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LAY ABSTRACT

This thesis explores the role of genetiatations(found in less than 1% of the population)
in vascular dementia (VaD) and 49 other traits using data from over 167,000 individuals
the UK. Two tools, RARity and RARIityb were developedo measurehow much the
mutationscau traits, like heightgirculatingblood proteins and diseases to vagynong

individuals

Review of existing researcton VaD emphasizes the complexity of the diseamed
highlights the need for largscale, collaborative research efforts. RARatyd RARIty-b
showed thamutationshavesignificant influenceon measurabléraits and diseasesyith
height being the most affectethese tools enablatiscoveryof genes linked tdraitsand

assessment @lurrent predictive tool decide which mutations adetrimental to health

Overall, he findings suggest that rare genatigtationsplay a crucial role itnuman health

andemphasizes the need for better predictive tmidentify detrimental mutations.
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ABSTRACT

Most human genetic variants are rare (minor allele frequency, MAF <1%). This thesis
investigates the significance of rare coding variants (RV), first with a literature review of
vascular dementia (VaD), and subsequently in 31 continuous and 18 binaryutiting
whole exome sequendé®m the UK Biobank(N=167,348 and N£73,688 respectively).

This was enabled with the development ofidue variant heritability (RARIty) estimator

and RARIityb.

Genetic determinants of VaBre explored through genomeide association studies,
polygenic risk scores, heritability estimates, and family studies. Complexity and
heterogeneity of the disease are highlighted, emphasizing the need fosdalge

collaborations and integromics approake enhance discoveries.

RARIty estimatesRV heritability @°=v) without assuming a specific genetic architecture.

It revealed a significant loss of heritability (79%) due to gewel RV aggregation. For

27 traits,§%rv exceeded 5%, with height showing the highest at 21.9%. VabD risk factors

such as ApoA, BMI, blood pressure, LDicholesterol, and triglycerides hgtky of 4.6%

to 9. 9 %. RARity showed RVs agsidentifre@ 11siewur c e
genephenotype associations using géexel heritability estimatesand showed that

current pathogenicitypredictorsdo not adequately enrich for RVs contributing to trait

variance, indicating a need for better predictive algorithms.

RARity-b e st i ma t3&sia) and @endelel heritability of binary traits on a
liability scale. Significant §%rwias Was found for hypothyroidism, asthma,
hypercholesterolemia, and essential hypertensamntifying 77 genes with significant
contributionsto §rviiab, including70 new genetrait relationships. ThEEPB1gene's role

in atrial fibrillation and thef' SHRgene's link to hypothyroidism and sciatica are discussed.
Results suggest that genes contributing significantly gtevias have functional
consequenceverall, this thesis provides novel methodologies and insights into the
understanding of complex traits and diseases.
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CHAPTER 1: INTRODUCTION

This chapter sets the stage for the analytical methodologies discussed in subsequent
chapters. It introduces the fundamenainciples of quantitative genetics, genotyping
methodologies, association study frameworks, estimations of trait heritability, development
of genetic risk scores, techniques for causal inference, and network and pathwaysanalyse
By the end of this chapter, readers will have a solid foundation in these essential concepts,

facilitating a deeper understanding of the material presented in the later chapters.

1.1 COMPLEX TRAITS GENETICS

Diseases caused by single genes, referred to as monogenic traits, such as cystic fibrosis,
sickle-cell diseaseand Huntington's disease, adhere to Mendelian mode of inheritance,
constituting a relatively simple genetic etioldg¥his category of human traits often serves

as the primary focus for genetic testing and therapeutic interventions as they are easier to
detect and more conventionally understobdcontrast, most human traits are complex in
nature, being multifactorialind influenced by amyriad of genetic variants, and
environmental factors. Such genetic variants are dispersed throughout the genome, across
hundreds of genes and intergenic regio&xamples of complex traits include height,
circulating blood biomarker levels, BMI, diabetes, and cardiovascular diseases. A
comprehensive understanding of the factors influencing these traits are toudiaé
development of effective prevention strategies, diagnostic tools, and targeted treatments
tailored to individual genetic profiles, ultimately advancing personalized medicine, and

improving healthcare outcomes.
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1.2 COMMON AND RARE VARIANTS IN POPULATION GENETICS

Over the past decade, technological advances with microarray technology, next generation
sequencing, and lareggeale biomarker measurements have enabled the establishment of
large biobanks, such as Tra@sics for Precision Medicine (TOPMed), UK Biobank,
FinGenn, andAll of US, witha range of genotype and phenotype data at the population
level. This in turn has enabled advancements in-sfaiee art genetic methodologies and
novel discoveries. Traditi@lly, the genetic variations have been categorizeddby into

two classes: common variants (CVs) and rare variants (RV#)is thesisvariants with

minor allele frequencyMAF) <1% are definedas RVs, and MAF>=1% as CVk the
biological context, variations in a trait within a population may be a product of both
common and rare variants, as well as the environmental factors and interactions between
environmental factors and genetariants. There is increasing evidence that pathogenicity
may be caused by either a single rare variant with large, monogenic effect, multiple rare
variants with modest, oligogenic effects or accumulation of very low effect common
variant$®. The contributions from each of these factors to trait variation may vary widely,

which necessitates application of appropriate and robust methodology for their study.

1.3 HIGH-THROUGHPUT GENOMIC TECHNOLOGIES

Microarray and next generation sequencing (NGS) are two main categories of genomic
profiling technologies used in large population studies. Microarrays utilize a grid of fixed
DNA probes to hybridize with target DNA, enabling hitfinoughput analysis of tusands

of genes simultaneouglyThis technique is relatively fast and ceffiective for largescale
studies but is limited to known sequences, with lower sensitivity and specificity compared
to NGS. In contrast, NGS involves massively parallel sequencing, providing detailed
nucleotidesequences of DNAThis technology boasts high sensitivity and specificity,
capable of detecting rare, lembundance sequences and discovering novel variants

Although NGS requires more extensive data analysis, higher costs, and significant
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computational resources, it offers comprehensive genomic insights. Therefore, NGS is
generally the preferred method for thorough and accurate RV detection in scientific and

clinical settingsespecially for higithroughput sequencing needs

1.4 STATISTICAL GENETICS

Statistical genetics is a field of study aimethatdevelopment and application of analytical
methods to derive inferences frganeticdata.lt involves the use of statistical models and
algorithms to explaithe genetic basis of phenotypic variatiansl thus identify the genetic
architecture of a trait. The genetic architecture of a trait can be described in terms of genetic
features, such as the magnitude and the effect of the genetic variations, minor allele
frequencies, linkage disequilibrium, aadolutionary constraints on the variations in a trait
within a populatioh The genetic architecture of a trait not only informs on the sources of
variation betweemdividuals buthas broader impacts on diagnosis through molecular and
genetic testing, development of personalized treatments, and disease predictions. As such,
statistical genetics forms the backbone of modern population genetic res€hech.
following sections provide brief summaries of commnsiatistical approaches that are
amenable to quantifying the risk and statistical significance of putatively diseasmg
variants. Applications of these methods are also described in cBapténe context of
understanding the genetics of vascular dementia, a highly complex and heterogeneous

disease.

1.5 BRIEF OVERVIEW OF CURRENT GENETIC METHODS APPLIED TO
COMMON VARIANTS

The microarray technology required to detect CVs was developed first and was more
widely used axompared to the next generation sequendd3Y. Consequently, the

advancements in genetic methodologies are far more progressive for common variants
compared to rare variants. Some of the widely used methods for studying the complex

relationship between common variants and phenotypes are Genomeassiogation

4
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studies (GWAS), SNHReritability, polygenic scores (PGS), and Mendelian randomization

(MR), each of which are described below.

1.5.1 GENOME-WIDE ASSOCIATION STUDY (GWAS)

GWAS are conducted by leveraging the abundance of-degisity genetic markers
throughout the genome and the principle of linkage disequilibrium (LD). The genetic
markers are typically single nucleotide polymorphic (SNPs) variants, representing genetic
loci that are in LD, either in the exonic or intronic regions of the gehbnénkage
disequilibrium occurs due to recombination between homologous chromosomes over many
generations, such that the SNPs are highly correlated and inherited together as a unit.
GWAS results in identification of genomic risk loci with statistical tdstsnveen the
genetic markers and phenotypesporting blocks of correlated SNPs that all show a
statistically significant association with the trait of interedtimately, the genetic markers

are prioritized based on association testing with a phenatf/i@erest. Since the test
incorporates all SNPs in the genonws,pre-specified candidate variants/ genes, it is
characterized as the first hypothefsee method of genetic studies.

The statistical methods for GWAS have evolved over time. The first generation GWAS
relied on linear or logistic regression models using PLINK and SNPTEST; the second
generation models such as GGMAMA, GEMMA, EMMAX were dependent on mixed
models to impree power, and account for population structure and relatedness; while the
third generation was necessitated with lagsgale biobanks (N>25,000) and includes linear
mixed models using BOLLMM and FastGWA-LMM, as well as REGENIE, SAIGE

and POLMM which utize linear/logistic mixed models allowing for correction of case
control imbalanc. GWAS typically analyze eachSNPphenotype pair, typically
corrected for covariates such as age, sex, population structure, and for rAestipig
using Bonferroni correcteptvalueto avoid false positive results, i.e. for testing 1 million

common variants in the human genome, significant SNPs haakip <53 108,

5
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Since 2005, when thir'st GWAS identified a common risk allele in tk#H gene with
large effect size for ageslated macular degeneratidrmany additional genomic risk loci
have been associated with diseases and tBatee examplemcludethe identification of

the 9p21 loci associated with myocardr&hrction, CAD, carotid atherosclerosis, stroke,
aneurysms, congestive heart failure and CV mortafity FTO for obesity andPTPN22

for autoimmune diseas€sAs of May 2024, the GWAS catalog reports 10378 entries on
the SNPs associated with cardiovascular disease J@wiD 5498 entries on the SNPs
associated with typ2 diabetes (T2D) mellitus, even after applying a stringent Bonferroni

correction®.

Despite the identification of numerous risk alleles, there are several limitations to GWAS.
First, the coverage of variants in a GWAS is limited by the number of predefined sites on
the microarraylt has been shown that most traits are affected by thousands of SNPs, each
individually conferring low risk and often demonstrating pleiotropic effect on multiple
traits'’. Additionally, these risk locare not necessarily located in the coding regionaand
strongly associated variant may not necessarily be cansgdad it may be in LD with a
functionally relevant allele that is located in close proximity at this [§cliegether, these

factors make it difficult to derive unambiguous biological meaning of the results

In the postGWAS era, several methods have been developed to apply, interpret, and
identify the impact othe hundreds othousands of SNPs associated watdth trait by
GWAS. These methods includ8NP based heritability, polygenic risk scores (PRS),
Mendelian randomization (MR) studies, and complex network and pathway analyses, each

of these methods are described beldw
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1.5.2HERITABILITY

The common proverb that human traits are the result of nature and nurture can be restated
using statistical genetic terms: phenotypes are the result of genetic and environmental
factors.The total phenotypic variance (Vp) in given population can be expressed as the

sum of the variance due to genetic variangeand the environmental varianee:
wp =wg + e

The genotypic variance Vg, can be further explained as being the sum of the additive (a),
dominant (d), and epistatic (i) variance components:

g =wa +od + i

However, research has shown that the effects ofadllitive genetic effectsfl +wi ) are
minute, and thus broad sense heritability)(Huantifies the proportion of phenotypic
variance explained byothgenetic and environmental variance in a populdtion

W

0 =
w

Conversely, narrovgense heritabilityt?) can be defined as estimating only the effect of
additive genetic variation on the phenotypic variations in a population. In the simplest form

h? is defined as:

Heritability ranges from 0, where genetic variation does not explain any of the phenotypic

variations, to 1, meaning that genetics explains all the variations in the phenotype. In other
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words, it informs how well a trait could be predicted from the genetics in a population. It
is important to note that heritability is a characteristic of a population and not individuals,
and the measurements are not constant over time. Different popsilat® likely to have
different heritability estimates for the same trait due to differences in their genetics and
environmental exposures, although some traits may present a stable heritability across
species and populations. Homogenous populations are fikely to display larger

heritability effect sizes as the phenotypic variatigp) (s more precise.

Traditionally, heritability was measured in related individuals using family and twin
studies whereby researchers examine the resemblance between relatives (e.g., siblings,
parents, offspring) with varying degrees of genetic relatedness. In this model, heritability
was estimated by comparing the phenotypic similarity among relatouesy as the
correlation ofoffspring and parental phenotypes, the correlation of full or half siblings, and
the difference in the correlation of monozygotic (MZ) and dizyg@i€) twin pairs For
instance, if a trait shows greater similarity between biological relatives than unrelated

individuals, or between MZ than DZ, it suggests a genetic component influencing that trait
20

Genomewide significant heritability emerged with the need to assess the total
contributions of the SNPs identified in GWAS and led todineelopment of Genomaide
significant heritability §?cws) 2. With this method, it was observed that the estimated
variance explained by genoméde significant (GWS) SNPs discovered in GWAS was
only a fraction of the estimated heritability from family or twin stutfiean issue known

as the problem of imi ssi Ggwsoh Rumantheightiwlas t y o .
around 15%, compared to t§eof 80% from family or twin studié&?>; similarly by 2016,

over 700 variants identified faardiovascular disease accounted for no more than 10% of
the heritable risk. This sparked concerns about the usefulness aneffestiveness of
GWAS. Potential causes of missing heritability include exclusion of SNPs with small

effects that do not meet the Bonferroni threshold, rare variants that are not captured by

8
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GWAS, geneby-gene interactions, getig-environment interactions, epigenetics, and
perhaps, family studies with very few sample sizes had overestimated the heritability of

these complex phenotypes.

Consequently, with the hypothesis that even thegigmificant SNPs may contribute to

the overall trait heritabilitySNPheritability @’sne) was developed. SNReritabilityis the
estimation of the variance explained by all SNPs used in a gewaeeassociation study
(GWAS) in unrelated individuals, using either individual or summary level GWAS data.
This has allowed estimation of the overall contributions of common variantsait
heritability, provided that all SNPare represented on the genomicagr Through this
effort, it was discovered that the SNP heritability is significantly larger than GWS
heritability, such as in height where the estimates a20%0 and 4660%, respectivef;.

It was concluded that for complex traits there is a large number of common variants with
effect sizes that are too small to pass the strict Bonferroni threshold, consistent with a model
of polygenic inheritance. A conclusion that prompted establishnidatge biobanks to

capture variants of smaller effect sizes, and the development of PRS models.

Over the years, heritability for common variants have gone through several iterations in
methodology, each with their own strengths and weaknesses, some of which are discussed

in chapter 3.

1.5.3POLYGENIC SCORE

GWAS andd’sne offer compelling evidence supporting the polygenic architecture of
complex traits, giving hope to precision medicine in the form of establishing Genetic risk
scores (GRS), PRS for diseases, or PGS for other traits. The objective of these risk scores
istoenabl e prediction of tr ai andistheoslyeagproach a p e
that provides an estimate of genetic liability to a trait at the individual |I&RSE is the

cumulative risk estimates derived from the aggregation of risk contitsutif GWS SNPs

9
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towards a trait, thus, it is statistically defined as the sum of alleles weighted by their

estimated effect sizes from GWAS summary stati&tidhisis statistically represented as:

Where rrepresents the risk; represents the individual numbgris the SNP number
ranging from 1 t&;T is the weight for each SNP derived from the associated GWAS, and
Xj corresponds to the allele number for jHeSNP of thei™ individual. GRS can be
extended to PRS / PGS when rBWS SNPs are included to reflect the polygenic nature
of traits”.

PRS may be particularly useful for complex diseases suatrasary artery disease, atrial
fibrillation, type 2 diabetesnflammatory bowel disease, and breast cancer, as they are
shown to have risk factors similar to monogenic disofflelrsdividuals with highePRS

was shown toncrease the risk afarly onset coronary artery disedmsetwo-fold in 23%

of the participants (N=7 oBOY°. In another study, patients with higher PRS for

schizophrenia tended to have less improvement with antipsychotic drug tré&tment

Over the years PRS have gone through many iterations in methodology to achieve the
optimal level of predictability. This has involved varying the selection criteria for SNPs,
weighting scheme, LD parameter selection, validation algorithms, and more. Artsonp

of these models, applied to psychiatric disorders is summarized by Ni, et al.3{2021)
Currently PRSs require further validation for clinical use, but are widely utilized in
biomedical research, to examine shared etiology of phenotypes, assess clinical utility, and

to compare experimental outcorffes

10
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1.5.4AMENDELIAN RANDOMIZATION

Associations, or correlations between two variabdses not axiomatically denote
causality. This is because associations are susceptibiektoown confounding factors
influencing the exposure or outcome as well as reverse causality. To identify causality
between the exposure, biomarkers and disease, the MR strategic framework may be
employed. MR relies on genetic instruments exhibiting robssbciation with an exposure

such that thesmstruments ca@act as proxies for the exposure. This approach is enabled

by the fundamental principle that genotypes are not generally susceptible to reverse
causation and confounding, due to their fi
of Inheritance. In essen, the random assortment of alleles from parents to offspring
effectively segregates participants into groups based on the presence or absence of specific
genetic varianf8. This process mirrors the randomization principle employed in

randomized controlled trials (RCTSs).

In order for a genetic variant to qualify as a valid instrument for causal inference in MR
study, it must satisfy three core assumptions: 1) the genetic variant must be robustly
associated with the exposure, as ensured by using gemmaeignificance thresid for
association in an independent samle<(5 x 10®), 2) the genetic variant should not be
associated with confounders of exposowtcome relationships, and 3) the genetic
instrument should be associated with the outcome only through the exposure, i.e. no
pleiotropic effects. However, even when these mggions are fulfilled, limitations in MR

include low power of studies, biases due to population stratifications, and weak
instrumental biases. There are various tools to assess these assumptions and address the
limitations®. The most basic MR method uses a single SNP instrument and is based on the
foll owing statistical model , i mpl €menting

YO OIE O QE CBHAD IQIENQQ w&—TL E
S
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Wheref ¢ andf ¢ are the slope estimates from the regressions of the outcome and

exposure, respectively, on the SNP instrument, each of which can be obtained from GWAS
summary data. Note that other methods are required for more complex issues, such when
using multipleSNP instrument$-°,

When appropriately implemented, MR is a powerful strategy to find causal inferences, and
has been successfully utilized to validate drug targets. For example, MR has suggested
causal association between LIl and the risk of CHD, mediated by SNPs inNHRC1L1
HMGCR andPCSK9geneg®?’. Furthermore, NPC1L1, HMGCR, and PCSK9 proteins are
targets of the drugszetimibe, statins, and PCSHthibitors, respectively, to reduce LBL

C levels, as confirmed with RCTs. ConsequenifiR studies, especially when using
previously published summaitgvel genetic association data, provide a rapid and
affordable approach to evaluating causal questions, especially when RCTs cannot be

implemented due to logistical or ethical reastns

1.5.5NETWORK AND PATHWAY ANALYSES

Network and pathway analyses help in understanding the biological implications of the
ob s er vatomiosndata and thé&r interdependencies. Biological pathways are
interactions among molecules in a cell that leads to a certain product or a change in a cell.
Some curated databases of pathways indifgieto Encyclopedia of Genes and Genomes
(KEGG), Reactome, WikiPathways, gene ontology JG@anscriptionfactor database
(TRANSFAC) and miRTarBasg Results from GWAS and other muttinics data, such

as exomewide associations, mMRNA/mMIRNA expression, protein expression, and DNA
methylation. typically lead to a list of genes, which are sometimes prioritized according to
a ranking system. The enrichmexfi these genes in the various pathways using tools such
as g:profiler, GSEA, Enrichr alndAGMA provide mechanistic insights into the biological
relevance of these gei@® When a gene or itsd product

pathways in a contex@pecific manner, the result is a network. Networks are particularly

12
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powerful as they allow visual mappings of many interactions across differertydata

The intuitive display for biological data in networks is established with the biological
elements represented in nodes, which are linked to each other by directiom@t o
directional edges. This system allows automation of analyses, enables ease of
interpretation, identification of hidden patterns and creation of emergent models to explain
experimental observations. Currently, application programs are built to deatenst
networks from singhlelata types, such as GeneMania for ggeee interactions and
STRING for proteirprotein interaction¥. Additionally, platformslike Cytoscape have

been built that integrate multiple applicatiprograms tovisualize complex networks and

integrate these with any type of attribute data targeting any specific cdse use

1.6 STRATEGIES TO DETECT RARE VARIANTS

Compared to common variants, rare variant stuaiea relatively new field. For a given

effect size, as the allele frequency decreases the power to detect genes or variants of interest
also decreasesSeveral platforms and methods have been used in the-vamiant
associations with biomarkers and diseases, itlukides extremephenotype sampling,
family-basedstudies GWAS chip and imputation, targeted region sequence, whole exome

sequencing, and whole genome sequencing.

The extremehenotype sampling method is done by selecting participants with extreme
traits, defined by a specific threshold. Extreptenotype sampling potentially enriches

the samples with the presence of causal rare variants and thus requires asamaller

sizg for examplethe ABCAJ APOAJ andLCATgenes have been related to low HOL

found by studying families with extrentégh-density lipoprotein (HDL)phenotype¥.
However, wth this method, the outcommay not be generalized in the underlying
population, it is sensitive to the outliers, it introduces a sampling bias, assumptions are
made about the normal phenotypic characteristics of the specific condition under study, and

also there is a reduced powerdetect loci with smaller effedfs*

13
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Family-based studies in which several family members share the same phenotype may
provide more statistical power than regydapulationbasedtasecontrols studi¢$4% This

type of study has been very successful in identifying large effect, highly penetrant, and
monogenic Mendelian disordéfsin addition, a major benefit of familyased studies is

the common genetic background of the studied subjects, which means that there are no
issues related to population stratificatidmis was the method used to detect the role of
PCSK9 mutation oautosomal dominant hypercholesterolefh@amd most other mutations
reported in Online Mendelian Inheritance in Man database (OMIM,

https://www.omim.orgl. There are several challenges and limitations to family based

studies, includingestablishing and analyzing the complex and incomplete pedigree
sequence, loample size, a challenge of replication in large cohorts, inadequate capture
the full spectrum of RVs present in the population, antsiclering the latenset nature of
many diseases it is also difficult to obtain genetic information from pafeRts together,

this makes itdifficult to study complex traitaith family-basedstudiesNonetheless, as of

May 2024, theOMIM reportsover 7,528 of Mendelian diseases linked to rare variants,
though their validity in the context of population genetics and replicability has been
guestioned. Consequently, efforts to examine these-djseaseassociations ifarge
biobanks and to curateemvia efforts like the ClinGen Gereisease Clinical Validity

Curation processare underway.

Currently, exomeawide genotyping arrays are available that test thousands of exonic
variants at a modest cost. Exome chips have been successful in identifying rare coding
variants associated wittumerougliseases, including insulin traits, liver disease and lipid
levels”’. GWAS based RV associations have also proved subeessful whefollowed

by targeted region sequencing. Some examples incladel associations between rare
variants inAPP and Alzheimer's disease and between rare varia®Xil and T2352

Some of the most exciting discoveries arising from rare variant association with biomarkers
in diseases were made from targeted gene sequencing experiments which identified rare

coding variants with strong effects on phenotypic variation. These includestige
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variation inABCAlandPCSK?9associated wittiDL and LDL-C levels, respectivety>3
The biggest drawback of using targeted region based platforms is thatréthept as
exhaustive as whole exome sequencing and will miss a large amount of very rare genetic

variatiorf’.

Regardless of the platform used to study rare variligspverarching challenge has been

to move beyond handfuls of candidate gene studies to unbiased gene discovery.

1.7 OVERCOMING THE CURRENT LIMITATIONS OF RVS WITH WHOLE
EXOME SEQUENCING

NGShas been used to mitigate the limitations of the almestioned methods in a large
number of unrelated populatio¢GS, with the ability to read every sequence with whole
genome sequencing (WGS) or whole exome sequencing (WES) provides a much better
opportunity to detect rare variant associattorRecently, sequencing studies have
identified hundreds of genes containing rare coding variants, and these variants can have
much larger effect sizes than CV%. The exomes constitute %% of the genome and
house a majority of the rare protattering mutations, which are responsible for disrupting

the function of the codegroteins andare therefore thought to be responsible for the
majority of the deleterious phenotypes. This makes WES moreeffestive than WGS

and better at studying rare varian®WES in human medicine also benefits from the
availability of many large databases of singieleotidevariants (SNVSs), known
pathogenic variants, and controermmes’. These databases provide a wealth of
information such as genotype quality, allele frequency, putative variant consequences, and

pre-calculated algorithms to estimate likely pathogenicity of each genetic variant.
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1.8 CHALLENGES SPECIFIC TO RVS

Studying RVs requires specialized statistical methods that can effectively handle the
challenges posed by low variant frequencies, including low statistical power, biases due to
uncorrected population stratification, cryptic relatedness, and the compatdtioden of

testing a large number of variants simultaneouSlgnventional methods designed for
common variants may lack power or result in bias when applied to RVs. Despite these
challenges, largscale biobanks provide extensive genetic and phenotigta; enabling
researchers to conduct sophisticated statistical methods to identify and characterize RVs

associated with complex traits.

1.9 METHODS TO STUDY RVS

1.9.1 VARIANT PRIORITIZATION

In the human genome, the number of rare variants is far greater than common variants,
most of which are likely nofunctional. Effective quality control steps reduce the number

of variants, for example, by removing intronic, singletons, and common varidniss
reduces the burden of multiple testing and shtgleoise ratio, thereby reducing false
positive results or typé& error. Prioritization of variants may also increase biological
interpretability of variants. Annotation tools such as ANNOVARVariant Effect
Predictor (VEP), and (Database for Nonsynonymous SNPs' Functional Predictions
(dbNSFPY°, utilize a wide array of publicly available databases to enable prioritization of
variants. A fair number of pathogenicity scores has also been develpebritize
variants, based on evolutionary constraints, predicted protein alteralioesse severity,
experimentally measured regulatory effects and complex trait associabons,
combination of various factors. These methods usually leverage supervised or unsupervised
machine learning techniques to enable assessment and prioritize variantexahemes

of pathogenicity scores includ@ombined Annotation Dependent Depleti€®®ADD)®?,
Mendelian Clinically Applicable Pathogenicitfl¢(CAP) scoré Rare Exome Variant
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Ensemble LearneREVEL)®3, Sorting Intolerant From ToleranB(FT)*4, Polymorphism
PhenotypingRPolyPhen’®, andVariant Annotation, Analysis & Search ToMAAST)®®.

Once RVs are selectestatistical methods are applied to identify vartatt relationships.
Commonly used statistical methods for studying RVs are centered around association
testing. The most widely used methods are dmmden tests and variations of SKAT, as
described belw.

1.9.2 GENE BURDEN

This is one of the earliest and simplest methods used in RV association testing. Under the
autosomal dominant additive model, each variant per individual is scored as 0 for exhibiting
two copies of the reference allele, 1 for heterozygous status witheterence and 1
alternative allele, and 2 for homozygous with both alternative alleles. The gene burden
score is simply the sum of scores for all qualifying RVs within the gene and serves as the
unit of association with a phenotype of interest. This effelitiaggregates the variants to

a single genscore, thus reducing the burden of multiple testing and potentially increasing
the power of association usirggregression modelMost burden tests assume that the
variants are either deleterious or protective and act in one direction. The weighted burden
test is a variation of the geteirden tests, where variants are weighted basedrityand

pathogenicity under additional assumptions about effect®4izes

1.9.3 SEQUENCE KERNEL ASSOCIATION TEST (SKAT) AND ITS
VARIATIONS

SKAT aggregates information across multiple variants using a kernel matrix, allowing for
more powerful detection of associations, especially when variants may have differing
directions and magnitudes of effects. However, SKAT might be less powerful trclanbu

tests in scenarios where most variants are causal and have effects in the same direction.
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SKAT-O combines burden and SKAT methodologies to address SKATSs limitations but
might be slightly less powerful than burden or variaoomponent tests if their underlying
assumptions are held. While SKAT and SKA&Tfocus on association testing, géneden
testing variant aggregation dyeoadly applicablén any situation that necessitates treating

a gene as a unified enfity’®

1.9.4 OTHER STATISTICAL METHODS

Other statistical methods such as heritability, PRS and MR for rare variants are not as
advanced as they are for CVs. In fact, currently there are no known published PRS of MR
methods for RVs, and RV heritability has only recently been investigated i a fe

publications which will be explained in detail in relevant chaptensd5.

1.10 HUMAN VARIABLES

1.10.1 TYPES OF VARIABLES

Identification and description of human variables used in a study is a hecessary component
in genetic researclstatistical analyses rely on the type of variables that are involved in the
study. These variables can be categorized as either quantitative or qualitative.

Quantitative variables, which can be measured numerically, are further divided into
continuous variables or discrete variables. Continuous variedietakeany value within

a range, suclas anthropomorphitraits and blood biomarker measurements. Discrete
variables represent specific values (e.g., number of hospital visits, cigarettes smoked per
day, etc.). Qualitative variables, on the other hand, are-nomerical. These include
nominal variables, which do not have a natural order (e.g., blood group, sex and disease
status), and ordinal variables, which have an inherent order but undefined intervals between

categories (e.g., disease severity stages, severity of pain and risk levels). Numerical values
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assigned to different qualitative variables are useful solely for identification purposes, such
as 1 for male and 2 for female. When a qualitative variable has only two categories, such
as alive or dead, male or female, diabetic or-diabetic, it is cakd a binary or
dichotomous variable.

The nature of variables whether categorical, continuous, or a éiguides the selection
of appropriate statistical tests and modé&ist example, categorical variablase often

analyzed using frequency tables,-sfjuare tests, or logistic regressiarhile continuous
variables can be analyzed witachniqueslike t-tests, ANOVA, correlation or linear

regression.

1.102 BIOMARKERS, ANTHROPOMORPHIC TRAITS AND, DISEASES

Although understanding the genetic basis of disease status is important for direct diagnosis
and prognosis of diseasesmbining human genetics with biomarkers could help bridge
the gap between the human genome and dis€aseselerate prelinical diagnosis,
prognosis, improve disease subclass, identify and validate ¢hgiaparget€’X help

predict longterm consequences of pharmacological interveftjoenhance patient
stratificatiorf®, andenable repurposing of existing dritysAnthropomorphic traits (such

BMI, waist-to-hip-ratio and blood pressure), blopdbteins, lipids, glucose and hormones

are some of the most important biomarkers of the state of human health, as they dictate the
onset, severity and progression of diseageprime example of the benefits of gene
biomarker studies is the discovery of the relationship betweeprotein convease
subtilisin/kexin type9 (PCSK9 gene andow-densitylipoprotein cholesterol (LDiC) 7°.

LDL-C is a wellestablished biomarker for cardiovascular health, where higher levels of
LDL are associated with an increased risicofonary heart disease (CHB)A gain-of-

function missense variant dPCSK9 was associated with an autosomal dominant
hypercholesterolenté& Converselya lossof-function variant in theCSK9gene present

in 2-4% of some ethnic populations, was shown to result in significantly lower levels of

LDL cholesterol, and thus reduced the risk of CHf§ these relationships were later
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proven through functional studf@$® This discovery of PCSK9's role in cholesterol
metabolism led to the development of PCSK9 inhibitors, a new class of cholesterol
lowering drugs to effectively reduce LDL cholesterol levels sustainably over the long term
and have shown promise in reducihg tisk of CHD and incidence of heart attacks and
other cardiovascular eveft§2 Furthermore, genetic screening RESK9mutations can

help stratify patients who would benefit most from PCSK9 inhibitors versus other lipid

lowering therapie$,

In this thesis] studied the contributions @fenetic variants odichotomous traits in the
form of disease status (Chapters 3 and 5), as well as continuous variables, including

anthropomorphic traits and blood biomarkers (Chapter 4).
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CHAPTER 2: HYPOTHESIS, OBJECTIVE, RATIONALE, & APPROACH

2.1 GENERAL HYPOTHESIS

| hypothesize that rare coding variants contribute significantly to complex trait heritability

and can provide a hypothedrse method to identifying gerteait relationships.

2.2 GENERAL OBJECTIVE

The overall objective of this PhD thesis is to estimate the collective contributigasetic
rare variants to trait heritability and to prioritize genes based onlgeekerare variant

heritability estimates.

2.3 RATIONALE AND APPROACH

Complex traits range from gquantitative measurements of biomarkers to heterogeneous
diseases that are challenging to diagnose. While clinical measurements of biomarkers
provide a practical framework for diagnosis and treatment, genetics and biologymaveal t
diseases are often interconnected at a molecular level, challenging the rigid boundaries of
clinical classifications. Furthermore, genetic studies that offer insights into biological
mechanisms can potentially lead to the discovery of new diagnostitalkers that are

more accessible and therapeutic targets that are more personalized.

In Chapter 3, using vascular dementia (VaD) as an example of a highly complex trait,
genetic advancements in understanding the disease are discussed. The study aims to bridge
the gap between genetic research and clinical practice by providing a compehensi
overview of the current knowledge on genetic markers, risk factors, and molecular
pathways involved in VaD. This includes the genetics of cerebrovascular risk factors and
associated diseases such as stroke, small vessel disease (SVD), and cerebichl amylo
angiopathy (CAA). Consequently, this chapter offers a thorough examination of

contemporary genetic methodologies employed in deciphering disease mechanisms and

28



Ph.D. Thesi§ Nazia Pathan, McMaster UniversityMedical Sciences

diagnosis. Additionally, the review identifies challenges, opportunities, and future
directions for research aimed at earlier diagnosis, targeted interventions, and therapeutic

advancements in VaD.

Like nearly all complex traits, the most compelling evidence for genetic determinants of
VaD comes from studies on common variants or rare variants with monogenic effects, often
discovered through family studies. Limited data are available from twin amel ot
epidemiological studies to estimate the heritability of VaD directly. Heritability results
from contributions of common variants identified through GWAS indicate significant
heritability of the pathological processes and risk factors underlying-¥&dwever, the
contributions of rare variants to the heritability estimates of VaD, its subtypes or risk
factors, remain largely unknown, this is because of a lack in methodological

advancements.

The vast majority of variants identified are rare, and yet their functional consequences are
not known. For example, observations of theBJWGS (N=150,119) reveal that out of

the 710,913,648 variants, only 4.4% are common variants. In contrast, 43.9% are singletons
(carried by a single sequenced individual) and 51.7% are rare variantsirfgtaion,
MAF<0.1%). Similar conclusion was also made by Tajiet al. 2021 using the WGS

from TopMed prograri.

Most known pathogenicariants argare, and generally have large magnitudes of effects
on traits. For example, RVs iRB1, BRCA1/BRCA2,MNAandNOTCH3are well known
predictors of retinoblastoriabreast and ovarian cangefamilial lipodystrophy8, and
Cerebral Autosomal Dominant Arteriopathies with Subcortical Infarcts and

Leukoencephalopathy (CADASI? )respectively.

Severahblgorithms have been developed to predict the pathogenicity of rare variants. While

many of these algorithms perform well for Mendelian traits, as they were primarily built
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and/or benchmarked using these traits, their effectiveness in the context of complex traits,

which may be oligogenic in nature, still needs to be assessed.

Furthermore, pharmacogenomltasshown several common variants playing a vital role

in drug efficacy and safety, some examples incl@¥P2C9involved in warfarin
metabolismSLCO1Blimpacting statin uptake, ariaPYD influencing the metabolism of
fluoropyrimidine drugs, used in cancer treatment. There are a large number of putatively
pathogenic RVs within these pharmacogenes, likely accounting for a substantial part of the
unexplained intemdividual differences in ig metabolism phenotypes, however, the

consequences on diseases and biomarkers remain largely uneXplored

As previously discussed, common variants do not account for all the heritability observed
infamily-b ased studies. This fAmissint lehdingtot abi
the commordisease/rargariant (CBRV) hypothesi¥. As per CBRV hypothesis,
common diseases may result from many RVs on multiple genes, independent of the
CVs. This has been a motivation to examine the contributions of rare variants to common
complex traits. Two recent methods to estimate rare variarggenomic residual
maximum likelihood analysis (GREML) and burden heritability regression (BHR)s

are shown to account for unexplained heritability in height and'Biing the GREML
method, however the estimates are based on both coding amddiog variants using

WGS, restricts to RVs with 0.01%< MAF, and also makes assumptions about MAF
distributions of causal variants, which can result in biased estimatesaggbmptions are
violated. BHR is based on aggregated allele scores, with estimates much smaller than the
GREML method. A method to estimate the contributiortsuby RVs in a fast and accurate
manner, without prior assumptions, has been lacking, and this has been the primary focus

of chapters 4 and 5.

Chapter 4describes the development of ttagevariant heritability estimator (RARIty), a

novel statistical approach to enable fast and accurate estimation of the contributions of rare
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coding variants to complex, continuous trait heritability. Here we examine the effect of
aggregation of variants into gebarden on estimated trait heritability. RARity was
established as an unbiased estimation of heritability for 31 complex traitgJinuci26

blood biomarkers and 5 anthropomorphic traits using WES from British an&niesh
Caucasianpopulation in the UKBrf = 167, 348) . -feddhertabiityh al | vy,
estimates are exploreéd discover gendrait relationships and investigateethfficiency of
pathogenicity algorithmsFinally, | investigated how WES data can help address the
missing heritability question.

In chapter 5, RARitb , an adaptation of RARity for ©bi
examine the contributions of RVs on disease status on a liability scale. Witld#émsfied
many canonical genes associated with diseases and delved into the common genetic

pathways to identify secondary causes of diseases via genetics.

In summary, this thesis investigates the potential benefits of using rare variant heritability

in human genetg
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ABSTRACT

Vascular dementia (VaD) is a prevalent form of cognitive impairment
with underlying vascular etiology. In this review, we examine recent
genetic advancements in our understanding of VaD, encompassing a
range of methodologies including genome-wide association studies,
polygenic risk scores, heritability estimates, and family studies for
monogenic disorders revealing the complex and heterogeneous nature
of the disease. We report well known genetic associations and high-
light potential pathways and mechanisms implicated in VaD and its
pathological risk factors, including stroke, cerebral small vessel dis-
ease, and cerebral amyloid angiopathy. Moreover, we discuss impor-
tant modifiable risk factors such as hypertension, diabetes, and
dyslipidemia, emphasizing the importance of a multifactorial approach
in prevention, treatment, and understanding the genetic basis of VaD.
Last, we outline several areas of scientific advancements to improve
clinical care, highlighting that large-scale collaborative efforts, together
with an integromics approach can enhance the robustness of genetic
discoveries. Indeed, understanding the genetics of VaD and its path-
ophysiological risk factors hold the potential to redefine VaD on the
basis of molecular mechanisms and to generate novel diagnostic,
prognostic, and therapeutic tools.
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RESUME

La démence vasculaire (DVa) est une forme prévalente de déficience
coghnitive avec une étiologie vasculaire sous-jacente. Dans cette revue
de littérature, nous examinons les avancées génétiques récentes dans
notre compréhension de la Dva, englobant une gamme de
méthodologies comprenant des études d’association pangénomiques,
des scores de risque polygénique, des estimations de I'héritabilité et
des études familiales pour les troubles monogéniques, révélant la
nature complexe et hétérogéne de la maladie. Nous rapportons des
associations génétiques bien connues et mettons en évidence des
voies et mécanismes potentiels impliqués dans la DVa et ses facteurs
de risque pathologiques, notamment I'accident vasculaire cérébral, la
maladie des petits vaisseaux cérébraux et I'angiopathie amyloide
cérébrale. En outre, nous discutons d’'importants facteurs de risque
modifiables tels que I'’hypertension, le diabéte et la dyslipidémie, en
soulignant l'importance d'une approche multifactorielle dans la
prévention, le traitement et la compréhension de la base génétique de
la DVa. Enfin, nous décrivons plusieurs domaines d’avancées scienti-
fiques pour améliorer les soins cliniques, en soulignant que des efforts
de collaboration a grande échelle, associés a une approche
intégromique, peuvent améliorer la robustesse des découvertes
génétiques. En effet, la compréhension de la génétique de la DVa et de
ses facteurs de risque physiopathologiques pourrait permettre de
redéfinir la DVa sur la base de mécanismes moléculaires et de créer
de nouveaux outils diagnostiques, pronostiques et thérapeutiques.

Vascular dementia (VaD) is a severe form of vascular cognitive
impairment (VCI), defined as having clinically significant
deficits in at least 1 cognitive domain, along with pronounced
disruption in activities of daily living."” After Alzheimer dis-
ease (AD), VaD is the second most common major neuro-
cognitive disorder. In North America and Europe, VaD
accounts for approximately 15%-20% of all clinically diag-
nosed neurocognitive diseases, and the incidence might be
higher in Asia and developing countries.”*

There are 4 main subtypes of VaD: (1) poststroke de-

mentia, in which irreversible cognitive decline occurs within 6
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months of a stroke; (2) subcortical ischemic VaD driven by
stenosis and occlusion of small vessels; (3) multi-infarct
(cortical) dementia characterized by multiple “silent” strokes
and white marter hyperintensities (WMH); and (4) mixed
dementia, representing a combination of vascular and
neurodegeneratwe disease.”” Magnetic resonance imaging
(MRI) is a “gold-standard” requirement for a definitive clinical
diagnosis of VaD. However, a diagnosis of “probable” or
“possible” VaD is assigned in the presence or absence of
computed tomography evidence, respectively.z"

In statistical genetics, heritability refers to the proportion of
phenotypic variation in a trait that can be attributed to genetic
factors within a population. Limited data are available from
twin and other epidemiological studies to directly estimate the
heritability of VaD. Nevertheless, a compelling line of evi-
dence from epidemiological and genetic studies indicate a
significant heritability of the pathological processes and risk
factors underlying VaD. Genome-wide association studies
(GWAS) suggest heritability estimates range from 11.9% for
cerebral amyloid angiopathy (CAA) to 40% for stroke,”’
whereas twin and family studies propose heritability esti-
mates for WMH lesion volume between 50% and 80%.%”
However, the pathological processes and risk factors related
to VaD are highly heterogeneous, and pose significant chal-
lenges in diagnosis and management.

As clinicians encounter an increasing prevalence of VaD,
because of an aging population, a nuanced understanding of
the genetic underpinnings of this disorder become essential in
more effective and personalized patient care. In this review, we
aim to bridge the gap between genetic research and clinical
practice, by providing a comprehensive overview of the cur-
rent state of knowledge regarding the genetic markers, risk
factors, and molecular pathways that contribute to its onset
and pathogenesis. This review incorporates the genetics of the
cerebrovascular risk factors and diseases associated with VaD,
including stroke, small vessel disease (SVD), and CAA®
(Fig. 1). This inclusive approach aims to establish an up-to-
date overview of the genetic determinants of VaD, ensuring
the inclusion of well known genes associated with VaD. In
addition, we identify the challenges, opportunities, and future
directions for research endeavours toward earlier diagnosis,
targeted interventions, and therapeutic advancements.

Heritable Risk Factors for VaD

The high degree of heterogeneity in the clinical presenta-
tion can be attributed, in part, to individual baseline cognitive
capacities and their lifetime exposure to known vascular risk
factors. Major vascular risk factors linked to VaD include:
blood pressure, glucose levels, lipid profiles, atrial fibrillation
status, diet, body mass index, physical activity levels, and
smokmg status.”” All of these risk factors have varying levels
of genetic heritability, whereby variation in the risk factors are
influenced by variations in population genetics. These risk
factors range from moderate (5%) to highly (66%) herita-
ble."”'" Blood pressure, type 2 diabetes, low-density lipo-
protein (LDL) cholesterol, triglycerides, atrial fibrillation, diet,
body mass index, exercise, and smoking are epidemiologically
associated with greater VaD risk and have significant esti-
mated heritabilites at 15%, 66%, 8.3%, 21.8%, 14.4%,
4.8%, 24.9%, 7%, and 15.1%, respectively.m 1
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The search for common variants underlying these strong
heritability signals has been facilitated by GWAS. Powered
by microarray technology, GWAS systematically and
agnostically investigate millions of polymorphisms for asso-
ciation with disease. A recent study conducted the largest
known GWAS to date on VaD, which meta-analyzed
293,544 individuals from 12 diverse cohorts (with 2935
cases of VaD) and discovered 5 novel loci, in addition to the
Apolipoprotein E (APOE) locus. One locus (ASTN2) was
previously associated with hippocampal volume, verbal
memory, and cerebrospinal fluid amyloid levels; the other
nearby genes were associated with hypertension, diabetes,
and dyshpldemlas °

The unique combination of disease-associated variants
from GWAS enables a quantitative measurement of an in-
dividual’s genetic predisposition to diseases, in the form of
polygenic risk scores (PRS). In a study involving 198,965
initially dementia-free participants aged 60 years or older,
genetically determined hypertension was associated with a
19% increased risk of dementia over a 15-year follow-up
period (hazard ratio [HR], 1.18; 95% confidence interval
[CI], 1.11-1.27). Individuals with higher PRS for all-cause
dementia risk exhibited greater risk difference in dernentla
incidence in hypertensive vs normotensive individuals."’
Furthermore, PRS of type 2 diabetes, fasting glucose, fasting
insulin, and hemoglobin Alc are linked to a higher risk of all-
cause dementia, particularly in individuals with VaD, sug-
gesting that a subset of individuals with type 2 diabetes,
because of their genetic makeup, are more susceptible to
developing diabetes-associated dementia.'* Another study
leveraging PRS and social risk factors showed that each
additional social risk score is associated with a 24% increased
risk of VaD, with lower incidence rates observed among
participants with high genetic risk and low social risk
compared to those with high social risk."” To date, emerging
PRS are continually improving the risk predlctlon perfor-
mance for all-cause dementia and their subtypes, in addition
to the risk conferred by APOE genotypes alone.'

Another valuable genetic epidemiological method to assess
causal relationships of risk factors and disease is Mendelian
randomization (MR). MR uses genetic variants as instru-
mental variables to infer causation, by taking advantage of the
random distribution of exposure-influencing alleles. An MR
study conducted from the US Veterans Affairs Million Vet
eran program (N = 334,672) showed evidence of causality of
diabetes with VaD in non- Hispanic white (odds ratio [OR],
1.11; 95% CI, 1.07-1.15) and in non- Hlspamc black par-
t1c1pams (OR, 1.11; 95% CI, 1.04-1.19)."” This same causal
association for type 2 diabetes and VaD was also found in
213,370 Danish individuals with MR (OR, 1.53; 95% CI,
1.48-1.59)."® For dyslipidemias, some MR evidence shows
that lowering LDL-cholesterol levels by statin use might be
effective at reducing VaD risk."” Continual improvements in
polygenic quantification of VaD risk will further our diag-
nostic yield and interventional capacities in this form of de-
mentia. Although the genetics of heritable vascular risk factors
contribute to VaD, a deeper understanding of the genetic
determinants of pathological risk factors, namely, stroke,
SVD, and CAA, is crucial for comprehensively assessing VaD
pathogenesis.
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Figure 1. Etiological factors and key genetic markers associated with vascular dementia. Only genes that are most frequently implicated in the
diseases are shown. MRI, magnetic resonance imaging. Created with BioRender.com.

Stroke and VaD

Stroke, an acute neurological deficit lasting more than 24
hours, caused by an ischemic blockage or hemorrhagic
rupture, often precipitates VaD. Poststroke dementia, defined
as a diagnosis of dementia within 6 months of stroke, is one of
the main subtypes of VaD.' Even beyond this 6-month
window, ischemic stroke (IS) dramatically increases the risk
of being diagnosed with dementia. Indeed, after a stroke,
cognition only partially recovers in the short-term because
there is an unfortunate “turning point” at approximately 12
months when global cognition and many of its constituents
(attention and processing speed, memory, language, Percep—
tual motor function) begin a course of steady decline.”’ In the
Atherosclerosis Risk in Communities study (N = 15,792),
dementia incidence was > 4 times higher in stroke patients,
with dementia diagnoses occurring an average of 7 years after
the initial stroke event.”’ Furthermore, a dose-response rela-
tionship of stroke severity (as well as stroke recurrence) with
subsequent risk of dementia was observed. Even after
adjustment for vascular risk factors, HRs for incident de-
mentia in individuals with 1 minor to mild stroke, 1 moderate
to severe stroke, 2 or more minor to mild strokes, and 2 or
more moderate to severe strokes were 1.76, 3.47, 3.48, and
6.68, respectively.”' Ultimately, stroke is a major cause and
risk factor for VaD, and therefore, understanding the genetic
determinants of stroke is inextricable to understanding the
genetic etiology of VaD.

36

Rare monogenic causes of VaD—not so rare anymore?

The genetic basis for VaD is evident from early family
studies focused on rare hereditary forms of early-onset stroke.
The most extensively studied monogenic stroke disorder,
initiallgr termed, “chronic familial vascular encephalopathy” in
1977,” is now recognized as cerebral autosomal dominant
arteriopathies with subcortical infarcts and leukoencephalop-
athy (CADASIL). CADASIL is characterized by recurrent
strokes (ischemic and hemorrhagic), migraine with aura,
mood disorders, depression, epilepsy, and dementia. CADA-
SIL patients exhibit SVD markers on MRI scans including
lacunar infarcts, cerebral microbleeds (CMBs), and WMH,
typically affecting the external capsule and anterior temporal
lobe. The condition results from cysteine-altering mutations
in the NOTCH3 gene. These mutations disrupt normal for-
mation of disulfide bridges in the notch3 protein, destabilizing
the protein, and leading to the accumulation of protein ag-
gregates in cerebral vessel walls. This accumulation damages
smooth muscle cells, pericytes, and endothelial cells,
compromising vascular integrity and causing progressive
thickening of cerebral vessel walls, ultimately leading to ce-
rebrovascular insufficiency. CADASIL is among one of several
monogenic conditions resulting in increased risk of stroke and
VaD (Table 1).

Although monogenic causes of stroke were discovered by
studying rare families with a preponderance of stroke, large-
scale sequencing initiatives have revealed a higher prevalence
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Table 1. Monogenic causes of stroke and vascular dementia>*26:33:112
Pathogenic mutation Stroke Dementia
Gene Disease Inheritance carrier prevalence” risk (OR) risk (OR)
NOTCH3 CADASIL AD 0.09%-1.2% 2.65 (IS) 2.26 (All-cause)
2.42 (ICH) 5.42 (Vascular)
HTRAI CARASIL AR N/A N/A N/A
CADASIL2 AD 0.03%-0.08% 2.01 (IS) 2.17 (All-cause)
2.49 (Vascular)
COL4A1, COL4A2, Collagen IV-related brain small vessel disease AD 0.07%-0.26% 3.56 (ICH) N/A
COLGALTI AD < 0.01% N/A N/A
AR < 0.01% N/A N/A
CTSA CARASAL AD < 0.01% N/A N/A
TREX1 Retinal vasculopathy with cerebral leukodystrophy AD < 0.01% N/A N/A
GLA Fabry disease X-linked 0-0.02% N/A N/A
CECRI ADA?2 deficiency AR 0.05%-0.18% N/A N/A
ABCC6 Pseudoxanthoma elasticum AR 0.25%-0.76% 4.9 (1S) N/A
COL3A1 Vascular Ehlers-Danlos syndrome (type IV) AD 0-0.02% N/A N/A
KRIT1 Familial cerebral cavernous malformations AD 0-0.03% N/A N/A
RNF213 Moyamoya syndrome AD 0-0.78% 3.58 (LAA) N/A
1.91 (IS)

AD, autosomal dominant; AR, autosomal recessive; CADASIL, cerebral autosomal dominant arteriopathies with subcortical infarcts and leukoencephalopathy;
CARASAL, cathepsin A-related arteriopathy with strokes and leukoencephalopathy; CARASIL, cerebral autosomal recessive arteriopathies with subcortical infarcts
and leukoencephalopathy; ICH, intracerebral hemorrhage; IS, ischemic stroke; LAA, large artery atherosclerosis; N/A, not applicable; OR, odds ratio.

* Prevalence range in the Genome Aggregation Database superpopulations (non-Finnish European, Latin American, East Asian, South Asian, or African).

of pathogenic mutations in the general population than
traditionally diagnosed. For instance, although clinically
diagnosed CADASIL is extremely rare (2 cases per 100,000
individuals), NOTCH3 pathogenic mutation carriers are >
100 times more prevalent in the general population, ranging
from approximately 2 carriers per 1000 individuals of Euro-
pean descent to as high as approximately 10 carriers per 1000
individuals of East Asian or South Asian descent.”*”’ Despite
increased mutation prevalence, carriers are still at substantial
risk of stroke (OR, approximately 2-4) and VaD (OR,
approximately 5).”

Similarly, more prominent roles for other Mendelian stroke
genes in_ vsﬁporadic stroke  susceptibility have recently
emerged.z/" Classically, biallelic loss of function mutations
in HTRAI cause a severe recessive form of SVD called “severe
recessive form of small vessel disease,” with heterozygote car-
riers initially considered asymptomatic.”* However, it is now
known that heterozyséotg carriers experience a milder, later-
onset form of SVD,®" expanding the proportion of in-
dividuals with symptomatic SVD attributable to HTRAI
mutations. Indeed, HTRAI carriers are relatively common (1
carrier per 1000) and have a twofold increased risk of stroke
and VaD.”® Another example is the RNF213 p.R4810K
mutation causing Moyamoya syndrome. Even in the absence
of Moyamoya vasculopathy, this variant still confers substan-
tial risk for large artery atherosclerosis (OR, 3.58), strokes of
undetermined etiology, and strokes of other determined eti-
ology.”’“’ Remarkably, this mutation is found in 20%-30%
of Japanese patients with intracranial artery stenosis/occlusion
and approximately 2% of all East Asian individuals.””

The observation of a higher-than-expected mutation fre-
quency prompted us to systematically reassess the genetic
prevalence of rare pathogenic mutations across all known
Mendelian stroke genes.”* In a public sequencing repository
of 101,635 ethnically diverse individuals, we estimated the
total carrier prevalence of Mendelian stroke mutations to be
approximately 1%-3% depending on genetic ancestry.”* This
challenges the perception of monogenic causes of stroke as

extremely rare disorders, highlighting a prevalent subgroup at
extreme risk for VaD. The disparity between genetic and
clinical prevalence suggests reason for optimism, because
carrying a “pathogenic” mutation, rather than deterministic, is
a strong risk factor for SVD and dementia. Contemporary
research focuses on identifying disease modifiers including
genetic and nongenetic factors. For example, approximately
5% of the variance in WMH severity among CADASIL pa-
tients could be explained by an independent common genetic
predisposition for WMH.”" Finally, conventional risk factors,
such as hypertension and smoking, remain vital, exacerbating
disease risk and progression among NOTCH3 and HTRAI
carriers, reinforcing the importance of aggressive management
and treatment of vascular risk factors for pathogenic mutation
carriers.”

Common genetic variants associated with stroke
culminate in novel genomic risk predictors

In contrast to monogenic disorders, the polygenic model of
disease inheritance stipulates that many common genetic
variants (on the order of hundreds of thousands) with indi-
vidually weak effects (OR, < 1.20) combine to explain the
most of the genetic predisposition to complex diseases. For
stroke, studies estimate that the totality of common poly-
morphisms, with common being defined as having a minor
allele frequency > 1%, explain 16%-44% of the overall
variance in stroke liability (ie, heritability), depending on the
subtype. Specifically, heritability for intracerebral hemorrhage
(ICH), large artery atherosclerosis, cardioembolic stroke,
cryptogenic stroke, and small vessel stroke has been estimated
at 44%, 40%, 33%, 24%, and 16%, respectively.”” "' Alto-
gether, this indicates that a substantial proportion of stroke
risk is explained by common genetic risk factors.

GWAS with large sample sizes are necessary to uncover the
specific susceptibility loci mediating these strong heritability
signals, demanding a coordinated effort of researchers world-
wide via the International Stroke Genetics Consortium. The
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