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LAY ABSTRACT  

This thesis explores the role of genetic mutations (found in less than 1% of the population) 

in vascular dementia (VaD) and 49 other traits using data from over 167,000 individuals in 

the UK. Two tools, RARity and RARity-ɓ, were developed to measure how much the 

mutations cause traits, like height, circulating blood proteins, and diseases to vary among 

individuals. 

Review of existing research on VaD emphasizes the complexity of the disease, and 

highlights the need for large-scale, collaborative research efforts. RARity and RARity-ɓ 

showed that mutations have significant influence on measurable traits and diseases, with 

height being the most affected. These tools enabled discovery of genes linked to traits and 

assessment of current predictive tools to decide which mutations are detrimental to health. 

Overall, the findings suggest that rare genetic mutations play a crucial role in human health 

and emphasizes the need for better predictive tools to identify 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 binary traits, utilizing 

whole exome sequence from the UK Biobank (N=167,348 and N=173,688, respectively). 

This was enabled with the development of the rare variant heritability (RARity) estimator 

and RARity-ɓ. 

Genetic determinants of VaD are explored through genome-wide association studies, 

polygenic risk scores, heritability estimates, and family studies. Complexity and 

heterogeneity of the disease are highlighted, emphasizing the need for large-scale 

collaborations and integromics approaches to enhance discoveries.  

RARity estimates RV heritability (ǧ2
RV) without assuming a specific genetic architecture. 

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

27 traits, ǧ2
RV exceeded 5%, with height showing the highest at 21.9%. VaD risk factors 

such as ApoA-I, BMI, blood pressure, LDL-cholesterol, and triglycerides had ǧ2
RV of 4.6% 

to 9.9%. RARity showed RVs as the source of ñmissing heritabilityò, identified 11 new 

gene-phenotype associations using gene-level heritability estimates, and showed that 

current pathogenicity predictors do not adequately enrich for RVs contributing to trait 

variance, indicating a need for better predictive algorithms. 

RARity-ɓ estimates overall (ǧ2
RV-liab) and gene-level heritability of binary traits on a 

liability scale. Significant ǧ2
RV-liab was found for hypothyroidism, asthma, 

hypercholesterolemia, and essential hypertension, identifying 77 genes with significant 

contributions to ǧ2
RV-liab, including 70 new gene-trait relationships. The PEPB1 gene's role 

in atrial fibrillation and the TSHR gene's link to hypothyroidism and sciatica are discussed. 

Results suggest that genes contributing significantly to ǧ2
RV-liab have functional 

consequences. Overall, 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 fundamental principles of quantitative genetics, genotyping 

methodologies, association study frameworks, estimations of trait heritability, development 

of genetic risk scores, techniques for causal inference, and network and pathway analyses. 

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 disease, and Huntington's disease, adhere to Mendelian mode of inheritance, 

constituting a relatively simple genetic etiology1. This 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 understood.  In contrast, most human traits are complex in 

nature, being multifactorial and influenced by a myriad of genetic variants, and 

environmental factors. Such genetic variants are dispersed throughout the genome, across 

hundreds of genes and intergenic regions2. Examples of complex traits include height, 

circulating blood biomarker levels, BMI, diabetes, and cardiovascular diseases. A 

comprehensive understanding of the factors influencing these traits are crucial for the 

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 large-scale biomarker measurements have enabled the establishment of 

large biobanks, such as Trans-Omics for Precision Medicine (TOPMed), UK Biobank, 

FinGenn, and All  of US, with a range of genotype and phenotype data at the population 

level. This in turn has enabled advancements in state-of-the art genetic methodologies and 

novel discoveries. Traditionally, the genetic variations have been categorized broadly into 

two classes: common variants (CVs) and rare variants (RVs). In this thesis, variants with 

minor allele frequency (MAF) <1% are defined as RVs, and MAF>=1% as CVs. In 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 genetic variants3. 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 

variants4-6. 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 high-throughput analysis of thousands 

of genes simultaneously7. This technique is relatively fast and cost-effective for large-scale 

studies but is limited to known sequences, with lower sensitivity and specificity compared 

to NGS. In contrast, NGS involves massively parallel sequencing, providing detailed 

nucleotide sequences of DNA. This technology boasts high sensitivity and specificity, 

capable of detecting rare, low-abundance sequences and discovering novel variants8. 

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 settings, especially for high-throughput sequencing needs. 

1.4 STATISTICAL GENETICS  

Statistical genetics is a field of study aimed at the development and application of analytical 

methods to derive inferences from genetic data. It involves the use of statistical models and 

algorithms to explain the genetic basis of phenotypic variations and 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, and evolutionary constraints on the variations in a trait 

within a population9. The genetic architecture of a trait not only informs on the sources of 

variation between individuals but has 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 research. The 

following sections provide brief summaries of common statistical approaches that are 

amenable to quantifying the risk and statistical significance of putatively disease-causing 

variants. Applications of these methods are also described in chapter 3 in the 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 as compared to the next generation sequencers (NGS). 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 Genome wide association 



Ph.D. Thesis ï Nazia Pathan, McMaster University ï Medical Sciences 

 

 

 
5 

studies (GWAS), SNP-heritability, 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 high-density 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 genome10. Linkage 

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 tests between the 

genetic markers and phenotypes, reporting blocks of correlated SNPs that all show a 

statistically significant association with the trait of interest. Ultimately, the genetic markers 

are prioritized based on association testing with a phenotype of interest. Since the test 

incorporates all SNPs in the genome, vs pre-specified candidate variants/ genes, it is 

characterized as the first hypothesis-free 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 GCTA-MLMA, GEMMA, EMMAX were dependent on mixed 

models to improve power, and account for population structure and relatedness; while the 

third generation was necessitated with large-scale biobanks (N>25,000) and includes linear 

mixed models using BOLT-LMM and Fast-GWA-LMM, as well as REGENIE, SAIGE 

and POLMM which utilize linear/logistic mixed models allowing for correction of case-

control imbalance11. GWAS typically analyze each SNP-phenotype pair, typically 

corrected for covariates such as age, sex, population structure, and for multiple-testing 

using Bonferroni corrected p-value to avoid false positive results, i.e. for testing 1 million 

common variants in the human genome, significant SNPs have p-value < 5³10-8. 



Ph.D. Thesis ï Nazia Pathan, McMaster University ï Medical Sciences 

 

 

 
6 

 

Since 2005, when the first GWAS identified a common risk allele in the CFH gene with 

large effect size for age-related macular degeneration12, many additional genomic risk loci 

have been associated with diseases and traits. Some examples include the identification of 

the 9p21 loci associated with myocardial infarction, CAD, carotid atherosclerosis, stroke, 

aneurysms, congestive heart failure and CV mortality13-15, FTO for obesity and PTPN22 

for autoimmune diseases10. As of May 2024, the GWAS catalog reports 10378 entries on 

the SNPs associated with cardiovascular disease (CVD) and 5498 entries on the SNPs 

associated with type-2 diabetes (T2D) mellitus, even after applying a stringent Bonferroni 

correction16. 

  

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 microarray. It has been shown that most traits are affected by thousands of SNPs, each 

individually conferring low risk and often demonstrating pleiotropic effect on multiple 

traits17. Additionally, these risk loci are not necessarily located in the coding region and a 

strongly associated variant may not necessarily be causal; instead it may be in LD with a 

functionally relevant allele that is located in close proximity at this locus18. Together, these 

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

  

In the post-GWAS era, several methods have been developed to apply, interpret, and 

identify the impact of the hundreds or thousands of SNPs associated with each trait by 

GWAS. These methods include SNP based heritability, polygenic risk scores (PRS), 

Mendelian randomization (MR) studies, and complex network and pathway analyses, each 

of these methods are described below 19. 
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1.5.2 HERITABILITY  

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 variance ὠg and the environmental variance ὠe: 

ὠp = ὠg + ὠe 

  

The genotypic variance Vg, can be further explained as being the sum of the additive (a), 

dominant (d), and epistatic (i) variance components: 

 

ὠg = ὠa + ὠd + ὠi 

 

However, research has shown that the effects of non-additive genetic effects (ὠd + ὠi )  are 

minute, and thus broad sense heritability (H2) quantifies the proportion of phenotypic 

variance explained by both genetic and environmental variance in a population3.  

Ὄ
ὠ

ὠ
 

Conversely, narrow-sense heritability (h2) can be defined as estimating only the effect of 

additive genetic variation on the phenotypic variations in a population. In the simplest form 

h2 is defined as: 

 

 

Ὤ
ὠ

ὠ
 

 

 

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 populations are 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 more likely to display larger 

heritability effect sizes as the phenotypic variation (Vp) is 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 relatives, such as the 

correlation of offspring and parental phenotypes, the correlation of full or half siblings, and 

the difference in the correlation of monozygotic (MZ) and dizygotic (DZ) 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.  

  

Genome-wide significant heritability emerged with the need to assess the total 

contributions of the SNPs identified in GWAS and led to the development of Genome-wide 

significant heritability (ǧ2
GWS) 

21. With this method, it was observed that the estimated 

variance explained by genome-wide significant (GWS) SNPs discovered in GWAS was 

only a fraction of the estimated heritability from family or twin studies22, an issue known 

as the problem of ñmissing heritabilityò. For example, the ǧ2
GWS of human height was 

around 15%, compared to the ǧ2 of 80% from family or twin studies23-25; similarly by 2016, 

over 700 variants identified for cardiovascular disease accounted for no more than 10% of 

the heritable risk18. This sparked concerns about the usefulness and cost-effectiveness 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 
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GWAS, gene-by-gene interactions, gene-by-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 the non-significant SNPs may contribute to 

the overall trait heritability, SNP-heritability (ǧ2
SNP) was developed. SNP-heritability is the 

estimation of the variance explained by all SNPs used in a genome-wide association study 

(GWAS) in unrelated individuals, using either individual or summary level GWAS data. 

This has allowed estimation of the overall contributions of common variants to trait 

heritability, provided that all SNPs are represented on the genomic array. Through this 

effort, it was discovered that the SNP heritability is significantly larger than GWS 

heritability, such as in height where the estimates are 10-20% and 40-50%, respectively25. 

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 establishment of large 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. 

  

1.5.3 POLYGENIC SCORE 

GWAS and ǧ2
SNP 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 

is to enable prediction of traits based on a personôs genetic makeup and is the only approach 

that provides an estimate of genetic liability to a trait at the individual level. GRS is the 

cumulative risk estimates derived from the aggregation of risk contributions of GWS SNPs 
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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 statistics26. This is statistically represented as: 

 

 

ὶ ‍ὼ  

 

Where ri represents the risk; i, represents the individual number; j is the SNP number 

ranging from 1 to k; ‍ is the weight for each SNP derived from the associated GWAS, and 

xij corresponds to the allele number for the j th SNP of the i th individual. GRS can be 

extended to PRS / PGS when non-GWS SNPs are included to reflect the polygenic nature 

of traits27.  

 

PRS may be particularly useful for complex diseases such as coronary artery disease, atrial 

fibrillation, type 2 diabetes, inflammatory bowel disease, and breast cancer, as they are 

shown to have risk factors similar to monogenic disorders28. Individuals with higher PRS 

was shown to increase the risk of early onset coronary artery disease by two-fold in 23% 

of the participants (N=7 of 30)29. In another study, patients with higher PRS for 

schizophrenia tended to have less improvement with antipsychotic drug treatment30. 

 

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. A comparison 

of these models, applied to psychiatric disorders is summarized by Ni, et al. (2021)31. 

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 outcomes26.  
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1.5.4 MENDELIAN RANDOMIZATION  

Associations, or correlations between two variables, does not axiomatically denote 

causality. This is because associations are susceptible to unknown 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 robust association with an exposure 

such that these instruments can 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 fixed nature and Mendelôs First and Second Laws 

of Inheritance. In essence, the random assortment of alleles from parents to offspring 

effectively segregates participants into groups based on the presence or absence of specific 

genetic variants32.  This process mirrors the randomization principle employed in 

randomized controlled trials (RCTs). 

 

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 genome-wide significance threshold for 

association in an independent sample (P < 5 × 10-8), 2) the genetic variant should not be 

associated with confounders of exposure-outcome 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 assumptions 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 

limitations32. The most basic MR method uses a single SNP instrument and is based on the 

following statistical model, implementing ratio coefficient method or Waldôs ratio33: 

ὙὥὸὭέ ὩίὸὭάὥὸὩ έὪ ὧὥόίὥὰ ὩὪὪὩὧὸ
‍ȿ

‍ȿ
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Where ‍ȿ and ‍ȿ 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 multiple SNP instruments34,35.  

 

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 LDL-C and the risk of CHD, mediated by SNPs in the NPC1L1, 

HMGCR, and PCSK9 genes36,37. Furthermore, NPC1L1, HMGCR, and PCSK9 proteins are 

targets of the drugs ezetimibe, statins, and PCSK9-inhibitors, respectively, to reduce LDL-

C levels, as confirmed with RCTs. Consequently, MR studies, especially when using 

previously published summary-level genetic association data, provide a rapid and 

affordable approach to evaluating causal questions, especially when RCTs cannot be 

implemented due to logistical or ethical reasons38. 

 

1.5.5 NETWORK AND PATHWAY ANALYSES  

Network and pathway analyses help in understanding the biological implications of the 

observations in óomics data and their 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 include (Kyoto Encyclopedia of Genes and Genomes 

(KEGG), Reactome, WikiPathways, gene ontology (GO), transcription factor database 

(TRANSFAC) and miRTarBase39. Results from GWAS and other multi-omics data, such 

as exome-wide associations, mRNA/miRNA expression, protein expression, and DNA 

methylation. typically lead to a list of genes, which are sometimes prioritized according to 

a ranking system. The enrichment of these genes in the various pathways using tools such 

as g:profiler, GSEA, Enrichr and MAGMA provide mechanistic insights into the biological 

relevance of these genes39,40. When a gene or itsô products are involved in multiple 

pathways in a context-specific manner, the result is a network. Networks are particularly 
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powerful as they allow visual mappings of many interactions across different data-types. 

The intuitive display for biological data in networks is established with the biological 

elements represented in nodes, which are linked to each other by directional or non-

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 demonstrate 

networks from single-data types, such as GeneMania for gene-gene interactions and 

STRING for protein-protein interactions39. Additionally, platforms like Cytoscape have 

been built that integrate multiple application programs to visualize complex networks and 

integrate these with any type of attribute data targeting any specific case use41. 

 

1.6 STRATEGIES TO DETECT RARE VARIANTS   

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

effect size, as the allele frequency decreases the power to detect genes or variants of interest 

also decreases. Several platforms and methods have been used in the rare-variant 

associations with biomarkers and diseases, this includes extreme-phenotype sampling, 

family-based studies, GWAS chip and imputation, targeted region sequence, whole exome 

sequencing, and whole genome sequencing. 

 

The extreme-phenotype sampling method is done by selecting participants with extreme 

traits, defined by a specific threshold. Extreme-phenotype sampling potentially enriches 

the samples with the presence of causal rare variants and thus requires a smaller sample 

size, for example, the ABCA1, APOA1, and LCAT genes have been related to low HDL-C, 

found by studying families with extreme high-density lipoprotein (HDL) phenotypes42. 

However, with this method, the outcome may 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 power to detect loci with smaller effects43,44. 
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Family-based studies in which several family members share the same phenotype may 

provide more statistical power than regular population-based case-controls studies45,46. This 

type of study has been very successful in identifying large effect, highly penetrant, and 

monogenic Mendelian disorders47. In addition, a major benefit of family-based studies is 

the common genetic background of the studied subjects, which means that there are no 

issues related to population stratification. This was the method used to detect the role of 

PCSK9 mutation on autosomal dominant hypercholesterolemia48 and most other mutations 

reported in Online Mendelian Inheritance in Man database (OMIM, 

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

studies, including establishing and analyzing the complex and incomplete pedigree 

sequence, low sample size, a challenge of replication in large cohorts, inadequate capture 

the full spectrum of RVs present in the population, and considering the late-onset nature of 

many diseases it is also difficult to obtain genetic information from parents49. Put together, 

this makes it difficult to study complex traits with family-based studies. Nonetheless, as of 

May 2024, the OMIM reports over 7,528 of Mendelian diseases linked to rare variants, 

though their validity in the context of population genetics and replicability has been 

questioned. Consequently, efforts to examine these gene-disease associations in large 

biobanks and to curate them via efforts like the ClinGen Gene-Disease Clinical Validity 

Curation processes are underway50. 

 

Currently, exome-wide 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 with numerous diseases, including insulin traits, liver disease and lipid 

levels47. GWAS based RV associations have also proved to be successful when followed 

by targeted region sequencing. Some examples include novel associations between rare 

variants in APP and Alzheimer's disease and between rare variants in PDX1 and T2D51,52. 

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 included genetic 

https://www.omim.org/
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variation in ABCA1 and PCSK9 associated with HDL and LDL-C levels, respectively42,53. 

The biggest drawback of using targeted region based platforms is that they are not as 

exhaustive as whole exome sequencing and will miss a large amount of very rare genetic 

variation47. 

 

Regardless of the platform used to study rare variants, the overarching 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  

NGS has been used to mitigate the limitations of the above-mentioned methods in a large 

number of unrelated populations. NGS, 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 association54. Recently, sequencing studies have 

identified hundreds of genes containing rare coding variants, and these variants can have 

much larger effect sizes than CVs55-58. The exomes constitute 1%- 2% of the genome and 

house a majority of the rare protein-altering mutations, which are responsible for disrupting 

the function of the coded proteins and are therefore thought to be responsible for the 

majority of the deleterious phenotypes. This makes WES more cost-effective than WGS 

and better at studying rare variants. WES in human medicine also benefits from the 

availability of many large databases of single-nucleotide-variants (SNVs), known 

pathogenic variants, and control genomes54. 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. 

  



Ph.D. Thesis ï Nazia Pathan, McMaster University ï Medical Sciences 

 

 

 
16 

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 computational burden of 

testing a large number of variants simultaneously. Conventional methods designed for 

common variants may lack power or result in bias when applied to RVs. Despite these 

challenges, large-scale biobanks provide extensive genetic and phenotypic data, 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 non-functional. Effective quality control steps reduce the number 

of variants, for example, by removing intronic, singletons, and common variants. This 

reduces the burden of multiple testing and single-to-noise ratio, thereby reducing false 

positive results or type-1 error. Prioritization of variants may also increase biological 

interpretability of variants. Annotation tools such as ANNOVAR59, Variant Effect 

Predictor (VEP),  and (Database for Nonsynonymous SNPs' Functional Predictions 

(dbNSFP)60, utilize a wide array of publicly available databases to enable prioritization of 

variants. A fair number of pathogenicity scores has also been developed to prioritize 

variants, based on evolutionary constraints, predicted protein alterations, disease severity, 

experimentally measured regulatory effects and complex trait associations, or a 

combination of various factors. These methods usually leverage supervised or unsupervised 

machine learning techniques to enable assessment and prioritize variants. A few examples 

of pathogenicity scores include Combined Annotation Dependent Depletion (CADD)61, 

Mendelian Clinically Applicable Pathogenicity (M-CAP) score62, Rare Exome Variant 
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Ensemble Learner (REVEL)63, Sorting Intolerant From Tolerant (SIFT)64, Polymorphism 

Phenotyping (PolyPhen)65, and Variant Annotation, Analysis & Search Tool (VAAST)66.  

  

Once RVs are selected, statistical methods are applied to identify variant-trait relationships. 

Commonly used statistical methods for studying RVs are centered around association 

testing. The most widely used methods are gene-burden tests and variations of SKAT, as 

described below. 

  

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 with one reference 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 effectively aggregates the variants to 

a single gene-score, thus reducing the burden of multiple testing and potentially increasing 

the power of association using a regression model. Most 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 gene-burden tests, where variants are weighted based on rarity and 

pathogenicity under additional assumptions about effect sizes67. 

  

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 than burden 

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 SKATs limitations but 

might be slightly less powerful than burden or variance-component tests if their underlying 

assumptions are held. While SKAT and SKAT-O focus on association testing, gene-burden 

testing variant aggregation are broadly applicable in any situation that necessitates treating 

a gene as a unified entity67,68. 

  

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 in a few 

publications which will be explained in detail in relevant chapters 4 and 5. 

 

1.10 HUMAN VARIABLES  

1.10.1 TYPES OF VARIABLES 

Identification and description of human variables used in a study is a necessary component 

in genetic research. Statistical 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 variables can take any value within 

a range, such as anthropomorphic traits 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 non-numerical. 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 non-diabetic, it is called a binary or 

dichotomous variable. 

 

The nature of variablesðwhether categorical, continuous, or a mixðguides the selection 

of appropriate statistical tests and models. For example, categorical variables are often 

analyzed using frequency tables, chi-square tests, or logistic regression, while continuous 

variables can be analyzed with techniques like t-tests, ANOVA, correlation or linear 

regression.  

1.10.2 BIOMARKERS, ANTHROPOMORPHIC TRAITS AND, DISEASES  

Although understanding the genetic basis of disease status is important for direct diagnosis 

and prognosis of diseases, combining human genetics with biomarkers could help bridge 

the gap between the human genome and diseases69, accelerate pre-clinical diagnosis, 

prognosis, improve disease subclass, identify and validate therapeutic targets70,71,  help 

predict long-term consequences of pharmacological intervention72, enhance patient 

stratification73, and enable repurposing of existing drugs74. Anthropomorphic traits (such 

BMI, waist-to-hip-ratio and blood pressure), blood proteins, 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 diseases. A prime example of the benefits of gene-

biomarker studies is the discovery of the relationship between proprotein convertase 

subtilisin/ kexin type-9 (PCSK9) gene and low-density lipoprotein cholesterol (LDL-C) 75. 

LDL-C is a well-established biomarker for cardiovascular health, where higher levels of 

LDL are associated with an increased risk of coronary heart disease (CHD)76. A gain-of-

function missense variant of PCSK9 was associated with an autosomal dominant 

hypercholesterolemia48. Conversely, a loss-of-function variant in the PCSK9 gene 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 CHD77,78, these relationships were later 
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proven through functional studies79,80. 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 reducing the risk of CHD and incidence of heart attacks and 

other cardiovascular events81,82. Furthermore, genetic screening for PCSK9 mutations can 

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

lowering therapies83. 

In this thesis, I studied the contributions of genetic variants on dichotomous 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 

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

and can provide a hypothesis-free method to identifying gene-trait relationships. 

2.2 GENERAL OBJECTIVE  

The overall objective of this PhD thesis is to estimate the collective contributions of genetic 

rare variants to trait heritability and to prioritize genes based on gene-level rare variant 

heritability estimates. 

2.3 RATIONALE AND APPROACH  

Complex traits range from quantitative 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 biology reveal that 

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 diagnostic biomarkers 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 comprehensive 

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 cerebral amyloid 

angiopathy (CAA). Consequently, this chapter offers a thorough examination of 

contemporary genetic methodologies employed in deciphering disease mechanisms and 
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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 and other 

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 VaD1,2. However, 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 the UKB WGS (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 variants (non-singleton, 

MAF<0.1%)3. Similar conclusion was also made by Taliun, et al. 2021 using the WGS 

from TopMed program 4. 

  

Most known pathogenic variants are rare, and generally have large magnitudes of effects 

on traits. For example, RVs in  RB1, BRCA1/BRCA2, LMNA and NOTCH3 are well known 

predictors of retinoblastoma5, breast and ovarian cancer6, familial lipodystrophy7,8, and 

Cerebral Autosomal Dominant Arteriopathies with Subcortical Infarcts and 

Leukoencephalopathy (CADASIL)9, respectively.   

 

Several algorithms 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, pharmacogenomics has shown several common variants playing a vital role 

in drug efficacy and safety, some examples include CYP2C9 involved in warfarin 

metabolism, SLCO1B1 impacting statin uptake, and DPYD 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 inter-individual differences in drug metabolism phenotypes, however, the 

consequences on diseases and biomarkers remain largely unexplored10.  

 

As previously discussed, common variants do not account for all the heritability observed 

in family-based studies. This ñmissing heritabilityò may be explained by RVs11, leading to 

the common-disease/rare-variant (CD-RV) hypothesis12. As per CD-RV 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 variants are genomic residual 

maximum likelihood analysis (GREML) and burden heritability regression (BHR).  RVs 

are shown to account for unexplained heritability in height and BMI13 using the GREML 

method, however the estimates are based on both coding and non-coding 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 estimates if the assumptions are 

violated14. BHR is based on aggregated allele scores, with estimates much smaller than the 

GREML method. A method to estimate the contributions of truly 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 4 describes the development of the rare variant 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 gene-burden on estimated trait heritability. RARity was 

established as an unbiased estimation of heritability for 31 complex traits, including 26 

blood biomarkers and 5 anthropomorphic traits using WES from British and non-British 

Caucasian population in the UKB (n = 167,348). Additionally, gene-level heritability 

estimates are explored to discover gene-trait relationships and investigate the efficiency of 

pathogenicity algorithms.  Finally, I investigated how WES data can help address the 

missing heritability question. 

  

In chapter 5, RARity-ɓ, an adaptation of RARity for binary trait heritability, is utilized to 

examine the contributions of RVs on disease status on a liability scale. With this I identified 

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 genetics. 
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CHAPTER 3: 

GENETIC DETERMINANTS OF VASCULAR DEMENTIA  

Published in the Canadian Journal of Cardiology. (August 2024) 
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