ps (5im) heing calculated as an unweighted proportion of the probabilities of X across
the modelled states within the simulated dataset.

The difference between corresponding values of fiunadjuswd ) and fitrue (stm) s

error (sim) — f

true (sim)
; —f;

unadjusted (sim . error (sim) . .
i J ( ). A positive f; ( ) indicates

calculated: f;
underestimation of penetrance, while negative values denote overestimation. The
relationship between f&770T (SiM) gng funadjusted (sim) js then established by fitting an nth
degree polynomial regression model, which, by extension, also indicates the relationship
between €707 (i) gnd firue (sim) polynomial models between 1 and 5 degrees are
tested, and the best fitting model is selected based on the Akaike Information Criterion.
Figure A-1 (A.ii) and Figure A-2 (A.ii-D.ii) display examples of these error curves fitted for
simulated populations where sibship sizes follow a Poisson distribution. Dynamic generation
of these regression models is necessary to account for required changes in model fit

according to population sibship structure (see Figure A-2).
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The fitted polynomial regression model is then used to predict error in the penetrance

estimate made for the real dataset in Step 3 based on the value of fl.unadjuswd,

error (predicted . . . . djusted
f; @ ) The final penetrance estimate is then determined: fia Justed —

fiunadjumd + fiermr (predicted) 1po validity of these penetrance estimates is demonstrated

in the simulation studies presented in Appendix A.1.2.3).

Optional step
Confidence intervals for the penetrance estimate can be derived through the calculus

approach to error propagation (Hughes & Hase, 2010). For this, standard errors, o3, , of

the variant frequency estimates given in Step 1 are required. Using these errors, we

calculate the standard error in of R(X)°S, O R obs:

Equation A-3

O'MY +

(RGOS (AR(X)0bs
Troons = \Tamy ) O\ Tam,

Confidence intervals for R(X)°?s, Clg(xyobs, can then be obtained through z-score

conversion (CIR(X)obs = R(X)°PS + z x UW). The lookup table is then queried as in

R(X
operation 3 for upper and lower bounds of CIR(X)obs to attain upper and lower bounds for

the fiunadjuswd estimate obtained in Step 3. These values are then adjusted as in Step 4

according to the fitted polynomial regression model, giving the final penetrance estimates

at the confidence interval bounds.

Appendix A.1.2. Approach validation and testing
The R scripts used for approach validation are available within our GitHub repository:

https://github.com/ThomasPSpargo/adpenetrance/.

Appendix A.1.2.1. Lookup table validation: an alternative maximume-likelihood approach
The unadjusted penetrance estimates obtained in Step 3, f#nadjusted can also be derived

following a maximum likelihood approach. To validate the lookup table approach


https://github.com/ThomasPSpargo/adpenetrance/

Appendix A. Chapter 4 supplementary materials 166

implemented, we additionally derived f¥nadjusted astimates using Non-Linear Minimisation,
leveraging nlm and dbinom functions available within the R stats package (v4.1.2) (R Core

Team, 2021).

We constructed this validation approach by defining a negative likelihood function which
determines, under a binomial distribution, the likelihood of the specified R(X)°? at a given
funadjusted gnd N, Within this function, values of R(X)°P% are transformed into integers so
that they represent a number of state X events across a certain number of trials (e.g., the
rate 0.394 would be multiplied by three orders of magnitude, giving 394 events across 1000
trials). The probability function is defined using Equation 4-5, Equation 4-6, and Equation

4-7, and according to the states modelled in calculating R(X)°?S.

Non-Linear Minimisation was then applied to determine the most likely f%adjusted giyen
R(X)°bS, N, and g. The starting value for minimisation was defined as the fnadjusted

estimate previously determined via the Step-3 lookup approach.

This approach was applied to each of the case studies presented in Table 4-2 and we found

negligible difference between the funadjusted

estimates generated within non-linear
minimisation and via the lookup table method (see Table A-5). Thus, these findings confirm
the validity of the lookup table approach. The alternative maximum-likelihood method was
not adopted for penetrance calculation to avoid potential issues in model convergence if

starting values are not appropriately defined.

Appendix A.1.2.2. Age-dependent penetrance: tolerance to age of sampling

The penetrance of variant M for an associated disease is determined within the present
method according to R(X)°?S, N, and g. If age of disease onset varies across people
harbouring the variant, then penetrance is also age-dependent. In a sample consisting only
of families harbouring variant M, R(X)°?S will inherently vary over time as people from
sampled families age and become affected. Accordingly, penetrance estimates would be
lower at an earlier time of sampling, and not accurately represent the true lifetime

penetrance. This effect is demonstrated below within a simulation study (see Appendix



Appendix A. Chapter 4 supplementary materials 167

A.1.2.3, Figure A-9). Accordingly, a lifetime penetrance estimate is best obtained within this

scenario when people sampled are beyond the typical age of onset for the studied trait.

Within a second sampling scenario, where R(X)°?S is determined indirectly as a weighted
proportion of a given disease state across variant frequency estimates (per Equation A-1
and Equation A-2) from samples of people with and without the variant across a valid
combination of disease states, age-dependence will have a smaller effect upon estimation

of lifetime penetrance.

This is true if the variability in the rate at which family disease states change over time are
comparable between families affected by disease where a variant of interest does and does
not occur. To illustrate this assumption with an example: If at a given time 100 of 1000
people with sporadic disease harbour the variant of interest, the variant frequency is 0.1.
Suppose then that at a later time of sampling, 200 people of the original sample are now
considered 'familial’. If the rate of family disease state change is comparable for people with
and without the variant over time, then roughly 180 people without and 20 with the variant
would have been reassigned as familial. This leaves 80 of 800 people harbouring the variant
in the sporadic sample and the variant frequency remains 0.1. Accordingly, under this
assumption, variant frequency estimates within a given disease state will be largely stable

over time.

In practice, the rate of change over time is unlikely to correspond exactly between people
with and without variant M. However, the assumption is reasonable for a disease with a
heritable genetic basis when the tested variant is not thought to be indicative of an entirely
distinct onset profile. Accordingly, whether the assumption is true will be influenced by two
factors: (1) that variability in age of disease onset is comparable for people who will be
affected in their lifetime with and without a given variant, and (2) that the number of
disease occurrences (across the range of zero and two or more affected) within families is

similar between the groups.

The first of these can be tested by comparing the age of disease onset profile for people

with and without a given variant; if the groups have ‘equal onset variability’ over time, then
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the assumption is more likely met. The important aspect of this test is that people with and
without the variant progress from being unaffected to affected at a similar rate across age;
absolute differences in age of onset between group (i.e., where a variant is associated with
a younger/older disease phenotype) are tolerated. When equal onset variability is observed,
change in R(X)°?S over time will be determined by differences number of disease
occurrences within families between groups; its estimation will be less affected by age-

dependence than when sampling only from families within the variant group.

To facilitate testing of equal onset variability, we have made available an additional R
function within the ADPenetrance GitHub repository: checkOnsetVariability. This function
allows users to supply information regarding age of disease onset for two sample groups
(with and without a given variant). The age of onset is then centred for each group by a
chosen metric (e.g., mean or median), to enable (base R) plotting of either a density or
cumulative density function which overlays onset variability for the two groups. In addition,
the function calculates the relative difference in span of time between the first and third
guartiles of disease onset in each group. (e.g., if there is an 8-year interval between the first
and third quartile for onset among people with variant M, and a 10-year interquartile
interval for people without M, then the relative difference is 10/8 = 1.25, indicating that
the variability in disease onset 1.25 is smaller among people with variant M, with less time
taken to span the interquartile interval). This number is returned to users of
checkOnsetVariability as a quantifiable indication of the scale of departure from the equal
onset variability. Values of approximately 1 indicate equal onset variability, values >1
indicate that the onset interval is shorter for people in the variant group, values <1 indicate
that the onset interval is protracted for people in the variant group. An example of plots
returned using the checkOnsetVariability function is provided in Figure A-4, which presents
testing of equal onset variability in the ALS case studies modelled versus a ‘no variant” ALS

population, characterised by absence of variants in C9orf72 and SOD1.

The relative difference in onset variability returned by checkOnsetVariability can be supplied
to a further function also available on GitHub, simADPenetrance, which enables users to
perform a simulation study that returns a plot which visualises how much a given degree of

departure from the assumption may affect penetrance estimates according to sampling age.
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The plyr (v1.8.7), ggplot2 (v3.4.0), and reshape2 (v1.4.4) packages are dependencies for
simADPenetrance (Wickham, 2007, 2011, 2016).

We present figures from simulation studies, performed using the simADPenetrance
function, which demonstrate accuracy of lifetime penetrance estimation according to age of
sampling and degree of departure from the test of equal onset variability. In these
simulations, families containing the variant of interest are compared to a wider disease
cohort of families without this variant and instead harbouring one of several other variants
of varying penetrance. In Figure A-10, equal onset variability is observed, while Figure A-11
presents a 1.3 relative difference in onset variability, which can be compared to the relative

difference of 0.77 (approximately the inverse of 1.3) presented in Figure A-12.

The simulations demonstrate reasonable accuracy in penetrance estimation across time of
sampling when the assumption is met, and tolerable stability when the assumption violated

by the tested degree of departure.

A full description of these simulation studies is provided subsequently (Section 1.2.3), and

documentation for checkOnsetVariability and simADPenetrance is provided on GitHub.

Appendix A.1.2.3. Simulation studies

Here we present the results of simulation studies conducted to test the validity of the 4-step
approach outlined in Appendix A.1.1. The studies described are split into 2 sets according to
the methodology followed for generating simulated families. The simulated datasets used
within all studies were generated pseudo-randomly in R with no set seed numberand g = 0

except where stated.

Across both sets of simulation studies, families were pseudo-randomly generated based on

sibship distributions previously reported in two distinct samples (see Figure A-3).

The first simulated population (henceforth: the UK population) resembles the sibship
distribution across the UK population 1974 birth cohort at the end of their childbearing

years (defined as 45 years of age) (Office for National Statistics, 2020). The families within
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this simulated dataset were each pseudo-randomly assigned a sibship size between 0 and 4
according to the probabilities observed in this cohort (see Figure A-3) and the mean sibship
size, N, is 1.84. The simulation population was modelled on these data because they
describe the most recent birth cohort for which data is available at the completion of
childbearing years and because the distribution is representative of a randomly sampled
population. The distribution of sibship sizes across this cohort is comparable to other
reported UK and USA birth cohorts (Kirmeyer & Hamilton, 2011; Office for National
Statistics, 2020).

The second population (henceforth: the NS population) was simulated based on the
distribution of sibship sizes reported for the Next Steps dataset, a longitudinal sample of
children from England (Sheppard & Monden, 2020). Simulated families were pseudo-
randomly assigned a sibship size between 1 and 7 according to the probabilities observed in
the Next Steps sample (see Figure A-3) and N = 3.006. The simulation cohort was modelled
on these data to illustrate the application of the method to a sample not fully
representative of the population. In this case, the sample does not include families of

sibship size 0.

Set 1
In the first set of simulation studies, the performance of the method was tested on

simulated populations containing 90,000 simulated families.

true

A series of ground truth penetrance values, f;""*¢, were generated for testing within each

study. For each fit”‘e, families from the two simulated populations were generated as
described above and the familial, sporadic, and unaffected disease state probabilities
expected at each of the occurring sibship sizes were calculated using Equation 4-5, Equation
4-6, and Equation 4-7. One of these three disease states was then pseudo-randomly

assigned to each family with the probabilities expected in a family of that the sibship size.

adjusted

Penetrance estimates, f; , were then made for the population simulated under the

adjusted

specifications of that study. f; estimates were made for each possible disease state

. . . . adjusted .
combination, producing five f J estimates for each value of f;/""¢, across the
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adjusted error _

combinations of states modelled. The error in f; was then determined: f;

adjusted

fi — fifrve positive f;¥7"°" values indicate overestimation of penetrance, while

negative values indicate underestimation.

In each study, to test the two estimate adjustment approaches allowed in Step 4, we
estimated f;*"7°" firstly when the method is supplied no information about the distribution

of sibship sizes in the sample data and secondly when this information is supplied. As

described in Step 4 (see Appendix A.1.1), the former condition adjusts fiu”adj““ed by

predicted error in the estimate under a polynomial regression model fitted to a population

simulated within the method in which sibships follow a Poisson distribution. The latter

unadjusted

condition ‘tailors” adjustment of f; , by fitting the regression model to a population

simulated within the method which directly approximates the real sample data.

Validation under correct parameter specification

We first tested the approach by examining the accuracy of penetrance estimates made
using correctly specified input parameters in simulated UK and NS populations harbouring
hypothetical variants with known true penetrance values. A sequence of 20 ground truth
penetrance values was first defined: f;"*¢ = (0.05,0.10, ..., 1) and the populations were

simulated as described above. To examine the influence of g, we simulated scenarios where

g = (0,0.001,0.1). Penetrance estimates, fiadjumd

, were made for these populations,
defining N according to the mean sibship size of that sample, approximately 1.84 for the UK
and 3.01 for the NS populations, and with R(X)°?S calculated across all possible disease

was then determined. This simulation was repeated 5 times for

state combinations. ;77"

each value of f;/"¢, and the results are shown in Figure A-5, averaged across repetitions to

determine the mean f;£7°" observed at each value of f;""¢, across each of the disease state
combinations. These findings evidence the validity and accuracy of penetrance estimates
generated via this approach. They also demonstrate the benefit of supplying about the
distribution of sibships in the sample data when this is known; this benefit is greater if
sample data does not accurately represent sibship sizes across the population (e.g., where

the NS dataset contains no families of sibship size 0).
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Misspecification of sibship size

This simulation study examines the accuracy of penetrance estimates when the mean
sibship size of sample populations is incorrectly defined. We simulate a wide range of
misspecification for sibship size here, although it is likely that degree of misspecification in N

would be relatively small for any population-representative sample.

Several values of true penetrance were defined: f"*¢ = (0.10,0.25,0.50,0.75,1.00). A

sequence of values to represent the degree of misspecification in mean sibship size was also

modify __

specified: N, = (—1.5,-1.0,...,3.0). The simulated UK and NS populations were

adjusted .
J were made, calculating R(X)°?S across all

generated as before and estimates of f;
possible disease state combinations and defining N according to the mean sibship size of

that sample, approximately 1.84 for the UK and 3.01 for the NS populations, adjusted by

each value of NimOdify. For instance, if N = 1.84 and NimOdify = —1.5, penetrance would
be estimated based on N = 0.34. f;""°"was then determined. This simulation was repeated

3 times for each value of f/"¢, and the results were averaged across these repetitions.

The results of these simulations are presented in Figure A-6. The increased impact of
misspecifying N upon penetrance estimates in the UK compared to NS populations reflects
that the difference in disease state rates between a family of 0 sibs compared to a family of
1 sibs is greater than between 1 and 2 or 2 and 3 sib families (etc.); this difference is
illustrated in the original description of this disease model (Al-Chalabi & Lewis, 2011).
Accordingly, misspecified, and particularly underestimated, N will be more impactful on
penetrance estimation in the UK population, which has a lower mean sibship size than NS,
since variation in disease state rates is greater between individual family sizes when there

are fewer sibs.

Misspecification of disease state rates

This simulation study examines the accuracy of penetrance estimates when R (X)°?S is
incorrectly estimated. R(X)°?S can be supplied directly to the tool or estimated from
variant frequency estimates and weighting factors when supplying any valid disease state

combination (see Table 4-1). Estimates of R(X)°PS, and subsequently penetrance, increase
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alongside increases in My or Wy, and decrease alongside increases My ; or Wy ;. Table A-6

)obs

summarises the direction of change in R(X and associated penetrance estimates when

values of each input parameter increase for each of the valid disease state combinations.

In this simulation study, several values of true penetrance were defined: f;""*¢ =

(0.10,0.25,0.50,0.75,1.00). A sequence of values to represent the degree of error in disease

state rate estimates was also specified: R(X)TnOdify = (—0.15,-0.10...,0.15). The UK and

L

)obs

NS populations were simulated as before. R (X was calculated for a given f"“¢ across

each of the five possible disease combinations, with the R(X)°?® value to be defined in

modify
i ’

penetrance estimation being adjusted across each value of R(X) any adjusted

R(X)°Ps values falling outside of the 0 to 1 interval were truncated to be 1x10% if below

adjusted .
J , were made for the simulated UK

that interval or 1 if above. Penetrance estimates, f;
and NS populations, defining N according to the mean sibship size of that sample,

approximately 1.84 for the UK and 3.01 for the NS populations, and R(X)°?S by the adjusted

value obtained. For instance, if R(X)°?S = 0.366 and R(X)?mdify = 0.15, then penetrance
would be estimated based on R(X)° = 0.516. f;*""°" was then determined for all
estimates made. This simulation was repeated 3 times for each value of f;!"*¢, averaging the
results across these repetitions. The results of this simulation study are presented in Figure

A-7.

Testing the influence of g accuracy upon estimate accuracy

Here we examine how the importance of specifying residual disease risk g varies for
penetrance estimation according to the prevalence of the disease, reflected in increased g.
We estimate penetrance when g is correctly specified and when assumed that g = 0. This is
tested for a series of values, where g = (0,0.001,0.025,0.050,0.75, ...,0.2). Several values

of true penetrance were defined: f;"*¢ = (0.25,0.50,0.75,1.00). Penetrance estimates,

fadjusted

; , were made for the UK and NS populations, defining N according to the mean

sibship size of each simulated sample, approximately 1.84 for UK and 3.01 for NS, and with

erToT was then

R(X)°Ps calculated across all possible disease state combinations. fi
determined. This simulation was repeated 3 times for each value of f;*¢, and the results

were averaged across each repetition.
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The results of this simulation study are shown in Figure A-8. It illustrates that when the
disease is rare in the population, and therefore g is small, accounting for g is less critical for
attaining accurate penetrance estimates. However, for more common diseases, this is

essential.

Set 2
This second set of simulation studies simulations aims to test the influence of age sampling
upon the accuracy of penetrance estimation in phenotypes with age-dependent onset.

Several simulation scenarios are presented.

In each simulation, several values of true penetrance were tested: ;"¢ =

(0.25,0.50,0.75,1.00). As above, penetrance estimates, ]fiadjuswd, were made for simulated
representations of the UK and NS populations, defining N according to the mean sibship size
of each simulated sample, approximately 1.84 for UK and 3.01 for NS, and with R(X)°?s

££77°7, which in this simulation

calculated across all possible disease state combinations.
reflects difference between the estimate and lifetime penetrance at each time of sampling,
was then determined. Each simulation was repeated 3 times for each value of f;"*¢ and the

results were averaged across these triplicates.

As before, population structures were firstly generated by pseudo-randomly assigning each
family a given sibship size, between 0 and 4 for the UK population and 1 and 7 for the NS

sample according to the probabilities of each sibship size per population (see Figure A-3).

For a given family of sibship size N;, individual family members are then generated,
consisting of two parents and N; siblings. Family members are each assigned relative ages at
the time of first sampling, where 0 indicates the final age before the simulated disease
becomes onsets in any person with or without the variant. The youngest of N; siblings is
assigned age 0, and the other siblings are, using the rnorm function, pseudo-randomly
assigned age differences of mean 3 (SD=0.75) which are then summed relative to the age of

the next youngest sibling and rounded to the nearest integer. This produces N; siblings
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separated by ~3 years of age. Each of the two parental ages are also assigned using rnorm.
In a family with N; = 0 or 1, ‘parental’ ages are generated as mean age 25 (SD=3), rounded
to the nearest integer. If N; > 1, the mean age is adjusted in line with the age of the oldest

sibling (e.g., if the oldest sibling is 9, then mean parental age is 34).

We simulate a disease which may onset across a 10-year period, where (as above) 0
represents the final age before disease could onset and 10 represents age by which all
disease occurrences have onset. We optionally allow the onset window to scale separately
within this 10-year window according to variant status (whether or not the variant with

true

penetrance f; is harboured). To give an example scenario: all disease occurrences will

onset between ages 1 and 10, but onset for people with a variant of f"¢

onset may be
from ages 1 to 7 versus 1 to 10 in people not harbouring fi"“e. Letting the onset scale to be
distinct according to variant status enabled us to test the impact of deviation from equal
onset variability (see Appendix A.1.2.2). Except where specified, these simulations let

disease risk scale equally and onset between times 1 and 10 for people with and without

f_true
i .

Accordingly, age-dependent disease risk is defined as a proportion of the lifetime risk to an
individual according to their current age relative to the disease onset period and whether
they harbour, do not harbour, or have 50% probability of inheriting the variant M which has
lifetime penetrance f. Accordingly, the disease probability, P(A), for an individual at

relative age j is:

Equation A-4
P} =0 xf,
if they harbour M, and Q]’-c is the proportion of people with the variant of lifetime
penetrance f affected by time point j; Then,
Equation A-5

P} =0Q] xg,
if variant M is absent, denoted M’, where Qf is the proportion of people with residual risk g

who are affected by time point j; Finally,
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Equation A-6

Qf xf L9 %9
2 2 7
if they have 0.5 probability of inheriting M from a variant-harbouring parent, denoted M°°.

05
P} =

Equation A-4, Equation A-5, and Equation A-6 respectively mirror Equation 3-2, Equation

3-3, and Equation 3-4 of the main text, with the integration of the Q term.

Lett = (0,...,t, ..., T) denote the time from the first sampling (at t = 0) until and including
the time when the youngest family member reaches the final age for disease to onset, T.
We simulate, using the rbinom function, whether each family member is affected at age j;,
according to the probability relevant to that person based on their variant status

(M, M', or M°>) per Equation A-4, Equation A-5, and Equation A-6. We then sum the
number of affected family members at each t, and define the family as ‘unaffected’ if no
family member has disease at t, ‘sporadic’ if one family member has disease, or ‘familial’ if

two or more family members have disease.

Families generated across the simulated population are then combined. When the number
of sampling points until T varies between families, disease state assignmentsatt =T are
duplicated for those families with fewer sampling points until length of t is equal across the
population. Penetrance is then estimated for each of the 5 possible disease state

combinations at each time t.

Several simulation studies are now presented, demonstrate the effect of age across several

scenarios.

Age-dependence when sampling only families harbouring interest variant

As described in Appendix A.1.2.2, R(X)°?S will vary greatly in traits with age-dependent
onset according to age of sampling when calculated directly from the observed proportions
of disease states across a cohort consisting only of people harbouring the variant. We
simulate this scenario by generating a cohort of 100,000 families per the above method

where each family contains one variant-harbouring parent, one parent not harbouring the
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variant, and N; siblings who have a 50% chance of inheriting the variant. We estimate
penetrance based on disease state proportions across the sample for each of the 5 possible
disease state combinations at each of t = 0, ..., T representing the period across which the

youngest sibling of each family could become affected.

Figure A-9 presents the results of this simulation. Penetrance estimates varied most when
sampling includes the Familial state since most Familial state occurrences will emerge across
this time period. Sampling the Sporadic or Affected relative to the Unaffected states has
smaller degree of change since the elder generation already have the maximum lifetime risk
of disease by t = 0. Should R(X)°?S be estimated based on disease state proportions across
a sample of only people harbouring the variant, we suggest that lifetime penetrance is best
estimated based on people in the sample who have passed a typical age for disease onset

and since family disease states can reasonably be expected not to change further.

Age-dependence when sampling across families with or without variant across a disease
cohort

Age-dependence will affect lifetime penetrance estimation less substantially when R (X)°?S
is estimated from variant frequencies within each disease state and weighting factors

defined by the general characteristics of the disease (see Table 4-1).

We simulate this scenario by generating a general disease cohort across which only certain
families harbour the variant of interest, M, which has lifetime penetrance fim‘e. Variant M
occurs within 100,000 of the generated families. A further 100,000 families are generated,
where no family member harbours M, and instead occurs one of several other variants with
autosomal dominant inheritance for the disease. Disease risks per age associated with these

competing variants are generated as per Equation A-4, Equation A-5, and Equation A-6, but

for further variants with lifetime penetrance ficompeting = (0.2,0.4,0.6,0.8,1.0); 20,000

families are generated for each of the 5 competing variants.

Accordingly, we simulated a total of 200,000 families. Each family contains one parent

competing

harbouring variant M or one of the variants with f; , one parent not harbouring the
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variant of that family, and N; siblings who have a 50% chance of inheriting the variant. We
estimate penetrance, across each of the 5 possible disease state combinations for times t =
0, ..., T representing the time across which the youngest sibling of each family could

become affected. R(X)°PS is calculated in accordance with Table 4-1 and Equation A-1 and
Equation A-2 as a weighted proportion of the relevant variant frequency estimates observed
at each t and the appropriate weighting factors. At all times, weighting factors were defined

according to their value at the final sampling time (t = T).

Figure A-10 displays the results of this simulation. After Step-4 error correction, and for f; =
(0.25,0.5,0,75) penetrance estimated diverged from the true penetrance by no more than
5% at most sampling times and disease state combinations. When f; = 1.0, error was
somewhat greater when sampling the familial, sporadic, and unaffected, or the familial and
sporadic states, but within a tolerable distance of true penetrance across all times of
sampling. For all values of f; penetrance was more accurately estimated as age approached

the maximum lifetime risk.

In two further simulations, we modelled scenarios alike the previous simulation, but with
unequal onset variability between groups. Thus, the onset window for disease differed
among people with variant M and those with the competing variants (for an example of this,
see Figure A-4). In the first simulation, we let the onset window for people with the variant
be 1.3 times shorter than for those without the variant (This is comparable to the relative
difference in time spanned by the interquartile interval in people with ALS harbouring the
C9orf72 variant compared to people with no C9orf72 or SOD1 variant; shown in Figure A-4).
Accordingly, in this simulation all families in which variant M occurred reached their final
disease state assignment by t = 8, as opposed to t = 10 for families where a competitor
variant occurred. The results of this simulation are presented in Figure A-11. In the second
simulation, we test the inverse of the previous analysis, with the relative onset variability of
0.77 (=1/1.3), letting instead the onset window be shorter for people harbouring competitor
variants (reaching final family disease states by t = 8). The results of this simulation are

given in Figure A-12.
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In both simulations where the variability of disease onset differed between people with and
without the variant, penetrance was estimated with tolerable accuracy across all ages and
values of f;""™€. However, further departure from equal onset variability would have greater

impact upon penetrance estimation (see Appendix A.1.2.2).

Appendix A.1.3. ADPenetrance: a companion web tool
This method of penetrance calculation is additionally available as an open-access web tool

accessible at https://adpenetrance.rosalind.kcl.ac.uk. This was coded in R (v4.1.2) and

leverages the R shiny package (v1.7.3) (Chang et al., 2022). An example of the interface and
output of this tool is shown in Figure 4-2, as applied to estimation of SOD1 variant

penetrance for ALS using data from a European sample as described in case study 3.

This tool can be used calculate penetrance for a given variant based on an estimate of
R(X)°P3, a defined sibship size, and an estimate of g. State X is assigned to a particular state
based on which disease states are included within input data, as indicated by the user.
Those states represented can be any two or all three of the familial, sporadic, and
unaffected states or the unaffected and affected states. If the familial state is represented
within input data, then state X is familial. If only the sporadic and unaffected states are
represented, then state X is sporadic. If the affected and unaffected states are represented,

then state X is affected.

The user can derive R(X)°?S independently, manually specifying the rate of the state
requested by the tool. Alternatively, they can provide variant characteristics and weighting
factors (see Table 4-1), in order to calculate R(X)°?® as described in Step 1. These variant
characteristics can be given in each disease state as either (1) variant counts and sample size

among population-based samples or (2) directly as variant frequencies.

If data are given using variant counts and sample sizes for each disease state, then the error
propagation step is included by default, deriving the standard error for each variant
frequency from these values. If data are given using variant frequencies or if R(X)°?S is

provided directly, then the user can opt to provide error terms for those estimates specified
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to enable error propagation. Error terms can be given either as standard errors or as
confidence intervals from which standard errors are derived via z-score conversion. The user
is asked to select which of these will be provided and, where confidence intervals are given,
should indicate the level of confidence that these represent (95% confidence is assumed by
default). Wherever error propagation is performed, the user will also need to specify the
desired confidence level for the penetrance estimate output. This is to be selected from a
series of options, where z-score conversion is used to transform the standard error of
R(X)°P into the upper and lower confidence interval bounds of this estimate, which can

then be used to estimate the bounds of the penetrance estimate.

The user must also indicate the average sibship size, N across the sample set. This can be
specified either manually or by querying a repository of Total Fertility Rate estimates across

many world regions which we have integrated within the tool (World Bank, 2020).

g is assumed to equal 0 by default and can optionally be specified to indicate residual
disease risk for people within sampled families who do not harbour the tested variant. This
term is important for more common phenotypes (e.g., where g > 0.01) but will have less

influence upon penetrance estimation when g = 0, as would be the case for rare traits.

Once input data are specified, the tool can be operated and R(X){* is calculated for all
values of f; between 0 and 1 at increasing increments of 0.0001. Penetrance is then

estimated as in Steps 3 and 4 and a results table is produced.

The results table presents R(X)°?S and the estimated R(X)¢*, fiunadju“ed, and fiadjuSted
values to which this corresponds, additionally noting which state X represents.

fadjusted shoyld be taken as the penetrance estimate. If error propagation is performed,
upper and lower confidence intervals and the standard error of the R(X)°?% will be

provided, alongside corresponding confidence intervals for R(X)®*, funadjusted gnq

fadjusted.
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Appendix A.2. Supplemental figures
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Figure A-1. Error in unadjusted penetrance estimates across true penetrance values and according to states modelled for a

simulated population where sibship sizes follow a given distribution.

N = mean sibship size, F = familial, S = sporadic, U = unaffected, A = affected. Panels A.i-D.i show the distribution of sibship

sizes across simulated families. Panels A.ii-D.ii display errors in penetrance estimates associated with the corresponding

population structure - zero indicates a perfect penetrance estimate, positive values indicate overestimation and negative

values underestimation; plotted points display raw error values calculated at each true penetrance value and plotted lines

display error values predicted under a fitted polynomial regression model.
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Figure A-2. Errors in unadjusted penetrance estimates across true penetrance values and according to states modelled for a

simulated population.

Note: Sibship sizes in the simulated data follow a Poisson distribution varying by mean sibship size (lambda). N = mean
sibship size, F = familial, S = sporadic, U = unaffected, A = affected. Panels A.i-D.i show the distribution of sibship sizes across
simulated families. Panels A.ii-D.ii display errors in penetrance estimates associated with each corresponding population
structure - zero indicates a perfect penetrance estimate, positive values indicate overestimation and negative values
underestimation; plotted points display raw error values calculated at each true penetrance value and plotted lines display

error values predicted under a fitted polynomial regression model.
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Figure A-3. Sibship distributions upon which simulated populations were modelled across simulation studies

Note: N = mean sibship size. Panel A presents the sibship distribution for the UK population 1974 birth cohort at the
completion of their childbearing years; note that the original data reports sibships above size 4 within a collapsed ‘4 or
more’ category (Office for National Statistics, 2020). Panel B presents the sibship distribution across English families
sampled in the Next Steps cohort study; note that the original data reports sibships above size 7 within a collapsed ‘7 or

more’ category (Sheppard & Monden, 2020).
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Figure A-4. Cumulative density plots comparing variability in age of ALS onset for people with and without SOD1 or C9orf72

gene variants

Onset distributions for the No variant (n = 5,568) and C9orf72-RE (n = 353) groups are derived from people with ALS from

Project MinE (Project MinE ALS Sequencing Consortium, 2018; van der Spek et al., 2019). Those for Any SOD1 (n = 1,315),

SOD1-A5V (n =298), and SOD1-1114T (n = 108) are from a multicentre cohort of people with SOD1 variants (Opie-Martin et

al., 2022). The indicated relative difference in onset variability indicates the relative difference in time between the first and

third quartile of disease onset for the ‘No variant’ vs variant groups; values equal to 1 indicate the similar variability age of

onset between groups, >1 indicate a shorter interquartile interval in the variant group, while <1 indicates longer interval for

the variant group.
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Figure A-5. Error in penetrance estimates across true penetrance values when R(X)°P%, N and g are specified correctly in

the simulated UK (1974) and Next Steps populations

Zero indicates a perfect penetrance estimate, positive values indicate overestimation and negative values underestimation.
Plot lines represent estimates made when R(X)°PS is defined according to different disease state combinations; F = familial,
S =sporadic, U = unaffected, and A = affected - state X is the first state named. The panel rows stratify firstly by population
simulated (see Figure A-3) and second by the indicated value of residual disease risk g for people not harbouring the tested
variant. The columns stratify by Step-4 estimate adjustment approach (see Appendix A.1.1), which follows either the default
approach (denoted Poisson), is tailored to errors predicted under an internally-simulated sibship distribution directly
approximating the sample data (denoted Tailored), or displays error with no adjustment made to penetrance estimates

(denoted No correction).
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Figure A-6. Error in penetrance estimates according to degree of error in estimation of N

Zero indicates a perfect penetrance estimate, positive values indicate overestimation and negative values underestimation.
Plot lines represent different true penetrance values. Panel columns stratify by population simulated (see Figure A-3) and by
Step-4 estimate adjustment approach (see Appendix A.1.1), which follows either the default approach (denoted Poisson), is
tailored to errors predicted under an internally-simulated sibship distribution directly approximating the sample data
(denoted Tailored), or displays error with no adjustment made to penetrance estimates (denoted No correction). Panel rows
stratify estimates according to the disease state combination from which R(X)°S is defined; F = familial, S = sporadic, U =

unaffected, and A = affected - state X is the first state named.
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Figure A-7. Error in penetrance estimates according to degree of error in estimation of R (X)°PS

Zero indicates a perfect penetrance estimate, positive values indicate overestimation and negative values underestimation.
Plot lines represent different true penetrance values. Panel columns stratify by population simulated (see Figure A-3) and by
Step-4 estimate adjustment approach (see Appendix A.1.1), which follows either the default approach (denoted Poisson), is
tailored to errors predicted under an internally-simulated sibship distribution directly approximating the sample data
(denoted Tailored), or displays error with no adjustment made to penetrance estimates (denoted No correction). Panel rows
stratify estimates according to the disease state combination from which R(X)°?S is defined; F = familial, S = sporadic, U =

unaffected, and A = affected - state X is the first state named.
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Figure A-8. Error in penetrance estimates according to magnitude of disease risk g for people not harbouring the variant.

Zero indicates a perfect penetrance estimate, positive values indicate overestimation and negative values underestimation.
Plot lines represent true penetrance values. The x-axis indicates the probability of developing disease for people not
harbouring the variant (g). Panel columns stratify by population simulated (see Figure A-3) and by Step-4 adjustment
approach (see Appendix A.1.1), which follows either the default approach (denoted Poisson), is tailored to errors predicted
under an internally-simulated sibship distribution directly approximating the sample data (denoted Tailored) or displays
error with no adjustment made to penetrance estimates (denoted No correction). Panel rows stratify estimates firstly
according to whether penetrance estimates account for g; g = 0 rows estimate penetrance under the assumption that

people not harbouring the variant do not develop disease; g = x rows make penetrance estimates when risk g is estimated
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accurately according to x-axis values. Secondly, they stratify by the disease state combination from which R(X)°S is

defined; F = familial, S = sporadic, U = unaffected, and A = affected - state X is the first state named.
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Figure A-9. Penetrance according to age of sampling across only families harbouring a variant of lifetime penetrance f

Zero indicates a perfect estimate of lifetime penetrance, positive values indicate overestimation and negative values
underestimation. Plot lines represent true lifetime penetrance values. The x-axis indicates sampling across time from time 0
which is when the youngest sibling reaches the age at which disease may first onset and 10 is the point at which this sib
(and therefore all family members) have reached the full lifetime penetrance of disease. Panel columns stratify by
population simulated (see Figure A-3) and by Step-4 adjustment approach (see Appendix A.1.1), which follows either the
default approach (denoted Poisson), is tailored to errors predicted under an internally-simulated sibship distribution directly
approximating the sample data (denoted Tailored) or displays error with no adjustment made to penetrance estimates
(denoted No correction). Panel rows stratify estimates according to the disease state combination from which R(X)°PS is

defined; F = familial, S = sporadic, U = unaffected, and A = affected - state X is the first state named.
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Figure A-10. Error in lifetime penetrance estimates according to age of sampling based on variant frequency estimates

across a wider disease cohort with equal age of onset variability

In this simulation equal onset variability is observed. Zero indicates a perfect estimate of lifetime penetrance, positive
values indicate overestimation and negative values underestimation. Plot lines represent true lifetime penetrance values.
The x-axis indicates time of sampling t between t = 0, the final age before the youngest sibling an age where disease may
first onset, and t = 10, the point at which all family members have reached the maximum age for disease onset. Panel
columns stratify by population simulated (see Figure A-3) and by Step 4 adjustment approach (see Appendix A.1.1), which
follows either the default approach (denoted Poisson), is tailored to errors predicted under an internally-simulated sibship
distribution directly approximating the sample data (denoted Tailored) or displays error with no adjustment made to
penetrance estimates (denoted No correction). Panel rows stratify estimates according to the disease state combination

from which R(X)°PS is defined; F = familial, S = sporadic, U = unaffected, and A = affected — state X is the first state named.
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Difference from lifetime penetrance (Estimate — True lifetime penetrance)
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Figure A-11. Error in lifetime penetrance estimates according to age of sampling based on variant frequency estimates

across a wider disease cohort when age of onset density is more compressed among people harbouring the tested variant

Equal onset variability (see Appendix A.1.2.2) is not observed, the disease onset window is 1.3 times shorter for people

harbouring the tested variant than people without the variant. Zero indicates a perfect estimate of lifetime penetrance,

positive values indicate overestimation and negative values underestimation. Plot lines represent true lifetime penetrance

values. The x-axis indicates time of sampling t between t = 0, the final age before the youngest sibling an age where

disease may first onset, and t = 10, the point at which all family members have reached the maximum age for disease

onset. Panel columns stratify by population simulated (see Figure A-3) and by Step-4 adjustment approach (see Appendix

A.L

1), which follows either the default approach (denoted Poisson), is tailored to errors predicted under an internally-

simulated sibship distribution directly approximating the sample data (denoted Tailored) or displays error with no

adjustment made to penetrance estimates (denoted No correction). Panel rows stratify estimates according to the disease

state combination from which R(X)°S is defined; F = familial, S = sporadic, U = unaffected, and A = affected - state X is the

first state named.
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Figure A-12. Error in lifetime penetrance estimates according to age of sampling based on variant frequency estimates

across a wider disease cohort when age of onset density is less compressed among people harbouring the tested variant

Equal onset variability (see Appendix A.1.2.2) is not observed, the disease onset density in people harbouring the tested

variant is 0.77 times that of people without the variant. Zero indicates a perfect estimate of lifetime penetrance, positive
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values indicate overestimation and negative values underestimation. Plot lines represent true lifetime penetrance values.

The x-axis indicates time of sampling t between t = 0, the final age before the youngest sibling an age where disease may

first onset, and t = 10, the point at which all family members have reached the maximum age for disease onset. Panel

columns stratify by population simulated (see Figure A-3) and by Step 4 adjustment approach (see Appendix A.1.1), which

follows either the default approach (denoted Poisson), is tailored to errors predicted under an internally-simulated sibshi

distribution directly approximating the sample data (denoted Tailored) or displays error with no adjustment made to

penetrance estimates (denoted No correction). Panel rows stratify estimates according to the disease state combination

p

from which R(X)°PS is defined; F = familial, S = sporadic, U = unaffected, and A = affected - state X is the first state named.
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Appendix A.3. Supplemental tables

Table A-1. Sample characteristics and calculation of N for data applied in case study 1

aPopulations sampled were assigned to joint ancestry regions based on the ancestry group most frequent among people from that population. Total Fertility Rate (TFR) estimates for each
individual region drawn from the World Bank database (World Bank, 2020): these estimates were assigned to each population using the region defined in the World Bank database that
appeared most representative. Where a sampled population features more than one named country, TFR was defined by the country with the larger population. For the Ashkenazi Jewish and
Basque populations, estimates were assigned based on the world regions for which their populations are largest. ‘Each weighted TFR value is calculated as: TFR estimate for region X

percentage of joint population; “Marked TFR estimates were derived by summation of all weighted TFR estimates attributed to that region.

North American

. .20% orth America R .
e 2606 1450 4934 8990 50.20% North Ameri 0.856381708 1.706
British 1145 192 1786 3123 17.44% United Kingdom  0.292961081 1.68
Girlz:r?aan”d 803 231 436 1470 8.21% Germany 0.128868167 1.57
Norwegian 371 64 572 1007 5.62% Norway 0.08771679 1.56
S Australian 578 252 0 830 4.63% Australia 0.080641018 1.74

North
ancestry o ean French 300 174 348 822 4.59% France 0.086289575 1.88
sample
Swedish 200 127 200 527 2.94% Sweden 0.05179072 1.76
Irish 236 35 212 483 2.70% Ireland 0.04719694 1.75
Polish 153 21 190 364 2.03% Poland 0.029674465 1.46
Russian 157 10 126 293 1.64% Russian 0.025685968 1.57
Federation

Total 6549 2556 8804 17909 100% = = 1.687206433¢
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Italian and 2516 633 1040 4189 52.45% Italy 0.676660406 1.29
Sardinian
Spanish 806 283 544 1633 20.45% Spain 0.257648385 1.26
Basque 117 41 425 583 7.30% Spain 0.091983471 1.26
Portuguese 317 85 100 502 6.29% Portugal 0.089261207 1.42
Eusr(;:tehan Cretan 174 92 0 266 3.33% Greece 0.044966191 1.35
Serbian 47 51 161 259 3.24% Serbia 0.048323316 1.49
Greek 235 0 0 235 2.94% Greece 0.03972577 1.35
Chilean 137 29 153 319 3.99% Chile 0.065869146 1.649
Total 4349 1214 2423 7986 100% - - 1.314437891¢
Al North European 6549 2556 8804 17,909 69.16% - 1.166873142  1.687206433¢
European  South European 4349 1214 2423 7986 30.84% - 0.405371732  1.314437891¢
BT Total 10,898 3770 11,227 25,895 100% - - 1.572244874¢
Chinese 1360 973 938 3271 9.55% China 0.161344638 1.69
Japanese 526 60 372 958 2.80% Japan 0.039704629 1.42
Korean 436 17 0 453 1.32% Korean Republic 0.012917547 0.977
Indian 718 82 1200 2000 5.84% India 0.12970638 2.222
cloHiEmesHEsEEmES.  (Noin i 56 143 739 938 2.74% Middle Eastand ) ;6607749 2.809
Arabs North Africa
Ashkenazi Jews 259 78 410 747 2.18% North America 0.037195202 1.706
A'Lit;ifsan 10,898 3770 11,227 25,895 75.58% - 1188292598  1.572244874¢
Total 14253 5,123 14,386 34,262 100% - - 1.64606374¢
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Table A-2. Penetrance estimation of the LRRK2 p.Gly2019Ser variant for Parkinson’s Disease across populations sampled in case study 1

Population specific penetrance estimates were made only for those with at least 5 people harbouring LRRK2 p.Gly2019Ser in both the familial and sporadic states. Lifetime disease risk,
P(A)P°P, was 1/37 (0.027) in all calculations; the proportions familial, P (F|A), and sporadic, P(S|A), were respectively 0.105 and 0.895. The familial and sporadic states were modelled in all
included populations. Penetrance was also modelled using the unaffected state in only the North African Arabic and Ashkenazi Jewish populations because the variant was sparse in all control
samples — occurring predominantly in these two groups. As the variant count was low in the unaffected state for all joint population estimates, we conducted estimates using all states
modelled for the All European ancestry and Total Worldwide samples only; these analyses were conducted using the main dataset (Healy et al., 2008) and repeated with variant frequency for

the unaffected state estimated using the larger sample of the gnomAD v2.1.1 (controls) database (Karczewski et al., 2020).

afstimated using Total Fertility Rates described for each population in Table A-1; ® Derived per Equation 4-9; F=familial, S=sporadic, U=unaffected (controls); 9Step 4 penetrance estimates are
shown; eRate of sporadic disease has been calculated here because the familial state is not represented; f{Unaffected variant frequency estimated from the gnomAD v2.1.1 (controls) sample,

using the full sample for total worldwide and the European (non-Finnish) sample for all European ancestry; 95% Cl = confidence interval.

North
American 1.706 0.0267 F,S 0.267 (0.174,0.361) 0.436(0.277,0.596)  0.389 (0.23, 0.551)

0.0310 0.00998 2.027x10*4
(white) (45/1450) (26/2606) (1/4934)

Italian and 0.0411 0.0147  9.615x10%

Sardinian  (26/633)  (37/2516)  (1/1040)

0.0495 0.0273

Individual (14/283)  (22/806)

population Portugtese 0.141 0.0410
estimates g (12/85)  (13/317)

1.29  0.0266 F,S  0.247(0.155,0.339) 0.502 (0.311,0.694) 0.447 (0.255, 0.641)

Spanish 0(0/544) 126  0.0262 F,S  0.175(0.080,0.270) 0.361(0.159,0.562) 0.304 (0.107, 0.506)

0(0/100) 1.420  0.0257 F,S  0.288(0.135,0.441) 0.544 (0.246,0.852) 0.494 (0.197, 0.804)

F,5U  0.064(0.036,0.092) 0.185(0.135,0.227) 0.166 (0.116, 0.208)
North African  0.3566 0.3929 000541 o0 ool F,S  0.096(0.062,0.130) 0.097 (0.060, 0.135) 0.075 (0.037, 0.113)
Arabs (51/143) (22/56) (4/739) ' ' F,U  0.161(0.026,0.297) 0.244(0.101,0.333) 0.226 (0.081, 0.316)

S,uU 0.643 (0.407, 0.880)¢  0.513 (0.254,0.857) 0.506 (0.241, 0.856)
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F,5,U  0.063(0.012,0.115) 0.254 (0.103, 0.355) 0.223 (0.072, 0.323)
Ashkenazi 0.282 0.0965 0.00976 F, S 0.255(0.158, 0.353) 0.416 (0.249, 0.582) 0.373(0.207, 0.541)
1.706  0.0242
Jews (22/78) (25/259) (4/410) F,U 0.078 (0.003, 0.152)  0.232 (0.050, 0.317) 0.203 (0.019, 0.289)
SU  0.197(0.032,0.363)¢ 0.127(0.018,0.263) 0.106 (0.001, 0.246)
North
0.0274 0.00809  1.136x10*
European (70/2556)  (53/6549)  (1/8804) 1.687  0.0268 F,S  0.284(0.212,0.356) 0.469 (0.346, 0.592) 0.422 (0.298, 0.546)
ancestry
South
0.0461 0.0177 4.127x10*4
European (56/1214) (77/4349)  (1/2423) 1.314  0.0265 F,S  0.234(0.173,0.295) 0.468 (0.343,0.593) 0.412 (0.288, 0.539)
ancestry
F,S,U 0.170(0.092,0.249) 0.468 (0.328,0.587) 0.432(0.293, 0.552)
1.781x10% > oo F,S  0.247(0.202,0.292) 0.429 (0.348,0.509) 0.379 (0.299, 0.461)
1.57 .0267
(2/11227) F,U  0.354(0.034,0.673) 0.494(0.167,0.709)  0.466 (0.133, 0.69)
All European 0l0334 e S,U  0.625(0.297,0.952)¢ 0.547 (0.212,0.950)  0.538(0.191, 0.95)
ancestry (126/3770) (130/10898) 4.677x10* F,S,Uf 0.113(0.071,0.155)  0.37(0.285, 0.443)  0.334 (0.249, 0.408)
Joint (10/21383)
Rt F,S  0.247(0.202,0.292) 0.429 (0.348,0.509) 0.379 (0.299, 0.461)
population 1.572 0.0267
estimates (Karczewsk F,Uf 0.172(0.081,0.264)  0.35(0.247,0.428)  0.32(0.215, 0.399)
ietal.,
2020) s,uf 0.388(0.235,0.541)¢  0.293 (0.161, 0.45)  0.275 (0.138, 0.438)
F,S,U 0.098(0.059,0.137) 0.332(0.251,0.402) 0.297 (0.216, 0.366)
7.389x104 16 0.0266 F,S  0.268(0.229,0.307) 0.450(0.382,0.517)  0.402 (0.334, 0.47)
1.64 .
(11/14886) F,U  0.134(0.064,0.204) 0.304(0.216,0.370) 0.273 (0.183, 0.341)
Total 0.03923 0.01255 S,U 0.297(0.170, 0.424)¢ 0.209 (0.110, 0.324)  0.188 (0.086, 0.307)
Worldwide  (201/5123) (179/14253) 485,10 F,S,Uf 0.117 (0.089, 0.145) 0.368 (0.315, 0.416)  0.332(0.28, 0.38)
R xX1U"
30/54699 F,S  0.268(0.229,0.307)  0.45(0.382,0.517)  0.402 (0.334, 0.47)
(Ref (/Karczewski) 1646 00266
: F,Uf 0.173(0.118,0.227) 0.342(0.287,0.389)  0.312 (0.256, 0.36)
et al., 2020)
S,Uf  0.363(0.273,0.452)¢ 0.266 (0.189, 0.351)  0.248 (0.168, 0.336)
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Table A-3. Penetrance estimation for heterozygous inheritance of widely-described SOD1 variants

Variant frequencies are estimated using the ALS Variant Server (ALS Variant Server) for the familial state, the Project MinE database (van der Spek et al., 2019) for the sporadic state and the

European (non-Finnish) population of the gnomAD v2.1.1 (control) database (Karczewski et al., 2020) for the unaffected state.

aThe number of people heterozygous for the tested variants; sample size = the number of people sequenced for variants at this locus; ®Proportion sporadic is defined as 1 — proportion familial
(P(S|A) = 1 — P(F|A)); cEstimated based on Total Fertility Rates for the European Union region in 2018 (World Bank, 2020); “Derived per Equation 4-9, letting unaffected variant frequency
equal 0 for p.Ala5Val and p.lle114Thr, and familial variant frequency equal 0 for p.Asp91Ala; eF=familial, S=sporadic, U=unaffected; The familial disease rate estimate is truncated to 1 as the
upper 95% confidence interval bound exceeds the highest possible frequency; 9p.Asp91Ala is most frequently associated with autosomal recessive ALS presentations, we have modelled the
penetrance of its autosomal dominant form only; "Rate of sporadic disease has been calculated here because the familial state is not represented — no occurrences of the SOD1 p.Asp91Ala

variant are reported in the ALS Variant Server. hStep 4 penetrance estimates are shown.

0.006222 0.000229

pAIRSVal 100 (1/4366) - 0.0025 0.050 1.543  0.0025 FS 0.588 (0.081, 1) 1(0.133,1)  1(0.128,1)
-5
p.Asp91Alad - ?;322962? (3(3)'/023?:3) 0.0025 0.050 1.543  0.0025 S,U  1.59x1073(0.000, 0.003)" 3)'93’;1;1) ?60%(;
0.01491 0.001374 0.648 0.644

p.lle114Thr = 0.0025 0.050 1.543 0.0025 F,S 0.364 (0.149, 0.578)

(17/1140) (6/4366) (0.255, 1) (0.25, 1)
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Table A-4. Estimation of the incidence of amyotrophic lateral sclerosis relative to frontotemporal dementia among people of

European ancestry who harbour the pathogenic hexanucleotide GGGGCC repeat expansion of the C9orf72 gene (C9orf72FE)

Calculations are shown with respect to mathematical notation assigned to each row:

9E = (C x B) + (D x (1 — B));

bF = E X 4;

G = Furs/Frrop-

Phenotype Mathematical
ALS FTD notation
I . 1/400 (Alonso etal.,  1/742 (Coyle-Gilchrist et
Lifetime risk (1/N) 2009) al,, 2016) A
0.05 (B tal., 2011; 0.30 (T t al.
Familial disease rate (freq.) (Byrne etal, ’ (Turner etal., B
Published Turner et al., 2017) 2017)
data C9orf72%E rate in familial ~ 0.32 (Marogiannietal., 0.248 (Majounie et al., c
state (freq.) 2019) 2012)
C9orf72% rate in sporadic  0.05 (Marogianni etal., 0.060 (Majounie et al., b
state (freq.) 2019) 2012)
Overall C90rf727¢ rate (freq.) 0.064 0.116 =
) Rate of C9orf72Ff and
Estimated  phenotype in population 1.588x10* 1.568x10*4 Fb
value (freq.)
Incidence relative to FTD
among people harbouring 1.012 - G*

C9orf72RE
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Table A-5. Comparison of unadjusted penetrance estimates derived for the case studies presented in Table 4-2 between the

lookup table and maximume-likelihood approaches

aAll penetrance estimates take into account residual risk g, calculated in accordance with Equation 4-9; bF=familial,

=sporadic, U=unaffected (controls); ‘Approach is described in Appendix A.1.2.1; “Adjusted penetrance estimates were

derived from unadjusted lookup approach estimate, but are representative of both methods. PD = Parkinson’s disease, PAH

= pulmonary arterial hypertension, ALS = amyotrophic lateral sclerosis, C9orf72RE = the pathogenic C9orf72 GGGGCC

hexanucleotide repeat expansion.

Unadjusted penetrance estimates

Residual 9 fid i |)a Adjusted
Case Data disease States (95% Confidence interval) penetrance
study subset riske modelled® Lookup aporoach Non-Linear (95% Confidence
Papp Minimisation¢ interval) @4
s 0.338 (0.256, 0.338 (0.256, 0.334 (0.249,
L RRKS 0 0.407) 0.407) 0.408)
r0105 - 0.393 (0.319, 0.393 (0.319, 0.379 (0.299,
P- European ! 0.464) 0.464) 0.461)
forPD — hcestry 9267 0.319 (0.218 0.319 (0.218
(Healy et ¥ F,U : - ' “*%0.32(0.215, 0.399)
i 0.393) 0.393)
7 - 0.257 (0.129, 0.257 (0.129, 0.275 (0.138,
' 0.414) 0.414) 0.438)
All
variants 0.33 (0.289, 0.33 (0.289, 0.309 (0.267,
Evans et R . .35
( 0.0401 F,S 0.369) 0.369) 0.352)
al., 2016)
All
variants oo r 0.237 (0.144, 0.236 (0.144, 0.212 (0.121,
spry | (Aldred et 0.326) 0.326) 0.305)
; al., 2006)
variants Small
BRI 0.25 (0.133 0.249 (0.133
(Aldred et 00413 FS el e 0.225 (0.11, 0.343)
al., 2006)
Large
(st'rae';tzt 0.0475 FS 0.162 (0,0.363)  0.162(0,0.363)  0.138 (0, 0.345)
al., 2006)
soD1 . 0.746 (0.626, 0.746 (0.626,
it Asian  0.00243 FS - - 0.826 (0.661, 1)
for ALS
(Z.-Y. Zou 0.656 (0.49, 0.656 (0.49, 0.701 (0.491,
etal, [ F,S 0.809) 0.809) 0.926)
2017)
C9orf72"E _ 0.278 (0.019, 0.278 (0.019, 0.258 (0.011,
for ALS Asian 0.00247 F, S 0.511) 0.511) 0.518)
(Marogia
445 (0.37 445 (0.37
nnietal., European 0.00234 F,S B8 (B2, DA (05575, 0.439 (0.358, 0.52)

2019)

0.514)

0.514)
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Table A-6. Direction of change in R(X)°’s and penetrance estimates according to increases in variant frequency and

weighting factor inputs

aF=familial, S=sporadic, U=unaffected (controls), A= affected.

Variant frequency in

familial state (M) T T T ) )
Variant frequency in

sporadic state (M) v v i T )
Variant frequency in

unaffected state (My) v v v v

Variant frequency in ) ) ) ) 2
affected state (M)
Familial disease rate

0 0 0 -

(P(F1A) v
Probability of a person
in population being 4p - T T T

affected (P(A)P°P)
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Appendix B. Chapter 5 supplementary materials

Appendix B.1. Supplemental methods

Appendix B.1.1. Estimating analytical validity: sensitivity and specificity

Test performance parameters were defined based on the benchmarking estimates of state-
of-the-art tools for analysis of next generation sequencing data. We estimated the
probability of a positive test result given the presence of a genetic marker, P(T/M) (a.k.a.
sensitivity, true positive rate, recall), and the probability of a negative test result given the
absence of a genetic marker, P(T’|M’) (a.k.a. specificity, true negative rate, selectivity).
Benchmarking papers we identified provided two performance estimates directly, P(T/M)
and the probability of mutation given a positive test, P(M[T) (a.k.a. precision, positive
predictive value). Therefore, to derive specificity, we first calculated the false positive rate,

P(T|M’), exploiting that

Equation B-1
P(T|M
P(MI|T) = AL ~
P(T|M) + P(T|M")

which can be rearranged as

Equation B-2
P(T|M) — P(M|T) x P(T|IM) P(T|M)
P(TIM") = = — P(T|M).

P(T|M’) can then be used to determine specificity:

Equation B-3

P(T'|M") =1—-P(T|M").
Table B-1 presents performance estimates for tools specialised for genotyping various types

of genetic variation in sequence data.
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Table B-1. Performance benchmarks of next generation sequencing tools specialised for genotyping different types of

variants

*Derived per Equation B-2 and Equation B-3.

Tool Variant type Sensitivity Precision Specificity”
- - P(T[M) P(MIT) P(T"|M’)
Dragen Pipeline v3

(Illumina, 2019) Single nucleotide variant 99.96% 99.95% 99.95%
D Pipeli

(rﬁﬁjer:in;ngnlz\)/?’ Insertion or deletion (small) 99.62% 99.71% 99.71%
ExpansionHunter

(Dolzhenko et al.,  Short tandem repeat expansion 99% 91% 90%

2019)

GRIDSS (Cameron .
Copy number variant - gene

et al., 2017; Kosugi deletion 28.9% 87.6% 95.9%
et al., 2019)
Wham (Kosugi et Copy numbe.r va.rlant - gene 10.20% 57.19% 92.33%
al., 2019) duplication
Appendix B.1.2. Parameter estimates by case study

Several input parameters were defined for each modelled case study scenario:
e P(D), probability of a person having or later manifesting disease D prior to testing
e P(M|D), frequency of marker M among those affected by D
e P(D|M), penetrance, probability of having or later manifesting D for people
harbouring M
e P(T|M), sensitivity (true positive rate) of the testing procedure for detecting M
e P(T'|M'’), specificity (true negative rate) of the testing procedure for identifying the
absence of M
These were estimated with data drawn from published literature and suitable online genetic

databases.

Table B-2 overviews assumptions made across the present case studies and the realities to
which they correspond. Estimates of P(T/M) and P(T’|M’) were specified for each scenario
of the diseases examined according to the variant type in the assessed gene which is most
frequently associated with the considered disease and based on the performances reported
in Table B-1. Table 5-1 overviews the final parameter assignments. Below follows a

description of their ascertainment.
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Table B-2. Case study assumptions

Assumption

Reality

The person undergoing genetic screening
will live a normal lifespan

Analytical validity is only imperfect at the
point of variant calling

In recessive diseases, only biallelic
mutations are pathogenic and both
homozygosity and compound
heterozygosity result in equivalent
phenotypes

Variant penetrance is defined for the state

There is no guarantee that a person will live to
the age at which a phenotype would onset
Errors can be introduced at any stage of
sequencing and data processing, including
clerical errors, poor read quality, and incorrect
alignment
Heterozygous inheritance of variants pathogenic
for recessively inherited phenotypes will likely
bear some consequence and compound
heterozygosity may modify disease
presentations
A pathogenic variant may produce
clinicomolecular evidence of disease in the

of disease manifestin . . .
! esting absence of a phenotypic disease manifestation

Penetrance of variants with pleiotropic effects
can be considered according to pathogenicity for
any number of implicated traits

Penetrance is measured only as applied to
the disease named

Appendix B.1.2.1. Huntington’s disease

For the blind screening scenario of the Huntington’s disease (HD) case study, we estimated
that P(D) = 0.00041, 1in 2439, representing the frequency of a pathogenic HTT CAG short
tandem repeat expansion (STRE) of 240 repeat units across people sampled from Scotland,
the United States of America, and British Columbia (Kay et al., 2016). We deemed this a
suitable estimate of P(D) because the HTT CAG expansion at >40 repeat units is fully
penetrant within a normal lifespan and accounts for the vast majority of observed HD cases
(Dorsey & Huntington Study Group, 2012; Langbehn et al., 2004; The U.S.—Venezuela
Collaborative Research Project & Wexler, 2004). The estimate is also comparable to the
frequency of HD cases recorded between 1986-2015 in two Norwegian death registries

(Solberg, Filkukova, Frich, & Feragen, 2018). It is sufficiently precise for the purposes of our

study.

We specified that P(M|D) = 1, letting M represent harbouring an HTT STRE of 240 repeat
units. In reality, a small percentage of people who develop HD harbour expansions of fewer
repeat units, however, as P(D) is defined according to population frequency of 240 repeat
unit HTT CAG expansions it would be inappropriate to define M as less than 1. We similarly

defined that P(D|M) = 1, in line with the definition of P(D) used in this scenario.
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In the targeted testing scenario of this case study, we modelled risk for a person whose
parent harbours the fully penetrant form of this HTT STRE and who has a 0.5 probability of
inheriting an identical variant. Therefore, we adjusted the probability of disease parameter

to P(D) = 0.5.

Sensitivity and specificity for sequencing HTT were based on the performance of
ExpansionHunter (Dolzhenko et al., 2019) for sequencing STREs, P(T|M) = 0.99,
P(T’|M") = 0.90.

Appendix B.1.2.2. Amyotrophic lateral sclerosis
In screening for amyotrophic lateral sclerosis (ALS), P(D) = 0.0033, 1 in 300, representing
the upper-bound of estimated lifetime cumulative risk of ALS (Alonso et al., 2009; Johnston

et al., 2006).

Several scenarios of M were modelled in this case study:

e For the SODI1 (all) scenario, M represents harbouring any SOD1 variant reported
across the familial and sporadic ALS European population sample sets of a large
meta-analysis (Z.-Y. Zou et al., 2017)

e For SOD1 (A5V), M represents harbouring the widely described SOD1 p.A5V single
nucleotide variant (SNV)

e For FUS (all), M represents harbouring any FUS variant reported across the familial
and sporadic ALS European population sample sets of the previous meta-analysis (Z.-
Y. Zou et al., 2017)

e For FUS (ClinVar), M includes any of 21 FUS variants reported as pathogenic or likely
pathogenic for ALS within ClinVar and present within databases of familial and
sporadic ALS (see Table B-3) (ALS Variant Server; Landrum et al., 2018; van der Spek
et al.,, 2019)

e For C9orf72, M represents harbouring a pathogenic hexanucleotide, GGGGCC, STRE

of 230 repeat units within the first intron of the C9orf72 gene
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Table B-3. FUS gene variants recorded in ClinVar (Landrum et al., 2018) as “pathogenic” or “likely pathogenic” for

amyotrophic lateral sclerosis (ALS) and their prevalence in databases of people with familial and sporadic disease

ClinVar variant search performed 24/05/2021. *Occurrence of these variants in people with ALS was estimated based on the
ALS Variant Server (ALS Variant Server), a database of familial ALS, and the Project MinE Data Browser (van der Spek et al.,
2019), a database of sporadic ALS.

Occurrence in ALS

FUS gene variant (Protein ClinVar databases (n/N)'
consequence) - - - — -
Classification Accession Familial Sporadic
c.412_429GGACAGCAGCAAAGCTAT[1] Likely

(p.138_143GQQAQSY[1]) pathogenic VCV000873229.1 i i
€.616G>A (p.Gly206Ser) Pathogenic = VCV000029708.1 - -
¢.646C>T (p.Arg216Cys) Pathogenic ~ VCV000016227.1  1/1005 -
c.1394-2del (-) Pathogenic = VCV000447355.3 - -
€.1394-1G>T (-) Pathogenic = VCV000873230.1 - -
¢.1483C>T (p.Argd95Ter) Pathogenic  VCV000029707.2 1/1012 -
€.1504_1505AG[3] (p.Gly503fs) Pathogenic  VCV000665141.1 - -
€.1509dup (p.Gly504fs) Pathogenic  VCV000933229.1 - -

€.1520G>A (p.Gly507Asp) Pathogenic = VCV000016226.1 - 1/4366
C.1540A>T (p.Arg514Trp) 0 tLr']';eg'ch VCV000803253.1 ; ;
€.1551C>G (p.His517GIn) Pathogenic = VCV000016221.1 - -
c.1553G>A (p.Arg518Lys Pathogenic  VCV000016223.1 - -
¢.1554_1557del (p.GIn518fs) Pathogenic = VCV001073222.1 - -
€.1555C>T (p.GIn519Ter) Pathogenic = VCV000873231.1 - -
¢.1561C>T (p.Arg521Cys) Pathogenic = VCV000016224.1  8/1110 -
¢.1561C>G (p.Arg521Gly) Pathogenic = VCV000016222.3 - -

€.1562G>T (p.Arg521Leu) Pathogenic = VCV000873232.2 - 2/4366

€.1562G>A (p.Arg521His) Pathogenic = VCV000016225.1  2/1106 3/4366
c.1571G>T (p.Arg524Met) Likely: —ycvooos73233.1  1/1123 ;

pathogenic

€.1574C>T (p.Pro525Leu) Pathogenic = VCV000280110.9 4/1126 2/4366

¢.1577A>G (p.Tyr526Cys) Pathogenic = VCV000873234.1 - -

Table B-4 presents estimates of variant frequency, P(M|D), across the ALS case study
scenarios. These estimates were derived as a weighted sum across variant frequency
estimates for people with familial and sporadic ALS (i.e., with and without family disease

history). P(M|D) was estimated as:

Equation B-4

P(M|D) = (P(MID) fgm % 0.05) + (P(M|D)gpor X 0.95),
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letting P(M|D) ¢4, be the familial ALS variant frequency and P(M|D),,, be for sporadic,
and setting 0.05 and 0.95 as weighting factors reflecting that approximately 5% of people

with ALS have a family disease history (Byrne et al., 2011).

Table B-4. Estimates of variant frequency among people with ALS, P(M|D), across ALS case study scenarios

Estimates are based on European ancestry cohorts. 'SOD1 (all), FUS (all), and C9orf72: variant frequency (95% ClI) from
meta-analyses of ALS-implicated genetic variation (Marogianni et al., 2019; Z.-Y. Zou et al., 2017); SOD1 (A5V) and FUS
(ClinVar): variant frequency (n/N) based on number of variants (n) across people sampled (N) in familial and sporadic ALS
databases (ALS Variant Server; van der Spek et al., 2019). For FUS (ClinVar) the estimate aggregates across variants
indicated in ClinVar as pathogenic or likely pathogenic for ALS (see Table B-3) - ‘n’ is the sum of these variant occurrences
respective to each database and 'N’ is the median number of people sampled across variants. For SOD1 (A5V) ‘n’ refers to
people harbouring the p.A5V variant of SOD1. "Derived in accordance with Equation B-4, Equation B-5, Equation B-6,
Equation B-7, and Equation B-8. Cl = confidence interval. P(M|D) = variant frequency in people with ALS; ‘P(M[D)fam’

indicates estimates for people with family disease history and ‘P(M[D)spor” is for people without.

Case study scenario P(M|D)tam® P(M|D)spor P(M|D)" (95% CI)
SOD1 (all) 0.148 (0.115, 0.185) 0.012 (0.007, 0.019) 0.0188 (0.0138, 0.0238)
-5
SOD1 (A5V) 0.00622 (7/1125) 0.000229 (1/4366) 0.000529 (4.43x10°,
0.00101)
FUS (all) 0.028 (0.021,0.035)  0.003 (0.001,0.005)  0.00425 (0.0023, 0.0061)
. 0.00251 (0.00125,
FUS (ClinVar) 0.0153 (17/1108) 0.00183 (8/4366) 0.00377)
o 0.32(0.28, 0.37) 0.05 (0.04, 0.06) 0.0635 (0.0538, 0.0732)

(=30 repeat units)

We additionally calculated 95% confidence intervals for each P(M /D), P(M|D)%>%¢! by
propagating the uncertainty in P(M|D) ¢qm spor (Hughes & Hase, 2010). For this, we first
calculated the 95% margin of error, E, for P(M|D) ¢4m spor - When estimating P(M /D) based
on existing estimates of P(MID)fam,Spor with accompanying 95% confidence intervals, this

is:

Equation B-5
Epupy; = P(M|D); — P(M|D)7>"!ower,
letting i represent either the familial or sporadic states and P(M|D)?3%!°¥¢" denote the
lower bound 95% confidence interval of P(M|D);. When estimating P(M|D) based on the

number of variants in a sample of size N, then this was derived based on the standard error

for a proportion p,
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Equation B-6

p; X (1—p;)
Epguioy, = [ g X 196,

multiplying by 1.96 to convert from standard error to the 95% margin of error.
EP(M|D)famspor can then be summed in quadrature, weighted by the constants from

Equation B-4, to obtain E in P(M|D):

Equation B-7

2 2
Epmpy = (EP(M|D)fam X 0-05) + (EP(M|D)Spm_ X 0.95) ,
from which confidence intervals for P(M[D) can be obtained:

Equation B-8

P(M|D)95%CI = P(M|D) EP(M|D)'
Penetrance, P(D|M), was estimated for the SOD1 (all), FUS (all), FUS (ClinVar), and C9orf72
ALS case study scenarios with the adpenetrance approach described in Chapter 4. This was
selected because the modelled markers are all rare in the population and the approach can
provide population-based penetrance estimates for rare variants while avoiding the
ascertainment biases inherent when examining the distribution of a variant between people
affected and healthy controls. In the original publication describing this method, we
previously estimated penetrance for some of the present case study scenarios: P(D|M) =
0.701 (95% CI: 0.491,0.926) for SOD1 (all), and P(D|M) = 0.439 (95% CI: 0.358,0.520)
for C9orf72. Table B-5 presents derivation of new penetrance estimates for this study: For
FUS (all) we estimated that P(D|M) = 0.579 (95% CI: 0.291,0.884) and, for FUS (ClinVar)
P(D|M) = 0.536 (95% CI: 0.211,0.877).
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Table B-5. Estimation of penetrance for FUS variants within the adpenetrance approach based on variant frequencies in

people with familial and sporadic ALS

The approach of adpenetrance is described in Chapter 4. FUS (all) denotes any FUS variant identified in people with ALS
from a European population (Z.-Y. Zou et al., 2017); FUS (ClinVar) indicates FUS variants identified as pathogenic or likely
pathogenic for ALS within the ClinVar database and occurring in familial and sporadic ALS databases (see Table B-3; Table
B-4) (ALS Variant Server; Landrum et al., 2018; van der Spek et al., 2019). "FUS (all): variant frequency (95% Cl) from
previous meta-analysis; FUS (ClinVar): variant frequency (n/N) based on number of variants (n) across people sampled (N)
in familial and sporadic ALS databases - ‘n’ is the sum of these variant occurrences respective to each of the familial and
sporadic ALS databases and 'N’ is the median number of people sampled across variants. adpenetrance parameter settings:
Estimates account for approximately 0.0033 probability of developing ALS among people not harbouring the variant
(denoted g). The rate of first-degree family history for ALS is set at 0.050 (Byrne et al., 2011), and average sibship size is
estimated at 1.543, the Total Fertility Rates reported for the European Union region in 2018 (World Bank, 2020). Cl =

confidence interval.

Familial disease
rate among people
harbouring the

ALS case study Variant frequency Variant frequency . Penetrance
scenario in familial state’  in sporadic state® varlarl.t across (95% Cl) &
familial and
sporadic states
(95% ClI)
- P(M | D)tam P(M | D)spor = P(D|M)

FUS (all) 0.028 (0.021, 0.003 (0.001, 0.329 0.579
0.035) 0.005) (0.172,0.487) (0.291, 0.884)

. 0.306 0.536
FUS (ClinVar) 0.0153 (17/1108) 0.00183 (8/4366) (0.128, 0.484) (0.211, 0.877)

P(D|M) was estimated as 0.91 for SOD1 (A5V) based on previous figures (Cudkowicz et al.,
1997). This estimate was taken in preference to one obtained via adpenetrance because of
high uncertainty in the SOD1 p.A5V penetrance estimate (1 (95% Cl: 0.128, 1)), reflecting its
low frequency among the sporadic ALS sample; occurring in only 1 person. The two

estimates do, however, correspond.

Sensitivity and specificity were defined for the SOD1 (all), SOD1 (A5V), FUS (all), and FUS
(ClinVar) scenarios according to the performance of the Dragen Pipeline v3 (lllumina, 2019)
for sequencing SNVs: P(T|M) = 0.9996, and P(T’|M’) = 0.9995. This reflects that the ALS-
associated risk variants represented in these genes are predominantly SNVs (Abel et al.,

2012; Lattante, Rouleau, & Kabashi, 2013).
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For the C9orf72 marker, we modelled two testing scenarios: (1) genetic screening with
sensitivity and specificity defined by performance of ExpansionHunter (Dolzhenko et al.,
2019) for genotyping STREs, P(T|M) = 0.99, P(T’|M’) = 0.90. (2) using repeat-primed
polymerase chain reaction with amplicon-length analysis (Akimoto et al., 2014) as a
secondary test to validate a positive NGS screening result from scenario 1. In the second
scenario P(D) = 0.0052, which is the probability of disease given a positive test result from
scenario 1, and sensitivity and specificity are determined by performance of the secondary

testing protocol (Akimoto et al., 2014): P(T|M) = 0.95, P(T’|M") = 0.98.

Appendix B.1.2.3. Phenylketonuria

In screening for phenylketonuria (PKU), P(D) = 0.0001, 1 in 10,000, representing the
approximate birth prevalence of PKU observed in the United States of America and United
Kingdom (Hillert et al., 2020). Established metabolic screening protocols use Tandem Mass
Spectrometry to test for elevated phenylalanine concentration (>150umol/L) in the dried
bloodspots of neonates, with confirmatory diagnosis given at phe >600umol/L (Schulze et
al., 2003). This metabolic protocol has an estimated sensitivity, P(T),.:|D), of 1 and
specificity, P(Tpe:|D"), of 0.9995 for detecting PKU. Letting P(D) = 0.0001, the probability

of disease given a positive metabolic test result, P(D|T,,.;), can therefore be estimated:

Equation SB-9

POIT....) = P(D) X P(Tpe|D) o1
T P(Tiee D) X P(D) + (1 = P(TieelDD) x (1= P(D))

PKU is caused by variants in the PAH gene and has an autosomal-recessive inheritance
pattern. Over 50% of PAH genotypes associated with PKU are unique to a particular person
(Hillert et al., 2020) and the pathogenicity of such variants would be impossible to establish
if identified within a genetic screening without further data. Accordingly, we defined M as
the state of being homozygous or compound heterozygous for any of the three most
common PAH variants in European ancestry populations of people with PKU, each of which
is classified as pathogenic within ClinVar (Landrum et al., 2018). These PAH variants and
their respective allele frequencies, AF, among people with PKU are: p.Arg408Trp (AF =
0.637), c.1066-11G>A (AF = 0.11), and p.Arg261GIn (AF = 0.11). Their summed allele
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frequency is 0.857. Per the Hardy-Weinberg equilibrium, if ¢ = 0.857, then g = 0.734449,
which was taken as P(M /D).

P(D|M) was calculated for this PAH marker using a Bayesian approach (Benn et al., 2018;
Kirov et al., 2014; Minikel et al., 2016), where:

Equation B-10

P(D) x P(M|D) _ P(D) x P(M|D)
P(M) ~ P(D) x P(M|D) + (1 —P(D)) x P(M|D")’

P(D|M) =

letting P(M) represent the total probability of a person harbouring marker M and P(M[D’)
be the probability of M among people without the disease; in rare diseases, P(M|D') = P(M).
This method was selected because the required input parameters can be readily derived

and the approach used for the ALS case study is only suitable in autosomal dominant traits.

The probability of having the marker given no disease, P(M|D’), was determined from the
allele frequencies of the three variants in the European (non-Finnish) population of the
gnomAD v2.1.1. (control) database (Karczewski et al., 2020): p.Arg408Trp (AF = 0.002071),
€.1066-11G>A (AF = 0.0004557), and p.Arg261GIn (AF = 0.0004556). Their summed AF is
0.0029823. Therefore, if g = 0.0029823, then g% = 0.00000889411329, which was taken
as P(M|D’). Per Equation B-10, this was applied alongside the previously determined
estimates of P(D) and P(M|D) to calculate P(D|M) = 0.8919914195.

Sensitivity and specificity were defined in this case study according to the performance of
the Dragen Pipeline v3 (lllumina, 2019) for sequencing SNVs: P(T|M) = 0.9996, and
P(T’'|M") = 0.9995.
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Appendix C. Chapter 6 supplementary materials

Appendix C.1. Supplemental methods

Appendix C.1.1. Analysis of gene expression and methylation data
Gene expression analysis
The processing pipeline used to generate the raw counts expression matrix is available at

https://github.com/rkabiljo/RNASeq Genes ERVs. Briefly, paired FASTQ files were

interleaved using BBMap reformat v38.18.0 under default options before adapters were
right-clipped and both sides of each read were quality-trimmed with BBMap bbduk
v38.18.0. Interleaved files were aligned to hg38 using STAR v2.7.10a (Dobin et al., 2012)
before transcripts were quantified using HTSeq (Anders, Pyl, & Huber, 2014). Differential
expression between assigned classes was performed using DESeq2 (v4.1.1) (Love, Huber, &
Anders, 2014), controlling for sex, age at death, post-mortem delay, RNA integrity number,
and surrogate variables. The scripts used to generate this is available at

https://github.com/rkabiljo/DifferentialExpression _Genes. Multiple testing correction of

differential expression results was performed using independent hypothesis weighting, with

an adjusted p-value of <0.05 denoting significance.

Gene enrichment analysis

Gene enrichment analysis was performed using gprofiler2 (v0.2.1) (Kolberg, Raudvere,
Kuzmin, Vilo, & Peterson, 2020) and the following databases: Gene Ontology (Biological
Process (GO:BP), Molecular Function (GO:MF) and Cellular Component (GO:CC)), Kyoto
Encyclopedia of Genes and Genomes (KEGG), Reactome, CORUM, TRANSFAC and
miRTarBase. The default g:SCS algorithm was used to assess significant enrichments, with
the brain expressed gene expression matrix (~34,000 genes) used as a custom gene

background.

Cell composition analysis

Cell composition analysis was performed using BRETIGEA (v4.1.3) (McKenzie et al., 2018),
under default options. Differences in composition between clusters, based on singular
decomposition values for each cell type, was compared using the Wilcoxon rank-sum test,

with p-values <0.05 denoting significance.


https://github.com/rkabiljo/RNASeq_Genes_ERVs
https://github.com/rkabiljo/DifferentialExpression_Genes
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Biological age analysis

Transcriptional age was estimated from the expression data using RNAAgeCalc (Ren & Kuan,
2020). Biological age was estimated from the methylation beta-value matrix using
CorticalClock (Shireby et al., 2020). Methylation- and transcriptional-based age were both
subtracted from the chronological age of each sample, which corresponds to the age of
death recorded in the KCL Brain Bank. Differences in omics-based age between clusters was

assessed with independent samples t-test, with a p-values <0.05 denoting significance.

Appendix C.1.2. Prediction of cluster membership using baseline data

Random forest and eXtreme Gradient Boosting classification algorithms were trained to
predict class membership. Feature importance was evaluated across each trained algorithm
based on SHapley Additive exPlanations (SHAP) (Covert & Lee, 2021; Lundberg & Lee, 2017).
In a multi-class algorithm, SHAP values can be determined for each level of the multiclass
outcome variable and indicate feature importance for predicting a certain group relative to
all other groups. A binary classification objective must be used to evaluate feature

importance for predictions distinguishing between two specific groups.

Accordingly, a total of 12 machine-learning algorithms were trained. Six algorithms were
trained with a multiclass objective, across all classes with sufficient data available in the 3
defined data configurations and two machine-learning approaches applied. A further 6 were
trained with a binary classification objective, restricting to people in Classes 1 and 2 only for

the 3 data configurations and two machine-learning approaches.

We evaluated the performance of the multiclass objective algorithms only as the primary
objective was the classification across all clusters. Algorithms trained with both the
multiclass and binary objectives were evaluated for the secondary investigation of feature

importance.
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Appendix C.1.2.1. Machine-learning algorithm training procedure

Only people with no missingness on included features were used when training the
algorithms. Therefore, the total sample size under the multiclass (binary) objective was
12,508 (11,109) for data configuration 1, and 3,226 (2,990) for data configurations 2 and 3.
For data configurations 2 and 3, Class 5 was excluded from the multiclass objectives as

fewer than 20 people in the class remained in the sample.

The clinical diagnosis variable was entered into algorithms using one-hot encoding to
represent each level across 3 binary features. Diagnostic delay was, as for other analyses,

standardised per-country. No other variables were recoded.

Classification algorithms were trained using caret (v6.0.93) (Kuhn, 2022), randomForest
(v4.7.1.1) (Liaw & Wiener, 2002), and xgboost (v1.7.1.1) (T. Chen et al., 2022) R packages.
Training was primarily performed within the caret train function, to maximise the area
under the receiver operating characteristic curve (AUC), as calculated within the
multiClassSummary function for the multiclass objective and within the twoClassSummary
function for the binary objective (where the metric is labelled ‘ROC’). Class weights in each
set of training data were passed to the algorithm to account for class imbalance. Algorithms

were trained with 10-fold cross-validation, repeated 10 times.

Repeated cross-validation folds were generated via the caret createMultiFolds function
which uses stratified subsampling across the groups. The cross-validation resamples were
regenerated for each stage of parameter tuning with a different fixed seed to ensure

pseudo-randomisation replicability.

Random forest tuning
Random forests were tuned via grid-search (see Table C-12 for the best hyperparameter
configuration), using the hyperparameters ntrees, nodesize, and mtry (Probst, Wright, &

Boulesteix, 2019).

The ntrees hyperparameter was tested at two values, 501 and 1001. This was done to

ensure that setting 501 trees was sufficient for classification such that further increases to
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the number of trees did not substantially improve performance. nodesize indicates the
minimum number of observations in the terminal node and was tested at all integers
between 1 (the default) and 40. The mtry values tested varied by model, ranging between
mtry = 1 and mtry = Nfegiyres- Therefore, in the clinical data only forests, mtry was
tested at every integer between 1 and 7, and in the forests combining clinical and genetic

features, every integer between 1 and 17.

eXtreme Gradient Boosting tuning

eXtreme Gradient Boosting algorithms were tuned with the xgbTree classifier via a multi-
step grid-search (see Table C-12 for the best hyperparameter configuration), tuning the
hyperparameters max_depth, min_child_weight, gamma, subsample, colsample_bytree,
eta, and nrounds. Multiclass objectives were trained with the multi:softprob setting, and

binary:logistic was used for binary objectives.

In eXtreme Gradient Boosting, it is important to control the number of boosting iterations,
the nrounds parameter, performed by the model at a given learning rate, eta, to avoid
overfitting to the training sample. Therefore, before the first grid search step, we
determined an appropriate nrounds for the given data at a reasonably high learning rate
(eta = 0.3). This was performed using the xgboost package xgb.cv function and the option
for early stopping after further iterations no longer improve model performance in the out-
of-fold test data. We set this to stop after 50 rounds with no improvement in AUC as
calculated by xgb.cv across the 10-fold cross validation dataset and compared the optimum
nrounds across the 10 resamples, using the 3 Quartile nrounds, rounded up to the nearest
integer, across resamples for the subsequent grid search steps: nroundsii. The other
parameters were set to their defaults: max_depth = 6, min_child_weight = 1, gamma = 0.0,

subsample = 1, colsample_bytree = 1.

We next tuned the tree-based parameters (max_depth, min_child_weight, and gamma) via
grid search within the caret package train functionality, holding subsample and
colsample_bytree at their defaults and using eta = 0.3 and nrounds = nroundsin;. Initial grid
search was performed across the values: max_depth =[5, 6, 7, 8, 9, 10], min_child_weight =

[1,2,3,4,5, 6], gamma =[0.0, 0.1, 0.2, 0.3, 0.4]. If an optimum parameter value was



Appendix C. Chapter 6 supplementary materials 215

identified at the edge of the grid search (and not at the limit for that parameter) a smaller
subsequent search was performed, recursively extending any applicable parameters by

several additional steps outside the values tested until the optimum was found.

The parameters subsample and colsample_bytree were next trained using the train
function, taking the initial values of [0.6, 0.65, 0.70, ..., 1] for each, setting eta = 0.3 and
nrounds = nroundsinit, and lastly max_depth, min_child_weight, and gamma to the optimum
values identified prior. As before, the grid search was recursively adjusted when optimum

parameters were found at the edge of the grid search.

Finally, the parameters eta and nrounds were tuned together in a 2-step process, holding all
other parameters at the optimum determined prior. First, using xgb.cv and the early
stopping functionality as before, we determined the optimum number of nrounds for each
of eta =[0.01, 0.02, 0.04, 0.06, 0.08, ..., 0.3] as the median nrounds across the 10 cross-
validation resamples rounded up to the nearest integer. Second, for each pairing of nrounds
and eta we assessed in the train function which provided the optimum performance;
recursive grid search adjustment was not performed here. The best tuning parameters at

this stage were accepted as the optimum tuning for eXtreme Gradient Boosting.

Appendix C.1.2.2. Assessment of model performance and feature importance

Metrics of sensitivity, specificity, precision, and balanced accuracy were calculated via the
caret package confusionMatrix function. Receiver operator characteristic curves were
generated and the area under the curve calculated using pROC (Robin et al., 2011). In
multiclass objectives, curves were generated for each group vs all other groups and for all
pairwise group combinations. In binary objectives, a single curve was generated using Class
1 as the reference group and Class 2 as the ‘positive’ value; the other performance metrics

were also encoded in this direction.

Feature importance was determined using SHAP values calculated via the R package
kernelshap (v0.3.3) (Mayer, 2023). In multiclass objective algorithms, absolute mean SHAP
values were estimated for prediction of each outcome category based on classification

probabilities across the full training sample. In binary objectives, absolute mean SHAP values
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were estimated for classification probability across the overall algorithm. A
pseudorandomised subset of approximately 500 records were extracted from the dataset
using stratified sampling via the caret createDataPartition function and supplied as
background data required by kernelshap; class imbalance was accounted for in kernelshap

by weighting these data according to class. SHAP values were visualised using ggplot2.



Appendix C. Chapter 6 supplementary materials 217

Appendix C.2. Supplemental figures

1000 -
929
750
[0}
N
(%]
c
2
5 500
@
2
o
£
250
97
54 39 39,
o ° ¢ 2 1 1
1 Sex_NA -
Hl  Age of onset_NA [ J
Il Disease duration_NA
Il Site of onset_NA [ ] I
I  Diagnostic delay_NA [ ]
L} T T T T
1200 900 600 300 0
Set Size
205
200
186
o 150
N
(%)
- 120
2
g
1] 100
[}
€ 76
50
19
14 12 8
ol . H -
| Sex_NA [ ]
I Age of onset_NA
I Disease duration_NA I
I  Diagnostic delay_NA [
I Site of onset_NA [

T T T T T T
500 400 300 200 100 O
Set Size

Figure C-1. Upset plots for missingness across clinical features used in LCA for the Project MinE (top) and STRENGTH

(bottom) cohorts

Plotting was performed with the R naniar package (v0.6.1) (Tierney, Cook, McBain, & Fay, 2021).
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Figure C-2. Density plot for diagnostic delay across countries for the combined Project MinE and STRENGTH datasets

The two panels display the same data; the left panel visualises the full distribution of diagnostic delay, and the right panel

x-axis is truncated to exclude the final decile of records. Table C-1 presents mean and standard deviations for each country.
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Figure C-3. Accuracy of K-Nearest Neighbours algorithm for predicting class membership in STRENGTH according to number

of neighbours

Points indicate performance for each of 20 runs of the KNN algorithm for each number of neighbours using
pseudorandomised seeds. The line indicates mean performance for each number of neighbours. The hatched vertical line

indicates the configuration with the highest mean predictive accuracy.
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Figure C-4. Distribution of people across clusters of the 5-class models fitted to the discovery (Project MinE) and joint

(Project MinE and STRENGTH) datasets

Project MinE dataset is shown in Panel A and STRENGTH is shown in Panel B. ‘flows’ on the figure indicate the movement of
people between classes across the two models. Percentages shown indicate the proportion of people in a given class who
remained in the equivalent class for the model fitted to the opposing dataset (e.g., for Panel A, 88.8% of people from Class 1
of the discovery dataset model remained in Class 1 of the joint dataset model). Plotting was performed using ggsankey

(v0.0.99999) (Sjoberg, 2022).
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Figure C-5. Distribution of people and clusters across the first two linear discriminant analysis axes when restricting to

people with non-censored disease duration

LD1 is highly correlated with diagnostic delay, while LD2 is associated primarily with disease duration (see Table C-6).
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Figure C-6. Distribution of people and clusters across the first two discriminant analysis axes, stratified by country of origin

LD1 is highly correlated with diagnostic delay while LD2 is associated primarily with disease duration (see Table 6-3).
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Figure C-7. Receiver operating characteristic curves for random forest and eXtreme Gradient Boosting algorithm predictions

of class membership using only clinical data available around the time of diagnosis across all people with complete clinical

data

Panels along the plot-diagonal (displayed with background shading) display ROCs for people being in that class versus all

other classes. The upper triangle of panels present ROCs where the class represented in the panel row are considered

controls and the column for the class is the ‘case’ group. Case-control coding is reversed for panels in the lower triangle.

Colour denotes performance of different machine-learning algorithms, with numbers shown representing the area under

the curve for each algorithm in that panel.
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Figure C-8. Receiver operating characteristic curves for random forest and eXtreme Gradient Boosting algorithm predictions

of class membership using clinical data available around the time of diagnosis and measures of genetic disease liability

Panels along the plot-diagonal (displayed with background shading) display ROCs for people being in that class versus all

other classes. The upper triangle of panels present ROCs where the class represented in the panel row are considered

controls and the column for the class is the ‘case’ group. Case-control coding is reversed for panels in the lower triangle.

Colour denotes performance of different machine-learning algorithms, with numbers shown representing the area under

the curve for each algorithm in that panel. Class 5 is excluded from this classification analysis owing to small sample size.
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Figure C-9. Receiver operating characteristic curves random forest and eXtreme Gradient Boosting algorithm predictions of

class membership using clinical data available around the time of diagnosis

This classification algorithm was trained upon the same features as the algorithm presented in Figure C-7, but was

restricted to the same samples that were used in the algorithm presented in Figure C-8. Panels along the plot-diagonal

(displayed with background shading) display ROCs for people being in that class versus all other classes. The upper triangle

of panels present ROCs where the class represented in the panel row are considered controls and the column for the class is

the ‘case’ group. Case-control coding is reversed for panels in the lower triangle. Colour denotes performance of different

machine-learning algorithms, with numbers shown representing the area under the curve for each algorithm in that panel.

Class 5 is excluded from this classification analysis owing to small sample size.
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Figure C-10. SHapley Additive exPlanations (SHAP) of feature importance across trained classification algorithms
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Panel rows stratify between algorithms using ‘Clinical’ features only, and with a combination of ‘Clinical and genetic’ features; the ‘Clinical [full]’ row is trained upon all samples with complete
clinical data, while ‘Clinical [matched]’ uses the same features but is sample matched to the ‘Clinical and genetic’ row. Panel columns stratify feature importance for predictions of probability
of each class individually; the ‘Binary’ column describes distinct algorithms trained to predict Classes 1 versus 2 only. Class 5 is only represented within Clinical [all] algorithms. FTD =

frontotemporal dementia, ALS = amyotrophic lateral sclerosis, PRS = polygenic risk score. SHAP values are calculated for predicted class probabilities and therefore can range between 0 and 1.
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Figure C-11. Comparison of classes from the current latent class model of ALS with the model from a previous study

These data compare people from STRENGTH (N = 5,961). The ‘current’ model, shown on the left, is the accepted 5-class
model trained upon the joint dataset. The 2009 model’, shown on the right, is a 5-class model derived in clinical data a
United Kingdom cohort of people with amyotrophic lateral sclerosis (Ganesalingam et al., 2009). Colouring of the 2009

model column is with respect to the current model class with the largest sample overlap.
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Appendix C.3. Supplemental tables

Table C-1. Mean and standard deviation of diagnostic delay per country of origin across unique samples from Project MinE

and STRENGTH

Diagnostic delay values entered into the latent class model and subsequent analyses were centred on the per-country mean

and scaled by the per-country standard deviation. The values presented for ‘total’ diagnostic delay were derived by

aggregating across the per-country statistics weighted by sample size; these were not used in any analyses.

Region (Iso2c code)

Belgium (BE)
Switzerland (CH)
Spain (ES)
France (FR)
United Kingdom (GB)
Ireland (IE)
Israel (IL)
Italy (IT)
Netherlands (NL)
Portugal (PT)
Sweden (SE)
Turkey (TR)
United States of
America (US)
Total

Number of samples with
measured diagnostic delay

1583
43
348
166
3140
1902
101
1182
3745
59
90
74

338
12771

Mean diagnostic
delay in years

1.111
1.357
1.142
1.123
1.711
1.238
1.191
0.935
1.669
1.695
2.187
1.387

2.035
1.464

1.257
1.298
1.334
0.967
1.461
1.347
1.153
0.779
2.609
1.830
2.872
1.584

2.782
1.872

Standard
deviation
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Table C-2. Summary of number of variants identified in ALS-associated genes and assignment of genes to disease pathways

according to evidence of role in gene products in pathway

Additional pathways relevant to ALS but without any variants assigned are: DNA repair (D), mitochondrial dysfunction (E),

inflammation (F)

Assigned to N Y\”th Supporting evidence for Other pathway
Gene variants . .
Pathway . role in pathway involvement
in gene
(Al Sultan, Waller, Heath,
& Kirby, 2016; Deng et B (Al Sultan et al.,
UBQLN2 = al., 2011; Masrori & Van 2016)
Damme, 2020)
A (Burk & Pasterkamp,
] 2019)
CHMP2B 23 xgiil‘;gsnte;a; / 22%11% | C(Burk & pasterkamp,
pretat, 2019; Chia et al., 2018;
Miiller et al., 2018)
(Al Sultan et al., 2016; .
ERBB4 62 Takahashi et al,, 2013) E (Miiller et al., 2018)
(Al Sultan et al., 2016;
SIGMAR1 17 Fukunaga, Shinoda, & E(F ”ktgggj' etal,
Tagashira, 2015)
. E (Al Sultan et al.,
CHcHpio 22 (Chia "Z’L/ Z%‘j’gj\' 9UYeN " 2016; Chia et al., 2018;
v Nguyen et al., 2018)
A-— DAO 49 (Kondori et al., 2018)
Autophagy (Al Sultan et al., 2016;
and Masrori & Van Damme,
proteostasis OPTN 67 2020; Nguyen et al., F (Chia et al., 2018)
2018; Thakur et al., 2020;
Weishaupt et al., 2016)
SCFD1 47 (lacoangeli et al., 2021)
(Al Sultan et al., 2016;
SQSTM1 Masrori & Van Damme, ,
(p62) 21 2020; Weishaupt et al., G B Cl 20
2016)
(Al. Sulta.n etal, 2016; F (Al Sultan et al.,
Freischmidt et al., 2015; .
, 2016; Chia et al., 2018;
TBK1 96 Masrori & Van Damme, .
Miiller et al., 2018;
2020; Nguyen et al., Nguyen et al,, 2018)
2018) guy ”
UNC13A 55| A B e, 20pa) | CAneElimnEEe,
2017)
] C (Al Sultan et al.,
VAPB 12 (Al Sultan et al., 2016, 2016; Morgan & Orrell,

Nishimura et al., 2004)

2016; Miiller et al.,
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vcp

VEGFA

ANG

ATXN2

FUS

B — RNA
function
hnRNPA1

MATR3

SETX
TAF15

TARDBP

ALS2

C —
Cytoskeletal
dynamics
and axonal
transport

ANXA11

CFAP410
(C210RF2)

(Al Sultan et al., 2016;
Burk & Pasterkamp,
2019; Johnson et al.,
2010; Masrori & Van

Damme, 2020;
Weishaupt et al., 2016)
41 (Lambrechts et al., 2003;
Thakur et al., 2020)
(Al Sultan et al., 2016;
Greenway et al., 2006)

(Elden et al., 2010;
177 Masrori & Van Damme,
2020)

(Al Sultan et al., 2016;
52 Masrori & Van Damme,
2020)

(Kim et al., 2013; Masrori

10 & Van Damme, 2020;
Nguyen et al., 2018)
(Al Sultan et al., 2016;

46 Chia et al., 2018; Masrori

& Van Damme, 2020)
(Al Sultan et al., 2016;

213 Yiice & West Stephen,
2013)
62 (Al Sultan et al., 2016)

(Al Sultan et al., 2016;

23 Kirby et al., 2010)
(Castellanos-Montiel,
104 Chaineau, & Durcan,
2020; Weishaupt et al.,
2016)
67 (Nguyen et al., 2018;
Smith et al., 2017)
73 (Chia et al., 2018; Nguyen

etal., 2018)

2018)
D (Nguyen et al., 2018)

A (Al Sultan et al.,
2016; Chia et al., 2018;
Miiller et al., 2018;
Thakur et al., 2020)

C (Miiller et al., 2018)

A (Burk & Pasterkamp,
2019)

D (Nguyen et al., 2018;
Weishaupt et al., 2016)
E (Al Sultan et al.,
2016)

A (R. H. Brown & Al-
Chalabi, 2017)

A (Burk & Pasterkamp,
2019)
D (Nguyen et al., 2018)

D (Nguyen et al., 2018)

A (R. H. Brown & Al-
Chalabi, 2017)
D (Chia et al., 2018;
Farg, Konopka, Soo,
Ito, & Atkin, 2017;
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53
366

Weishaupt et al.,
2016),

E (Chia et al., 2018)
(Al Sultan et al., 2016;

Burk & Pasterkamp,
2019)
(Castellanos-Montiel et
al., 2020; Marriott et al.,
2022; Weishaupt et al.,
2016)

A (R. H. Brown & Al-
Chalabi, 2017)

D (Chia et al., 2018;
Farg et al., 2017,
Weishaupt et al., 2016)
E (Chia et al., 2018;
Nguyen et al., 2018)

(Chia et al., 2018; Nguyen
etal, 2018)

(Lattante et al., 2018;
Tazelaar et al., 2020)
(Castellanos-Montiel et
al., 2020; Weishaupt et
al., 2016)

(H. Chen, Kankel, Su, Han,
& Ofengeim, 2018; Cirulli
etal., 2015; The UniProt,
2021)

(Castellanos-Montiel et A (Castellanos-Montiel

al., 2020; Weishaupt et B (Case;ejlllc;nig-zla)ontie/
al., 2016)

etal., 2020)
(Al Sultan et al., 2016; A (Burk & Pasterkamp,

Burk & Pasterkamp, 2019)
2019; Orlacchio et al., D (Weishaupt et al.,
2010) 2016)

(Castellanos-Montiel et
al., 2020; Weishaupt et
al., 2016)
(Bunton-Stasyshyn et al.,
2015)
(Balendra & Isaacs, 2018) -
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Table C-3. Comparison of latent class model solutions for the Project MinE and for the Joint datasets
The joint dataset is a combination of unique individuals from Project MinE and STRENGTH. AIC = Akaike information criterion, (a)BIC = (adjusted) Bayesian information criterion
Dataset 1 2 3 4 5 6 7 8 9
Loglikelihood -50036.833 -48440.246 -47557.668 -46908.637 -46502.638 - - - -
AIC 100089.667 96912.492 95163.337 93881.274 93085.276 - - - -
Project BIC 100143.932 97021.022 95326.131 94098.333 93356.6 - - - -
MinE aBIC 100118.51 96970.178 95249.865 93996.645 93229.49 - - - -
(discovery Entropy 1 0.937 0.912 0.787 0.791 - - - -
sample) 415: 109: 318:81: | 3952:2023:
N per class 6523 243: 6280 5999 2096:4028 = 409: 87: 52 ) ) ) )
Lowest
average class NA 0.877 0.802 0.843 0.818 - - - -
probability
Loglikelihood -100154.4 -96218.178 -94005.047 -92337.947 -91200.445 -90418.286 -90000.826 -89507.894 -89228.181
AIC 200324.807 = 192468.356 @ 188058.095 @ 184739.894 | 182480.889 @ 180932.572 | 180113.652 @ 179143.788 @ 178600.362
BIC 200385.38 192589.502 | 188239.814 | 184982.187 | 182783.755 | 181296.011 & 180537.664 | 179628.373 179145.52
aBIC 200359.957 | 192538.655 @ 188163.544  184880.493  182656.638 @ 181143.472 @ 180359.701 @ 179424.987 178916.71
Entropy 1 0.954 0.933 0.82 0.836 0.841 0.79 0.792 0.752
Joint . . . .
7401: 5470: 1260: 329: 1395: 326: 404: 1408: 1254: 4269:
136: 1100: 5400: 108: 55: 16: 3032: 1387:
N per class 14352 524: 13828 1138: 259: 47: 88: 6601: 1263:
13116 717: 8127 84 5346: 7282 | 23 97: 4652 1471: 139: 55: 3798:
’ T 6172: 4687 @ 138:404: 15
Lowest
average class NA 0.926 0.894 0.884 0.879 0.828 0.748 0.738 0.711

probability
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Table C-4. Five-class latent class model solutions when restricting to samples with recorded diagnostic delay and disease

duration

Numbers presented in bold refer to average probability of belonging to the assigned class. "Total percentage of people in

the equivalent classes across the missingness vs full models were: 99.2% for the discovery model; 99.6% for the joint

dataset model.
Dataset of class in
Assigned equivalent
[General class class of full-
statistics] dataset
model *
Discovery 1 99.0
(Project
MinE) 2 99.7
[N =5377; 3 99.3
entropy =
0.850] 4 97.6
5 1
1 99.4
Joint
2 99.9
[N=
12771; 3 99.9
entropy =
0.881] 4 99.6
5 1

Percentage N in class (% of dataset) based
on

posterior
probabilities

3156.30
(0.587)
1699.04
(0.316)

422.66 (0.079)
82.99 (0.015)

16.01 (0.003)

6348.46
(0.497)
4949.39
(0.388)
1153.11
(0.090)

259.75 (0.020)

60.30 (0.005)

most likely
class
membership

3319 (0.617)
1551 (0.288)

408 (0.076)
83 (0.015)

16 (0.003)
6624 (0.519)
4698 (0.368)
1132 (0.089)

257 (0.020)

60 (0.005)

Average posterior probability of
belonging to class

0.908

0.089

0.008

0.923

0.049

0.003

0

0

0.09

0.883

0.075

0.076

0.926

0.084

0.002

0.028

0.909

0.037

0.001

0.025

0.902

0.038

0.007

0.963

0.011

0.961

0.001
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Table C-5. Validation of the Project MinE dataset 5-class model solution using independent data from STRENGTH within a K-

nearest neighbours (KNN) classification algorithm

Class assignments were determined by MPlus, according to the parameters of the 5-class model fitted to the Project MinE
dataset. KNN was trained to predict class membership using the clinical features of LCA. The training dataset for KNN was
complete cases from the Project MinE sample (N=5320), and prediction was for complete cases (N=7188) from STRENGTH.
Area under the receiver operating characteristic curve (AUC) for the KNN model in prediction of each assigned class vs any
other class was consistently high. Numbers presented in bold denote people predictions which align with the assigned class.

The algorithm was applied in R using a fixed seed, and 5 neighbours were considered (see Figure C-3).

. Number of people predicted to belong to class by KNN AUC for KNN
Class assigned ..
by latent class ECLELETC]
v 1 2 3 4 5 assigned class vs
model

other

1 3646 110 5 0 0 0.938

2 300 1907 19 0 0 0.906

3 17 111 770 11 0 0.919

4 0 0 32 209 0 0.932

5 0 0 0 11 40 0.892

Table C-6. Results of linear discriminant analysis after restricting to people with non-censored disease duration

Proportion of trace describes the proportion of the separation between classes accounted for by each linear discriminant
(LD) axis. Pooled within-group correlations greater than 0.5 are presented in bold and are considered variables associated
with a given LD. Reference groups for categorical variables are: ‘not-bulbar’ for site of onset, ‘male’ for sex, ‘ALS’ for clinical

diagnosis. Figure C-5 visualises the distribution of people and classes across the first two LD axes.

Statistic Variable LD1 LD2 LD3 LD4
Eigenvalue - 9548 @ 31.93 3.80 2.16
Proportion of trace - 0.898 | 0.100 | 1.42x103 | 4.59x10*
Diagnostic delay 0.923 -0.375 -0.082 -0.001
Age of onset -0.067 | -0.342  -0.353 -0.580
o Disease duration 0.507 0.800 0.089 -0.084
Pooled within-group Site of onset (bulbar) | -0.073 -0.264  0.475 | 0.177
correlation
Sex (female) -0.012 -0.081  -0.208 -0.214
Clinical diagnosis (PLS) | 0.099 | 0.013 0.699 -0.646

Clinical diagnosis (PMA) | 0.030 | 0.123 -0.268 -0.386
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Table C-7. Results of multinomial regression analysis of all people with no missingness across predictors, including people

with censored disease duration

Class 1 is used as the outcome variable reference category because this is the largest subgroup. Continuous variables were
standardised to have a mean of 0 and standard deviation of 1; diagnostic delay is standardised per-country of origin.
Categorical variable reference categories are: ‘not-bulbar’ for site of onset; “ALS” for clinical diagnosis. Sex at birth (male or
female) was entered into the regression model but removed in stepwise feature selection. ALS = amyotrophic lateral

sclerosis, PLS = primary lateral sclerosis, PMA = progressive muscular atrophy.

Standardised

Class Predictor beta (95% SLELCEIC Z p-value
Confidence Interval) error score
Diagnostic delay 1.18 (0.98, 1.4) 0.104 11 5.05x1073°
Age of onset -0.743 (-0.83,-0.66) = 0.0442 -17 2.83x10°
Disease duration 9.72 (9.3, 10) 0.225 43 0
Site of onset (bulbar) -1.04 (-1.2, -0.88) 0.0849 -12 1.14x1034
Clinical diagnosis (PLS) 2.5(1.8,3.2) 0.344 7.3 4.04x1013
Clinical diagnosis (PMA) 1.44 (1.1, 1.8) 0.179 8.1 7.52x10°16
Diagnostic delay 41.4 (34, 49) 3.96 10 1.50x10%°
Age of onset -0.0527 (-0.5, 0.39) 0.226 -0.23 0.815
Disease duration 11.8 (11, 13) 0.373 32 1.05x10722%1
Site of onset (bulbar) -2.99 (-4, -2) 0.531 -5.6 1.72x108
Clinical diagnosis (PLS) 9.23 (7.2, 11) 1.04 8.9 6.91x10°%°
Clinical diagnosis (PMA) 2.86 (1.4, 4.3) 0.757 3.8  0.000162
Diagnostic delay 87.6 (61, 110) 13.4 6.5 6.25x10°!
Age of onset -1.64 (-3.1, -0.23) 0.72 -2.3 0.0227
Disease duration 12.9 (12, 14) 0.629 21 1.62x10%3
Site of onset (bulbar) -5.92 (-13, 0.69) 3.37 -1.8 0.0791
Clinical diagnosis (PLS) 12.3 (8.3, 16) 2.02 6.1 1.13x10°%°
Clinical diagnosis (PMA) 4.6 (-0.064, 9.3) 2.38 1.9 0.0532
Diagnostic delay 111 (94, 130) 8.33 13 3.38x10™%°
Age of onset -2.87 (-6.5, 0.74) 1.84 -1.6 0.119
Disease duration 12.7 (10, 15) 1.31 9.7 2.95x10%?
Site of onset (bulbar) -11.4 (-51, 28) 20.3 -0.56 0.573
Clinical diagnosis (PLS) 9.24 (-2.7, 21) 6.1 1.5 0.13
Clinical diagnosis (PMA) 0.733 (-16, 17) 8.39 0.087 0.93
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Table C-8. Results of multinomial regression analysis of all people with no missingness across predictors, restricted to

people with non-censored disease duration

Class 1 is used as the outcome variable reference category because this is the largest subgroup. Continuous variables were

standardised to have a mean of 0 and standard deviation of 1; diagnostic delay is standardised per-country of origin.

Categorical variable reference categories are: ‘not-bulbar’ for site of onset; “ALS” for clinical diagnosis, ‘male’ for sex. No

features were dropped from the model within stepwise feature selection.* No person with PMA remained in this class for

this data subsample. ALS = amyotrophic lateral sclerosis, PLS = primary lateral sclerosis, PMA = progressive muscular

atrophy.

Class Predictor

Diagnostic delay
Age of onset
Disease duration
2 Site of onset (bulbar)
Sex (female)
Clinical diagnosis (PLS)
Clinical diagnosis (PMA)
Diagnostic delay
Age of onset
Disease duration
3 Site of onset (bulbar)
Sex (female)
Clinical diagnosis (PLS)
Clinical diagnosis (PMA)
Diagnostic delay
Age of onset
Disease duration
4 Site of onset (bulbar)
Sex (female)
Clinical diagnosis (PLS)
Clinical diagnosis (PMA)
Diagnostic delay
Age of onset
Disease duration
Site of onset (bulbar)
Sex (female)
Clinical diagnosis (PLS)
Clinical diagnosis
(PMA)*

Standardised
beta (95%
Confidence
Interval)
15.6 (12, 19)
-6.8 (-8.2, -5.5)
213 (170, 250)
-10.1 (-12, -8)
-2.09 (-3,-1.2)
41.5 (33, 50)
15.8 (12, 19)
158 (120, 190)
-5.74 (-7.4, -4.1)
219 (180, 260)
-16.9 (-21, -13)
-0.0116 (-2, 1.9)
66.6 (50, 84)
19.5 (14, 25)
193 (150, 240)
-6.95 (-9.6, -4.3)
222 (180, 260)
-19.8 (-27, -13)
0.768 (-3.1, 4.6)
63.1 (41, 85)
26.3 (-21, 74)
200 (160, 240)
-7.23 (-15, 0.93)
222 (180, 260)
-22.1 (-36, -8.4)
0.696 (-11, 12)
52.6 (24, 81)

-23.02 (-)

Standard
error

1.59
0.689
20.2
1.07
0.464
4.23
1.69
18.6
0.85
20.6
2.07
0.99
8.69
2.59
22
1.36
20.8
3.6
1.95
11.3
24.1
22.3
4.16
20.8
7
5.79
14.4

Z-score

9.8
-9.9
11
-9.5
-4.5
9.8
9.3
8.5
-6.8
11
-8.2
-0.012
7.7
7.5
8.8
-5.1
11
-5.5
0.39
5.6
1.1
9
-1.7
11
-3.2
0.12
3.6

p-value

8.06x10%3
5.43x10%
3.33x107%°
3.12x10%
6.48x10°®
1.06x10722
1.05x102°
2.14x10Y
1.45x1011
2.06x107%°
3.64x10°6
0.991
1.83x10%4
6.15x104
1.82x1018
3.43x107
9.74x10%
4.03x10®
0.694
2.10x107°8
0.276
2.76x10°%°
0.0826
1.92x1072%6
1.56x10°03
0.904
2.67x10%
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Table C-9. Summary of cox proportional-hazards model predicting disease duration from onset until death or censoring

using Class and all other clinical features from LCA

Continuous predictors (age of onset and diagnostic delay) were standardised to have a mean of 0 and standard deviation of

1, Diagnostic delay was standardised by country of origin (see Table C-1; Figure C-2). Hazard ratios greater than 1 indicate

association between the variable and shorter disease duration.

Hazard Ratio

Variable Factor Number [95% Inverse Z-score  P-value
Level sampled Confidence hazard ratio
Interval]
1 6547 - - - -
0.010 [0.009, 16
2 4562 0.012] 99.3 68 <2x10
0.011 [0.010, 16
Class 3 1096 0.014] 87.8 -48.8 <2x10
0.016 [0.011, 16
4 248 0.021] 64.6 26.1 <2x10
0.045 [0.024, 6
5 55 0.086] 22 9.46 <2x10
. Other 8736 - - - -
Site of 0.940 [0.899
onset : R ) 2. )
Bulbar 3772 0.983] 1.06 2.7 0.00699
Male 7412 - - - -
Sex 0.925 [0.888,
Female 5096 0.964] 1.08 -3.68  0.000237
ALS 11406 - - - -
Clinical PLS 473 Pt 021, 3.05 -12.4 <2x10°%®
. . 0.391]
diagnosis 0.824 [0.742
PMA 629 0.915] 1.21 -3.63 | 0.000281
Age of
onset in - 12508 1.21[1.18, 0.828 16 <2x10716
1.24]
years
Diagnostic 0.644 [0.610, 16
delay 12508 0.681] 1.55 15.8 <2x10

Table C-10. Results of differential expression analysis between BrainBank samples in Class 1 and 2

log2FoldChange results are for Class 2 (n = 18) relative to class 1 (n = 70). Adjusted P-values (padj) were adjusted via
independent hypothesis weight

Available in Excel workbook: Thesis_TSpargo_ExcelTables.xlsx
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Table C-11. gProfiler gene enrichment results for the top 500 differentially expressed genes between BrainBank samples in
Class 1 and 2

Sample size in class: 1 =70 and 2 = 18. See Table C-10 for differential expression analysis results.

Available in Excel workbook: Thesis_TSpargo_ExcelTables.xlsx

Table C-12. Optimum hyperparameter tuning settings and overall AUC for all machine-learning algorithms trained

Predictions were made based on ‘Clinical’ features only or a combination of ‘Clinical and genetic’ features; the ‘Clinical
[full]’ columns are trained based on samples with complete clinical data, while ‘Clinical [matched]’ uses the same features
but is sample matched to the ‘Clinical and genetic’ column In binary classifications, data were further subsampled to only
people assigned to classes 1 and 2. AUC values shown in bold indicate the best performing model for a given dataset
configuration. Note that the Clinical [full] model describes a multiclass model predicting 5 classes, while the other multiclass
models exclude class 5 owing to small sample size. Therefore, these AUC values cannot directly be compared for the
multiclass models between Clinical [Full] and with Clinical and genetic or Clinical [matched] datasets. Refer instead to the
comparisons shown across Figure C-7, Figure C-8, and Figure C-9. *calculated within the R caret package

multiClassSummary function for multiclass and twoClassSummary for binary objectives.

Algorithm objective

Multiclass Binary (Classes 1 and 2)
Dataset Clinical CI;rr\:;aI Clinical Clinical CI;?:;aI Clinical
[Full] . |[matched]| [Full] . |[matched]
genetic genetic
nrounds 172 65 62 769 234 354
eXtreme max_depth 4 6 6 3 3 2
Gradient eta 0.18 0.1 0.16 0.02 0.02 0.02
Boosting gamma 0 0.1 0.1 0 0.2 0.1
tuning colsample_bytree 1 0.7 0.7 0.7 0.8 0.65
parameters | min child_weight 1 4 4 6 9 1
subsample 1 0.85 0.8 0.95 0.95 0.9
Random ntree 1001 1001 1001 1001 1001 1001
forest tuning nodesize 30 37 32 38 39 40
parameters mtry 4 9 4 3 5 3
: .
Overall AUCT eXtreme Gradient g 93¢ 0916 0915 0803 0813  0.812
for Boosting
prediction
I
acrossa Random forest = 0.932 = 0915 0913 0794 = 0.807 | 0.805
included

classes



Appendix D. Chapter 7 supplementary materials 240
Appendix D. Chapter 7 supplementary materials
Appendix D.1. Supplemental figures
1.00 (A) 1.00 (c) 1.00 (E)
20.75 _g 0.75 i_;~0.75
§ Amino acid hydrophobicty g Anino acid hydrophobicty g Amino acd hydrophobicty
° = nydrophabic fo intermediate o = intermediate ° = hydrophilic to intermediate
30‘50 == hydrophobic 50'50 == intermediate 10 hydrophilic 30 50 == hydrophilic
§ = hydrophobic to hydrophiic g = intermediate to hydrophobic § “= hydrophilic to hydrophobic
9 0.25 9 0.25 9 0.25
0.00 0.00 0.00
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
Time (years) Time (years) Time (years)
1.00 (B) 1.001 + (D) 1.00 (F)
EU.?E EU.?E go 75
E Aming acid hydraphobicity g Aming acd hydrophebicity g Amino acd hydrophobicity
g == hydrophabic 1o intermediate 2 == ntermediale ° == hydrophilic to intermediate
20-50 == hycrophobic %0'50 = intermedite to hydroghilc S 0-50 B8 hycrophilc
% == hydrophobic to hydrophilic 5 == intermediate 1o hydrophobic g “= hydrophilic to hydrophobic
‘?7 025 ‘?J 0.28 lz 0.25
0.00 0.00 0.00

a 100 200 300 400 500

Time {months)

Figure D-1. Kaplan-Meier survival curves for age of onset and disease duration analyses of trends associated with wild type
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and variant amino acid hydrophobicity

The panels stratify according to the wild type SOD1 hydrophobicity group for the residue containing the variant: panels A-B

0 100 200 300 400 500 600
Time (months)

show analysis in hydrophobic residues, panels C-D for intermediate residues, and panels E-F for hydrophilic residues.

Appendix D.2. Supplemental tables

Table D-1. Sample composition by variant including hydrophobicity group assignments

SOD1 protein
variant

KAE
A5S
AS5T

A5V

C7F

C7G
C7S
C7W
c7y

V8E

Hydrophobicity group

hydrophilic
intermediate
intermediate
intermediate to hydrophobic
(excluded from analysis)
intermediate to hydrophobic
intermediate
intermediate
intermediate
intermediate
hydrophobic to hydrophilic

Number of records
with age with disease

Leitzl of onset duration
11 10 11
4 3 3
18 18 14
312 298 260
10 10 7
5 5 5
12 12 10
1 1
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L9Q
Lov
G11A
G11R
G11v
D12y
G13D
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V15G
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P67A
P67R
P67S
L68P
S69P
H72Y
G73C
G73D
G73S
P75S
D77V
D77Y
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D102N
D102Y
105F
S106L
L107F
L107P
L107V
G109R
G109V
D110y
C112y
1113M
1113T
1114F
1114T
G115A
R116C
R116G
L118V
V119L
V119M
V120F
V120L
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D125G
D126A
D126H
D126N
L127S
L127X
G128R
E133G
E133X
E134A
E134K
E134V
S135G
S135N
S135T
K137X
T138A

hydrophilic
hydrophilic to intermediate
hydrophobic
intermediate to hydrophobic
hydrophobic
hydrophobic to intermediate
hydrophobic
intermediate to hydrophilic
intermediate to hydrophobic
hydrophilic to intermediate
intermediate
hydrophobic
hydrophobic to intermediate
hydrophobic
hydrophobic to intermediate
intermediate
hydrophilic to intermediate
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hydrophobic
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hydrophobic
hydrophobic
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intermediate
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T138R
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Al46T
C147R
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V149G

11507
1150V

1152T
A153P
A153T

intermediate to hydrophilic
intermediate to hydrophilic
hydrophilic
hydrophilic
hydrophilic
intermediate
intermediate
intermediate to hydrophilic
NA
hydrophobic
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intermediate
intermediate
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Table D-2. Cox Proportional-Hazards survival analysis for age of onset across all hydrophobicity groups

Comparisons between hydrophobicity groups with p<0.05 compared to the reference group are in bold. Cl = confidence

interval

Variable

Hydrophobicity group

Sex

Factor level
Intermediate
Hydrophilic to intermediate
Hydrophilic
Hydrophilic to hydrophobic
Hydrophobic
Hydrophobic to hydrophilic
Hydrophobic to intermediate
Intermediate to hydrophilic
Intermediate to hydrophobic
Male
Female

N
173
215
115

17
152

201
90
37

524

485

Hazard Ratio [95% ClI]

0.829 [0.666, 1.03]
1.03 [0.814, 1.31]
1.04 [0.737, 1.46]
0.957 [0.782, 1.17]
0.958 [0.656, 1.4]
0.81[0.657, 0.999]
0.841[0.638, 1.11]

1.1[0.778, 1.55]

0.947 [0.837, 1.07]

Table D-3. Cox Proportional-Hazards survival analysis for age of onset across all hydrophobicity groups

P-value
0.0922
0.803
0.831
0.675
0.823
0.0493
0.221
0.592

0.39

Comparisons between hydrophobicity groups with p<0.05 compared to the reference group are in bold. Cl = confidence

interval

Variable

Hydrophobicity group

Sex

Age of
onset

Factor level
Intermediate
Hydrophilic to intermediate
Hydrophilic
Hydrophilic to hydrophobic
Hydrophobic
Hydrophobic to hydrophilic
Hydrophobic to intermediate
Intermediate to hydrophilic
Intermediate to hydrophobic
Male
Female

N
134
166
104

15
124

153
76
28

414

394

808

Hazard Ratio [95% Cl]
0.403 [0.3, 0.542]
0.471[0.335, 0.663]
0.65 [0.363, 1.16]
0.548 [0.399, 0.752]
2.97 [1.65, 5.36]
0.733 [0.549, 0.98]
0.697 [0.504, 0.963]
0.567 [0.346, 0.927]

0.7 [0.592, 0.828]
1.03 [1.02, 1.04]

P-value
1.65x10°
1.56x10°

0.147
0.000197
0.000282

0.0362

0.0287

0.0236

3.13x10°

1.94x1014
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Table D-4 SOD1 variants reported in gnomAD v2.1.1 that have a recorded protein consequence and their hydrophobicity group assignments

Chr=chromosome, Ref= Reference allele, Alt = Alternative allele

Chr

21
21
21
21
21
21
21
21
21
21
21
21
21
21
21
21
21
21
21
21
21
21

position

33032087
33032095
33032095
33032096
33032097
33032101
33032102
33032104
33032109
33032116
33032121
33032126
33032127
33032132
33032134
33032136
33032136
33032139
33032139
33032141
33032148
33032151

rsiDs

rs1297567794
rs121912444
rs121912444
rs121912442
rs199766524
rs1312702973
rs121912448
rs1380854315
rs772764888
rs762628133
rs377178013
rs1202989817
rs1251222457
rs1200906022
rs1460554436
rs1447729350
rs1447729350
rs1182088847
rs1182088847
rs768029813
rs756458346
rs1424217272

Ref

C

(0)
@]

O O > 0 0 o0 o0 o600 4406000604000

P
-+

= >» 06 4 66 r» 460 o 44 o0 » 4 >» >» > 04 4 > o -+

Protein
Consequence

p.Ala2Val

p.Val6CysfsTerd

p.Ala5Thr
p.Ala5Val
p.Ala5Ala
p.Cys7Gly
p.Cys7Tyr
p.Val8Met
p.LeuSLeu
p.Aspl2Tyr
p.Gly13Gly
p.Vall5Ala
p.Vall5Val
p.Glyl7Ala
p.lle18Val
p.llel8lle
p.llel8lle
p.lle19Met
p.lle19lle
p.Asn20Ser
p.Glu22Glu
p.GIn23His

Transcript
Consequence

c.5C>T
c.15delC
c.13G>A
c.14C>T
c.15C>T
c.19T>G
€.20G>A
€.22G>A
c.27G>A
c.34G>T
c.39C>A
c.447>C
c.45G>T
¢.50G>C
c.52A>G
c.54C>T
c.54C>A
¢.57C>G
c.57C>T
¢.59A>G
c.66G>A
c.69G>T

VEP Annotation

missense_variant
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Figure E-1. SNP-wise p-value distribution between trait pairs in comparisons where colocalisation analysis suggested a

causal variant in both traits

Colocalisation analysis supported the shared variant hypothesis for the comparison in panel A, and presence of distinct

variants for each trait in all other panels (see Table 8-3). Colouring indicates fine-mapping credible sets assigned to SNPs

across the traits compared; the legend above each panel is in the format 'Trait: credible set number'. The genomic position

range shown above each panel is in Mb. AD = Alzheimer’s disease, ALS = amyotrophic lateral sclerosis, FTD =

frontotemporal dementia, PD = Parkinson’s disease, SZ = schizophrenia.
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Figure E-2. Heatmaps of linkage disequilibrium (LD) in the 1000 Genomes European reference population across variants

assigned to any credible set during univariate fine-mapping of trait pairs

LD is shown relative to the SNPs with the highest posterior inclusion probability (PIP) for each credible set, displaying all top
PIP SNPs when ties occur. The y-axis splits by top PIP SNPs and the x-axis displays SNPs ordered by genomic position,
marking only the positions of the top PIP SNPs. Credible set assignments for each variant are shown in the colour bar at the

top of each panel and for the top PIP SNPs in the y-axis label; these are annotated in the format: ‘trait: credible set number’.
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The genomic range indicated at the top right of each panel refers to the positions spanned across all SNPs analysed and is in
Mb. AD = Alzheimer’s disease, ALS = amyotrophic lateral sclerosis, FTD = frontotemporal dementia, PD = Parkinson’s

disease, SZ = schizophrenia.
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Figure E-3. Sensitivity of colocalisation analysis to the prior probability of a shared variant between traits

The upper panels display analysis at Chr6:32629240-32682213 between amyotrophic lateral sclerosis (ALS) and Alzheimer’s

disease (AD). The lower panels are for Chr17:43460501-44865832 between Parkinson’s disease (PD) and schizophrenia (SZ).

Panels labelled ‘coloc.abf’ display analysis across all SNPs in the region and ‘coloc.susie’ indicates analysis across the SNPs

within the pair of fine-mapping credible sets identified across trait pairs. Plot points indicate posterior probability of each

hypothesis (HO = no causal variant for either trait, H1 = variant causal for the trait one, H2 = variant causal for trait two, H3

=distinct causal variants for each trait, H4 = a shared causal variant between traits), according to the prior probability of

H4. The vertical hatched line indicates the prior H4 probability defined for the reported analysis; the black horizontal line

indicates the defined threshold for acceptance of H4: posterior H4 probability >0.8. Cream shading of the plot area indicates

prior H4 probabilities which yield a posterior probability of H4 above the threshold.
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Appendix E.2. Supplemental tables

Table E-1. Results of all bivariate local genetic correlation analyses

Available in Excel workbook: Thesis_TSpargo_ExcelTables.xlsx

Table E-2. Results of colocalisation analyses performed across all SNPs sampled in region

Number of SNPs refers to the number of SNPs in common between the two traits analysed and present within the 1000 genomes reference panel. Comparisons where univariate fine-mapping
identified at least one credible set in each trait were also performed on the basis of these credible sets (see Table 8-3).? HO = no causal variant for either trait, H1 = variant causal for trait 1, H2
= variant causal for trait 2, H3 = distinct causal variants for each trait, H4 = a shared causal variant between traits. Annotations column: * denotes comparisons with genetic correlation
analysis p-values below the strict Bonferroni correction threshold; all others passed FDR correction. A Denotes locus with boundaries extended by +10kb compared to the region partition

defined in genetic correlation analysis. Chr=chromosome, start/stop = GRCh37 base pair position range analysed

Trait Genomic position N of fine-mapping Number of SNPs Posterior probability for hypothesis? Annotation
credible sets for trait
1 2 chr start stop 1 2 HO H1 H2 H3 H4
AD PD 1 18427821 19238924 0 0 2676 0.79 0.10 0.10 0.01 <0.01
AD PD 13 71010209 71976862 0 0 2938 0.72 0.12 0.13 0.02 0.01
AD PD 6 16566883 17391994 0 0 2059 0.79 0.08 0.11 0.01 <0.01
AD PD 6 32454578 32539567 2 0 109 0.05 090 <0.01 0.01 0.04 *
AD PD 6 32576785 32639239 1 1 958 <0.01 <0.01 <0.01 0.95 0.05 A
AD SZ 3 187939200 189451805 0 1 2691 0.52 0.04 042 0.03 <0.01
AD SZ 7 109095559 110479479 0 1 2637 <0.01 <0.01 o0.66 0.28 0.06
ALS AD 17 9619357 10572617 0 0 2287 0.86 0.08 0.06 0.01 <0.01
ALS AD 6 2746532 3964072 0 0 3255 0.75 0.10 0.12 0.02 <0.01
ALS AD 6 32629240 32682213 1 1 475 <0.01 <0.01 <0.01 0.10 0.90 *
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0.70
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0.67
<0.01
0.57
<0.01

Table E-3. Overview of credible sets identified across fine-mapping analyses in summary statistics harmonised across trait pairs

Available in Excel workbook: Thesis_TSpargo_ExcelTables.xlsx

<0.01
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0.09
0.06
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<0.01
<0.01
0.11
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