
Imperial College London

Doctoral Thesis

Statistical Approaches for Copy

Number Variation Detection and

Association with Complex Human

Phenotypes

Author: Tisham De

A thesis submitted in fulfilment of the requirements

for the degree of Doctor of Philosophy

in the

School of Public Health

29.06.2014



Declaration of Authorship

I, Tisham De, declare that this thesis titled, ’Statistical Approaches for Copy Number

Variation Detection and Association with Complex Human Phenotypes’ and the work

presented in it are my own. I confirm that:

⌅ This work was done wholly or mainly while in candidature for a research degree

at this University.

⌅ Where I have consulted the published work of others, this is always clearly at-

tributed.

⌅ Where I have quoted from the work of others, the source is always given.

⌅ I have acknowledged all main sources of help.

Signed: Tisham De

Date: 29.06.2014

i



”Facts are stubborn, but statistics are more pliable”

Mark Twain



Abstract

Copy number variants (CNVs) play an important role in the disease pathogenesis, in-
cluding epilepsy, diabetes and many others. CNVs, are also known to a↵ect cellular
phenotypes through several phenomenon such as gene dosage.

Next generation technologies for sequencing (DNA and RNA) and metabolite profiling
(metabolomics) has led to the systematic discovery and evaluation of various genomic
variants and their relationship to multiple phenotypes. Such approaches often involve
application of several statistical and machine learning methods for unravelling new rela-
tionships between genomic variants and phenotypes i.e. disease outcomes or quantitative
traits characterized at the molecular level.

This thesis explores and develops several statistical methods for CNV detection and
association with complex human phenotypes, in particular for epilepsy drug-response,
epilepsy susceptibility, metabolomics and gene expression.

In more detail, chapter 3, describes a genome wide CNV association analysis for two
phenotypes including epilepsy susceptibility and epilepsy drug response. I have identified
several important candidate genes for these two phenotypes, including the top most
associated genes, SLC9A1 (p-value=6.69E-15) for epilepsy susceptibility and WWOX
(p-value=1.93E-3) for epilepsy drug response. These associations were replicated in a
separate Australian cohort and were further validated in lab and in-silico, leading to
some positive and negative confirmation.

In chapter 4, I present CNV association with metabolomic data in the exonic regions
of the TSPAN8 gene. A strong association signal was detected in the 6th exon and
7th exon of the TSPAN8 gene, where a large proportion of metabonomic lipid pheno-
types were found to be associated with univariate (P-value=7.64E-4) and multivariate
(P-value=1.33E-6) approaches. These CNVs were also found to be nominally associ-
ated with type 2 diabetes (P-value=3.32e-7). In addition, I also carried out advanced
multivariate based association analysis to corroborate these results and further reported
sequencing based validation results for TSPAN8 exonic CNVs in di↵erent human pop-
ulations from the 1000 genomes project.

In chapter 5, I report a genome wide CNV association analysis with gene expression
in ten di↵erent regions of the human brain. I identified a novel CNV near the DRD5
gene which was found to be strongly associated with gene expression. Further, I have
reported on-going e↵orts to replicate and validate this finding.

Each of these di↵erent phenotype categories analysed posed its own unique challenges
and required specific approaches for analysis and interpretation.
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Chapter 1

Introduction

1.1 Overview of the thesis

This thesis has explored various statistical approaches for detecting and associating Copy

Number Variation (CNV) with complex human phenotypes. Such phenotypes analysed

in this thesis can be broadly categorized into various concepts related to omics field in-

cluding genomics, metabolomics and transcriptomics. These phenotypes analysed were

novel drug response outcome for epilepsy, susceptibility to epilepsy in the UK population

-genomics, well characterized metabolite signatures acting as proxy for disease outcomes

like type 2 diabetes (T2D) -metabolomics or metabonomics and other molecular pheno-

type a↵ecting gene expression through the RNA molecules -transcriptomics.

In chapter 1, I have reviewed the background and some of the concepts related to

omics. Next, I have described the genetics background and some concepts related to

CNVs, particularly in light of some of the recent large-scale genome-wide association

studies (GWAS). In this section, I have shown how GWAS has endeavoured to find the

putative role of CNVs and other genomic variations for several common and rare human

diseases. I have further mentioned some of the successful discoveries from the application

of such approaches. I have next described how some of these high-throughput technolo-

gies has enabled detection and validation of CNVs in large number of individuals, with

high fidelity. Finally, I have discussed the merits and short-comings of such methods,

and further tried to analyse the settings where they are most appropriate.
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In chapter 2, I have discussed some of the current statistical methods and algorithms

which are commonly used to detect and characterize CNVs from high-throughput plat-

forms. In addition, I have further discussed the various association models used for

finding relationships between the detected CNVs and various phenotypes which can be

binary or quantitative. Some of the statistical frameworks used for CNV discovery and

association include several parametric and non-parametric methods, Bayesian methods

like hidden Markov models (HMM) and several applications of the generalized linear

model (GLM). I have also covered some of the basics for important concepts related to

clustering, variable selection, multiple testing and linkage disequilibrium (LD). Some of

these concepts have direct application and relevance in the analysis work I have presented

in the later chapters.

In chapter 3, I have reported the results from a genome-wide CNV analysis in epilepsy.

This analysis was done with two study designs, one where I looked for CNVs conferring

susceptibility to epilepsy in the general population and a second study design where

I looked for CNVs associated with response to anti-epileptic drug (AED) medication

stratified within a single epilepsy cohort. I have reported some of the novel findings from

these two analyses. Next, I have discussed the validation e↵orts and clinical implications

for these findings and lastly, I conclude with the future directions in the field of drug-

response related study designs in genomics. In the end, I have also briefly discussed and

reported results from a novel CNV-detection method based on the statistical concept of

clustering.

In chapter 4, I have reported results from a targeted analysis of metabonomic signa-

tures of a common CNV in the TSPAN8 gene in two Finnish cohorts. I have further

compared results for this association using univariate and multivariate association meth-

ods. Some of the novel statistical methods I have applied and reported in this section

include an approach for variable selection and a method for regressing out batch e↵ects

from the association framework. I have also characterized TSPAN8 CNVs using the

1000 genomes (1KG) next generation sequencing (NGS) results for di↵erent populations

and have further reported their allele frequencies. I have also mentioned some of the

other statistical issues I have addressed in this analysis such as multiple testing and

imputation of missing data.
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In chapter 5, I have carried out a genome-wide CNV detection and association analysis

with gene expression for the UK Brain Expression Consortium (UKBEC) study. I have

reported a novel CNV found to be strongly associated with gene expression. I have

further validated this CNV and analysed the expression-profile around this CNV through

NGS results from the 1KG data (both DNA and RNA). I have also reported ongoing work

for replicating this association in a separate cohort in North American Brain Expression

Consortium (NABEC). In addition, as a foundation for future development for a novel

framework for analysing large scale omics dataset (such as the CNV-eQTL ), I have

reviewed the general theory behind matrix algebra for the commonly used linear model

for association. Using this theory, I have applied and reported some of the preliminary

results for compute intensive matrix operations on the parallel computing architecture

of Graphics Processing Units (GPU).

In chapter 6, I have discussed some of the ongoing work and the future plans for work

related to CNVs, genomics and personalised medicine. Lastly, I have summarized the

important methods developed and the results obtained in this thesis.
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1.2 Omics background

The su�x omics originated from the Greek language and refers to the idea of totality of

some sort. In the field of biology this idea has translated into various specific domains

related to biological molecules which can confer structural and functional characteristics

of an organism. Some of the current omics field which has come into increased attention

in recent times are genomics, proteomics, transcriptomics and metabolomics. These spe-

cific domains of omics have become increasingly crucial for understanding the molecular

basis for several human diseases, which are believed to be manifested through unknown

complex structural and molecular phenotypes. The field of functional genomics aims at

finding genes in a given organism and its interplay with other omics such as transcrip-

tomics, proteomics and metabolomics.

1.2.1 Genomics

The genome refers to the totality of DNA in an organism. In humans the genome is

comprised of 23 chromosome pairs, where each strand of DNA comes from one parent.

Though the genome of each human individual is more than 99.9% similar, the 0.1%

di↵erence accounts for much of di↵erence that we see amongst ourselves. We now know

that some of these di↵erences can also be a causal factor for some of the heritable diseases

like diabetes, obesity and epilepsy. Current genomic studies with the aid of recent high-

throughput technological advances aim to find these minute di↵erences in the human

genome which can a↵ect susceptibility to various diseases.

One of the most common forms of genetic variation often used in current large scale

genomic studies is Single Nucleotide Polymorphism (SNP) [1]. SNPs are a single base

pair change in the DNA at a particular location of the genome. In disease association

studies SNPs are often associated with disease phenotypes or assumed to be lying in the

vicinity of the true causal variant for the disease. This phenomenon has been exploited

through high-throughput technologies like bead-array and NGS [2] based platforms for

inferring disease causal genomic variants at the population level. These methods include

gene mapping studies, fine mapping of genomic regions and the most popular approach

which has been recently applied is genome-wide association studies (GWAS). GWAS

aims at finding associations between the genomic variations and disease phenotypes of
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interest. These phenotypes when related to diseases are often binary in form (a↵ected

and una↵ected) or can be quantitative measurements like body mass index (BMI) [3] or

blood serum levels [4]. All these phenotypes have been found to be heritable in humans,

often through twin studies. Heritability of the phenotypes is an important aspect of

GWAS studies and in this scenario refers to the phenotypic variance explained by the

genotype, relative to the overall phenotypic variance [5].

There are several risk models used in the GWAS terminology at present, namely

recessive, dominant, additive and multiplicative models. All these models have di↵erent

encoding for SNPs [6]. In order to determine the association statistics for these models,

construction of contingency tables for all the SNPs genome-wide is prohibitive (because

of the billions of comparisons to be done, for e.g. 1 million SNPs for thousand people

will require more than a billion comparisons) and hence in this scenario regression based

models are often used.

Computational time for GWAS analysis is usually long. For example for a continuous

trait analysed for 6000 individuals for 2.5 million SNPs can take up to 6 hours on a

regular computer for analysis [7]. This kind of computation time is likely to increase

in future with larger number of SNPs genotyped and for large sample sizes from big

meta-analysis consortium. Further, the logistic regression based GWAS analysis will

require more time since logistic regression involves coordinate descent methods for model

convergence which are computationally intensive. However, some easy solution to this

problem exists. GWAS analysis can be made parallelised easily because of the analysis of

each SNP independent of each other. In addition to this, further speed up in computation

time can be achieved by using optimised matrix operations and leveraging on the model

sparsity [8].

One popular method in the regression setting is the univariate logistic regression

model. Though this model has been widely used and has shown to work well, there are

several drawbacks for this approach. This includes the problem of non-independence of

the univariate tests. All SNPs used in the model, which are considered as predictors in

the univariate model, are actually not independent of each other due to the existence

of LD and haplotype structure. This can lead to bias in the results and the genome
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wide p-value may need to be corrected and adjusted. In this scenario several alter-

native multivariate methods which can consider all SNPs simultaneously have shown

much promise and are perhaps more appropriate in the real GWAS setting [9]. These

multivariate methods usually assume an additive model of inheritance. However these

methods are computationally intensive and harder to interpret.

The above mentioned analysis framework, which is usually more common for SNPs

can also be extrapolated and applied for other genomic structural variants like CNVs.

Unlike SNPs the number of genotypes can be more than two and can be further as-

signed probabilistic measures of copies in CNV confidence based on the certainty of

their detection [10].

1.2.2 Metabolomics

Metabolomics refers to all low molecular components in a biological sample which are

end products of a chemical process in a cell. A related field is metabonomics [11] which

is defined as the quantification of the metabolic response of an individual to genetic

or external influence. It can also be understood as the application of systems biology

approach to metabolomics. The metabolome plays an important role in the functional

physiology of an individual. There are three levels of influence for the metabolome

which is dynamic and varies with time. The first two levels of influence are primary

level of control through the host genome and the third level of control is through the co-

metabolome i.e. the overall influence of all micro-organisms like bacteria, protozoa etc.

present in the body. Recently, there has been increased interest in the gut-microbiome

which has shown to play an important role in shaping the physiology of an individual

and also influencing the disease-susceptibility. A complete sequencing of the micro biota

of obese and lean twins [12] has shown that there are substantial di↵erences in their

composition and characteristics thus indicating their influence to disease susceptibility.

A deep characterization of the influence of gut-microbiome on metabolomics can reveal

important facts regarding disease susceptibility for an individual and more work remains

to be done in this area. The last level of control on the metabolome is through the

external environment of an individual including diet and other lifestyle factors. The

influence of external environment is more dynamic and more di�cult to characterize,

yet its influence remains important.
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Several high-throughput methods have been developed in the recent years which can

enable deep characterization of the metabolome. These technologies include the so-

phisticated nuclear magnetic resonance imaging (nMRI), Proton NMR (H NMR) and

widely used mass spectrometry. These developments have been successful in better un-

derstanding the role of metabolomics in several common diseases like T2D [13], cancer

[14] and cardiovascular diseases [15]. These findings have also seen the development of

a large number of online resources such as databases and software. One such widely

used database is the human metabolome database [16]. This database was established

to catalogue all existing knowledge about metabolites and their functions.

1.2.3 Transcriptomics

Transcriptomics refers to study and characterization of all RNA molecules in the cell,

especially the translated mRNA from DNA. The main purpose behind characterizing

mRNA levels is to determine which genes are expressed and how they vary with time or

with disease states. In cell DNA quantity remains constant but levels of RNA changes

with time and with other factors, like cellular environment and tissue type. This dynamic

nature of RNA is attributed to both heritability and its environment. These factors make

it di�cult to characterize the influence of RNA in shaping an organism’s phenotype.

Several high-throughput technologies have been developed in order to quantify mRNA

levels. These include microarray based methods, qPCR and NGS platforms for RNA like

RNA-Seq [17]. These approaches are based on di↵erent technologies and have di↵erent

merits and purposes based on the desired objective. The microarray based hybridisation

approach uses gene-specific probes and is designed from the cDNA. This is used in order

to hybridize the RNA molecules first and then measure the intensity.

This intensity is next processed and characterized in order to ascertain the level of

gene expression. Broadly, there are two techniques for hybridization of RNA molecules.

In the first technique, synthetic probes are designed with perfect match and mismatch

probes for RNA [18]. There are about 16-20 base pairs which are perfect match and

about 25 which are mismatch. RNA from cell is next processed and allowed to hybridize

with the corresponding probes. The level of intensity is then measured by a LASER and

analysed. The second technique is based on competitive hybridization consisting of two
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channels. Two samples are prepared, one with red fluorescent dye and the other with

green. These two samples are then brought together on a microarray plate and allowed to

hybridize. The resulting relative intensities are scanned and characterized based on their

corresponding wavelengths. Once these steps are done, the gene expression values can

then be taken further for downstream analysis. An alternate method to hybridisation

for characterizing gene expression is based on the qPCR method [19]. This method can

quantify the abundance of mRNA in a sample. Though for this method, the cost of single

experiment is low compared to other hybridization methods, the cost per single gene still

turns out to be higher. The next-generation and most advanced method for expression

profiling is RNA-Seq. The RNA-Seq method can identify pre-specified RNA sequences

as well as novel sequences and requires no threshold for the quantity of RNA that it can

measure and characterize. This factor is a major limitation for microarray technologies

at present. The flexible dynamic range for RNA-Seq based method is another distinct

advantage over the other technologies.

Though qPCR and RNA-Seq based methods are more accurate, the microarray based

approach can characterize up to 30,000 genes in a single experiment. For this reason the

microarray technology still remains a popular choice for some of the current large-scale

transcriptomic analysis. Though sequencing based platforms are more accurate they suf-

fer from high costs and require high computational resources for extensive bioinformatics

analysis. These factors make RNA-Seq still impractical for very large cohorts. In the

near future with falling cost and improved bioinformatics analysis tools, it is expected

that sequencing platforms will eventually supersede microarray technology. However, it

should be kept in mind that each of the above discussed methods have its own draw-

backs. Each of these approaches has its own unique systematic error due to various

factors like pre-processing and batch e↵ects.

Once the gene expression data has been processed and quantified the next step involves

several downstream analysis steps. A commonly observed feature of the characterized

expression data (through various technologies) is that many of the gene expression mea-

surements are highly correlated [20]. This correlation can either indicate that similarly

expressed genes are present in the same biological pathway or that there is a common

mechanism for their regulation. These features can be further analysed using various

statistical and machine learning approaches. Some of these methods include singular
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value decomposition (SVD), principal component analysis (PCA), gene networks [21]

and clustering [20]. Some studies aim to find which of these genes are di↵erentially

expressed. This can shed more light in the di↵erences between disease states or tissues

[22].

1.3 Genome Wide Association Studies (GWAS)

1.3.1 Single Nucleotide Polymorphism (SNP)

SNPs are the most commonly found variation in the human genome. It is defined as a

single base pair di↵erence at a particular genomic location with allele frequency greater

than 1 % in the population [23]. SNPs have also been the cornerstone of GWAS where

they have been used as markers to tag the disease causing variant. This approach has

been successful for several GWAS analysis and has subsequently led to the next phase of

GWAS based on genetic resequencing and fine mapping. Resequencing and fine mapping

helps in pinpointing the causal gene and elucidating their functional characteristics in

order to understand their biological significance [24]. It is estimated that there are about

eleven million SNPs present in the human genome [25], many of which are still unknown.

NGS based approaches are helping in the systematic discovery of these SNPs and some

of these SNPs can also be population specific. Apart from NGS, high-throughput geno-

typing of CNVs for large sample sizes is now possible through SNP arrays. This I have

described in the following sections. The current SNP arrays have both SNP probes and

CNV-specific monomorphic probes. However, improved haplotype-based methods which

can model both SNP and CNV together in order to detect better association still re-

mains limited [26]. A reanalysis of the earlier GWAS datasets with improved SNP-CNV

haplotype methods remains a promising avenue to explore in the future [27].

1.3.2 Copy Number Variation (CNV)

CNVs are a form of genomic structural variation (GSV) where segments of DNA are

present in abnormal copy numbers. CNV can vary from one kilo base pairs (kbp) to

several mega base pairs (mb) in size. It is estimated that CNVs cover about 12% of the

human genome and overlaps with about 90% of the total number of genes [28]. CNVs

in the genome can arise from either inheritance from one of the parents or can also arise
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through de-novo mutations. A major study of the nature of origins of CNVs was done

by [29]. Another study by [28] published the first comprehensive review of CNVs in

the human genome. In light of human diseases most CNVs in the human genome were

found to be benign and their role in common diseases still remain uncertain. However

over the past few years the number of reports of CNV-disease associations is increasing.

This observation highlights the need for further investigation and further development

of improved methods for CNV detection and association [30, 31].

Figure 1.1: An example of a simple duplication

Source: National Human Genome Research Institute
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1.3.3 Mechanism of genomic rearrangements in humans

Genomic re-arrangements are mutational changes in the genome such as duplication,

deletion, insertion, inversion and translocation. Genomic rearrangements can range

from hundreds of base pairs to few mega bases. However, these rearrangements are

distinctive from other small-scale gene mutations like indels and point mutations. Ge-

nomic rearrangements have distinctive mechanism of formation and the way they e↵ect

upstream or downstream of a gene, and this can manifest as di↵erent disease phenotypes

[32, 33]. Usually, disease causing variants can be recurrent with fixed breakpoints and

length or be non-recurrent with no fixed size, but a smallest region of overlap (SRO).

SRO in this case encompasses the disease causing variant.

There are three major mechanism for genomic rearrangements Non allelic homologous

recombination (NAHR), non-homologous end-joining recombination (NHEJ) and Fork

Stalling and Template Switching models (FoSTeS). These re arrangements when occur

in germ lines, it leads to genomic disorders and when they occur in somatic cells, it

can lead to cancer. CNVs can also be neutral in function. Some examples for these

include changes in CNVs of dosage sensitive genes or CNVs disrupting genes leading to

the creation of fusion genes. Rearrangements which are in the size range of 3-5 Kb can

be visually seen, where as for smaller variants, other laboratory based techniques are

needed.

1.3.3.1 Non allelic homologous recombination (NAHR)

NAHR have been found to occur preferentially within certain hotspot regions of the

genome, usually within low-copy repeats (LCR) [34]. Many such DNA rearrangements

have been observed in di↵erent individuals and the most common one observed are

between two low-copy repeats (low copy repeats or segmental duplications). LCR are

defined as region specific DNA blocks of 10-300 kb in length where they have 95-97 %

similarity to each other. One study by Bailey and Eichler [35] have recently reported

the evolution and distribution of LCRs in the human genome.

Due to the high sequence similarity non-allelic copies of LCR can sometimes get mis-

aligned during mitosis and meiosis. The subsequent crossover in the misaligned state

can result in observed genomic rearrangements in progeny cells. The non-allelic copies
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thus act as mediators of homologous recombination and are responsible for the observed

breakpoint clustering. When the LCR are located on the same chromosome and are in

direct orientation they result in deletion or duplication and when in opposite orientation

then they result in inversion [36]. When NAHR occurs on di↵erent chromosomes then

they results in translocation.

Some other studies have shown that strand exchanges during NAHR cluster amongst

certain genomic hotspots and also lie in the same genomic regions as allelic homologous

recombination (AHR) [37, 38]. In addition, DNA double strand breaks have been found

near NAHR indicating a functional link between the two. NAHR can take place when

there is high similarity of identity of certain minimum length. This minimum length is

known as minimal e�cient processing segments (MEPs) [39, 40]. Several studies have

shown the importance of MEPS for intra and inter chromosomal mitotic recombination.

NAHR can also occur in both meiotic and mitotic cells. When they occur in germ line

cells it leads to constitutional genomic rearrangements which leads to genomic disorders

which can transmitted (germ line) or sporadic (de novo). An example of transmitted

NAHR is CMT1A and HNPP caused by recurrent deletion/duplication at 17p12 locus

[41] and an example of sporadic genomic disorder is Potocki-Lupski syndrome caused by

reciprocal deletion/duplication at 17p11.2 [42].

NAHR, when it occurs in mitosis it results in mosaic population of somatic cells. Such

somatic rearrangements have been related to many cancers. In addition, genomic re-

arrangements in somatic cells leading to the formation of CNVs have been shown in

monozygotic twins and also in blood of healthy people. Such mosaic manifestations can

result in many genomic diseases. One such example is NF1 deletions causing neurofi-

bromatosis [43]. Some studies have shown that mitotic and meiotic NAHR do not share

the same spot. At present more technical analysis are required to characterize the sim-

ilarities and di↵erences between these two types. MEPs can be 300-500 bps in humans

and it can di↵er from mitosis and meosis. It has been found that most of genomic re

arrangements causing genomic disorders take place between 10-400 Kb in length and

requires > 96% sequence similarity.
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Figure 1.2: Non allelic homologous recombination (NAHR)

This figure shows six chromosomal outcomes of NAHR between repeats located on
the same chromosome, which can be in direct or inverted orientation to each other.
Such crossover recombination between repeated DNA sequences at non-allelic loca-
tions can generate duplication, deletion or inversions. Red and blue colour refer to
homologous chromosomes and sister chromatids are sister chromatids are shown in

the same colour. LCRs are shown by white and black arrows.
source: doi:10.1038/nrm2849 [44]
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1.3.3.2 Non homologous end-joining recombination (NHEJ)

The other mechanism of non-recurrent rearrangements can take place by NHEJ [45].

There are four main steps in NHEJ [46, 47]: 1. Detection of DSB 2. Molecular bridging

of the two broken DNA 3. Modification of the ends of DNA to make them compatible

4. Final ligation step. Unlike NAHR, NEHJ does not require LCR and MEPS and in

addition it leaves an information scar at the rejoining site as during the editing there

is addition or cleavage of several nucleotides on both ends. NHEJ is mainly used by

eukaryotic cells to repair DNA double strand breaks and has been deeply characterized

mammals as well as bacteria. NHEJ is central in the intrinsic physiological DSBs like

V(D)J recombinations and also to DSB caused by extrinsic pathological DSB like ioniza-

tion radiation or reactive oxidative stress. For some inherited diseases like SCID, NHEJ

can account for about 15 % of the disease incidence [48, 49].
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Figure 1.3: Non allelic homologous recombination (NAHR)

NHEJ are involved in repairing DNA double strand breaks in all stages of the cell cycle
without requiring the need for sequence homology and thus is error prone. NHEJ
works by a heterodimer (KU) with double-stranded DNA ends and then recruits

DNA-Pkcs, processes the ends and next recruits DNA ligase.
Source: http://www.genome.jp/kegg-bin/show_pathway?ko03450

15



Chapter 1. Introduction

1.3.3.3 Fork stalling template switching mechanism (FoSTeS)

In past, NAHR and NHEJ were characterized through fluorescence in situ hybridization

(FISH) which provided a resolution of about 150kb-200 kb. Next, with the advent of

array based CGH allowed unprecedented resolution to observe the complex details of

the third major mechanism of human re arrangements Fork Stalling and Template

Switching (FoSTeS) [50].

Based on the findings in E.Coli Lee et al. [50] first proposed the FoSTeS DNA repli-

cation model. In this model, during DNA replication the replication fork stalls at a

particular position and the lagging strand detaches from the original replication tem-

plate, gets transferred and then anneals (due to the microhomology at the 3 end) to

a nearby replication fork and starts DNA synthesis again. The transfer and annealing

depends on the sequence similarity between the invaded and original site. When the

switching and annealing takes place in another fork located downstream it results in

deletion and when the switching takes places up stream it results in duplication. The

fragment from the new replication fork can be in direct or inverted orientation to the

original position and this depends on several factors such as whether the lagging or the

leading strand was invaded and direction of fork progression [50].

This entire process of detaching, invading, annealing and extension can occur multiple

times in di↵erent time points, thus showing the poor processing of the DNA polymerase

and occurrence of complex genomic re arrangements. FoSTeS model is the only expla-

nation for many complex re arrangements like at DMD locus [51], it also explains some

other features like complex chromosome rearrangements (CCR, unveiled by cytogentic

data), tandem duplications in PLP1 and LMNB region, which were previously thought

to be caused by combining HR and NHEJ, but now can be explained better through

FoSTeS [52]. Results from several studies have further indicated that like NAHR and

NHEJ, FoSTeS is also probably influenced by local genomic architectures.

16



Chapter 1. Introduction

Figure 1.4: Figure showing FoSTeS mechanism

A detailed overview of the FoSTeS. A) shows location of FoSTeS in reference to
LCRs. Out of the seven FoSTeS events, two (2448-FoSTeS1 and H152-FoSTeS3)
occur within an LCR; and in additional one event (H152-FoSTeS4) occurs in the
centromeric region within LCR-PMDC. In B), one replication fork (dark blue and
red, solid lines) with a lagging strand (red, dotted line) invades a second fork (purple
and green, solid lines), and next followed by (C) DNA synthesis (green, dotted line).
After the disintegration of the fork (D), the original fork (dark blue and red, solid
lines) with its lagging strand (red and green, dotted lines) invades a third fork (gray
and black, solid lines). Newly synthesized DNA is represented by dotted lines. Serial
replication fork disengaging and lagging strand invasion can occur several times before

(E) resumes the the replication on the original template. [50]
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1.3.4 Insertion deletions (INDELS)

Indels are an important class of genetic variation caused by mutations leading to net

gain or loss of up to 50 nucleotides. It is the second most prevalent variation in the

human genome and is believed to be as polymorphic as SNPs [53]. Analysis of the 1000

genomes (1KG) pilot-project data lead to the detection of about 1.3 million INDELS

(less than 50 bp) out of which about 890 were found to be functionally disruptive [25].

Previously, detection of indels for large sample size was di�cult due to technical reasons.

At present, with the development of NGS platforms and other bioinformatics tools there

is now a new opportunity to detect indels at a higher resolution. This can now help in

characterizing their functional role to a greater extent.

1.3.5 Hardy-Weinberg Equilibrium (HWE)

The concept of evolution was first proposed by English mathematician Godfrey Hardy

and a German physician Wilhelm Weinberg in the 20th century. The emergence of new

species from existing species can occur through small changes within a species from

one generation to another, occurring over a long period of time. Evolution can also be

generally understood as the sum total of the genetically inherited changes in members

of a population of a particular species. The e↵ects of evolution a↵ects all members of

the population but it is the population as a whole that evolves. Evolution results in

the change in allele frequency in the gene pool of a population. Hardy, Weinberg and

the other population geneticists came to postulate that evolution will not occur in a

particular species until certain conditions are met. These conditions include:

1. mutation is not occurring

2. natural selection is not occurring

3. population is infinitely large

4. all members of the population breed

5. matings between individuals are totally random

6. there is no migration in or out of the population
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But these conditions are rarely applicable to any species. Hence, it can be safely assumed

that evolution is taking place in all populations all the time. Hardy and Weinberg

next came up with a simple equation which can be used to find the probable genotype

frequencies in a given population and to track their frequencies over one generation

to another. This idea came to be known as the Hardy-Weinberg principle and was

formulated as the Hardy-Weinberg equation:

p2 + 2pq + q2 = 1 (1.1)

Here, p and q refer to the frequency of dominant and recessive alleles (for e.g. A and

a) in a given population. Then the expected frequencies for homozygotes are given

by: f(A) = p, therefore f(AA) = p2 f(a) = q, then f(aa) = q2 and for heterozygote

f(Aa) = 2pq

p2, q2 and 2pq are known as Hardy-Weinberg proportions and by applying binomial

expansion and putting the constraint that the sum of all genotype possibilities must

be equal to 1, equation 1.1 can be proven. Further, if the union of gametes from one

generation to the other is random it can be shown that allele frequencies from one

generation to another is constant [54].

1.3.6 GWAS background

The human genome project [55] started in the year 2000. The main aim of this project

was to characterize the entire DNA sequence of a human genome and further understand

it from a physical and functional point of view. This project subsequently led to the

discovery of many genetic variants associated with di↵erent disease outcomes and further

helped in conceiving the possibility of personalised medicine. The initial success of the

human genome project and the new aim of personalised medicine next paved way for

the International Hapmap study [23]. The Hapmap study aimed at uncovering the

haplotype map of the human genome and elucidated the common patterns of genetic

variation found across di↵erent populations in the world [56]. The results obtained from

the Hapmap study helped the scientific community next to propose the common disease

common variant hypothesis [57, 58]. This hypothesis asks whether the true disease causal

variants can be captured through the phenomenon of LD with common genetic variation

like SNPs [59]. Several initial success stories confirming the feasibility of such kind of
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hypothesis driven genomic studies helped in heralding the era of genome-wide association

studies (GWAS). This mainly started around the year 2005 [59, 60]. The GWAS success

proved to be a catalyst for several commercial companies like Illumina and A↵ymetrix to

come up with high-density genotyping microarray chips and also led to the development

of advanced sequencing (NGS) based platforms [61, 62]. Some of these genotyping

platforms can interrogate more than two million genomic loci simultaneously for large

sample sizes, while the NGS technology has enabled sequencing of entire genomes in

a matter of days and at a fraction of cost compared to the previous sequencing-based

methods which were considerably more expensive and took months or even years to

complete.

Most importantly from personalised medicine point of view many of these findings

from the GWAS era were successfully translated into gene-therapies and promising drug-

targets for several diseases [63, 64]. However, in spite of these successes it was observed

that for many diseases the common SNPs accounted for only a partial fraction of the

total observed heritability. This unaccounted heritability problem was referred to as the

missing heritability problem [5]. Many geneticists and scientists now believe that some

fraction of this missing heritability can be accounted for by CNVs, epigenetic factors

and to some extent by gene expression [5].

1.3.7 Genetic basis of GWAS

Most human diseases cluster in families and are known to be a↵ected by several genetic

and environmental factors. Since Mendels first experiments elucidating the inheritance

pattern in plants, and later the work of Galton and Fisher, family based studies have

dominated genetic studies. In family based study designs, Mendels laws are used to

compute expectations for disease risk in the o↵spring based on the parental genotypes.

Some popular methods for family based study rely on trios (two parents and an a↵ected

o↵spring) and this approach were first introduced by Rubenstein et al. (1981) and Falk

and Rubinstein (1987) [65]. Later, a detailed analysis of such designs was reported by

Spielman et al. (1993) [66], Ott (1989) [67], and Terwilliger and Ott (1992) [68].

Next, with the progress of the Human Genome Project, elucidation of genomic markers

spanning the entire genome have enabled discovery of many Mendelian disease traits
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for many genes through Genome Wide Association Analysis (GWAS). This association

analysis is fundamentally di↵erent from the family based linkage analysis since this

approach does not require family based design, and inferences on genetic association are

made from unrelated individuals [69].

GWAS involves systematic scanning of biomarkers (SNPs) across the genomes of peo-

ple in order to identify, treat and prevent common complex diseases such as asthma,

cancer, diabetes, cardiovascular and neuropsychiatric diseases. The genetic basis of this

approach relies on the fact that causal genomic polymorphism are more likely to be found

in people with disease, compared to those without. The main strategy in this approach

involves two groups of participants: one with the disease (cases) and similar group of

people without the disease (controls). DNA is obtained from each of these group, usually

though blood or saliva sample, from which, next, cells are harvested. The DNA from

these cells are then purified and scanned through high throughput genotyping platforms,

which surveys each individuals genome for strategically selected markers (SNPs). This

usually proceeds by analysing the DNA from cases and controls on a SNP genotyping

chip, which can have up-to 300,000 to 2,500,000 probes interrogating di↵erent loci in

the genome. If certain variants are found to be significantly more frequent in cases

compared to the controls, then that particular variant is said to be associated with the

disease outcome.

GWAS approach is an important improvement over the earlier family based candidate

gene studies, which were often limited by low sample size and power to detect relevant

makers at the desired significance threshold [70]. In addition, for complex multi factorial

diseases like diabetes and epilepsy, the true disease-causal-variant may have modest odds

ratio and e↵ect size. In this scenario, family based linkage studies have low power and

resolution. GWAS, in this respect proves to be a powerful alternative approach, where

thousands of individuals can be analysed for millions of markers simultaneously. The

success of GWAS has led to the identification of hundreds of new susceptibility loci for

several complex multi-factorial diseases.

GWAS, in addition allows pathway and haplotype based analysis, which can allow

better understanding of the biological context and history of such disease causing variants

[71, 72]. However, it should be bared in mind that in reality the detected variant itself
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may not be the true causal variant for the disease, but often serves as a pointer to the

actual variant lying in linkage disequilibrium (LD) with the genotyped marker. Due to

this, results from the GWAS often require additional follow up sequencing experiments

in order to pin point the exact genetic variation involved in the pathogenesis of the

disease.

Figure 1.5: GWAS approach for detecting causal variants

There are two approaches for detecting candidate SNPs in GWAS analysis. In a) the
candidate causal SNP is tested for association directly and in b) the candidate SNP

tested is in LD with other SNPs around it, one of which is the causal one. [73]

1.3.8 Significance of LD in GWAS

LD refers to the correlation between two genomic loci (SNP or CNV) observed more

often in a population than expected from random haplotype formation derived from

population allele frequency. This concept is the backbone for modern GWAS approaches

which is based on the assumption that common SNPs in the human genome can tag the

disease causal variants through LD. Studies of LD have further helped in understanding

the human haplotype diversity between and within populations. The e↵ect of positive

selection on LD has been reviewed by [74, 75].

The relationship between SNPs with common CNVs has come to much attention re-

cently. This relationship is often termed as CNVs tagged by SNPs. In a recent landmark

study of CNVs [76], the authors found that most common CNVs are tightly correlated

with nearby SNPs through LD. An interesting feature about this finding is that this gives

rise to the possibility of using SNPs as a proxy for discovering CNVs. If the feasibility

of using such an approach is successfully validated then in the future we will have the

possibility to develop better models of CNV-SNP haplotype and use them for large-scale
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association studies. This might also help in reducing the cost of CNV genotyping for

large studies.

Nonetheless, more work needs to be done in this area by improved modelling of the

SNPs and CNVS. Models for LD for SNPs outside and within the CNVS also need to

be di↵erentiated, since correlation structure varies between the two. Several methods

have been proposed to deal with this issue [77]. Some models for duplications have also

been proposed and are being developed at present. The landmark CNV study by [76]

had concluded that since most common CNVs were well tagged by common SNPs their

association to diseases have indirectly been explored through earlier GWAS studies.

However, new metrics of LD for CNVs and new algorithms may lead to the discovery of

new CNV regions. These have the potential to reveal novel associations with diseases.

An e↵ort to re-analyse previous GWAS data with new methods and in light of NGS can

achieve this goal.

1.3.9 Haplotypes

The human genome is diploid which means it has two chromosomes, each derived from

a parent. The ordered list of alleles on each of the chromosome is referred to as the

haplotype. Due to linkage, alleles within genomic regions tend to be transmitted together

from one generation to the next. This gives rise to a block-like structure in the genome.

Many haplotype-based approaches for GWAS use this information for phasing [78].

Phasing refers to the di↵erentiation of the maternal and paternal allele information

from diploid genetic data. This is particularly useful for studying phenomenon like

allele-specific gene expression and improved association test by inferring ancestral hap-

lotype [79]. This method has shown to give greater power to detect disease causing

mutations. Importance of haplotype information in next-generation GWAS has been

recently reviewed in an important study [80].

1.3.10 CNV and GWAS

CNVs are prevalent in the human genome. CNVs are also found to be associated with

several human phenotypes including disease outcomes [31, 81]. In the recent years many
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methods have been developed for detecting and associating CNVs with various pheno-

types. These approaches are similar to the methods used for SNPs [10], however there

are some important di↵erences between the two. I have discussed in details several of

these di↵erences in the later chapters. One of the commonly used methods for CNV

detection prior to NGS was the aCGH platform, which was also used by the landmark

Wellcome Trust Case Control Consortium (WTCCC) CNV analysis [76]. Recently, the

SNP genotyping arrays used to detect SNPs were further extended by the inclusion of

non-polymorphic CNV detection probes. This allowed simultaneous profiling of SNPs

and CNVs through a common genotyping chip. This development enabled CNV de-

tection for large sample sizes easy to do and more cost-e↵ective. Since then several

sophisticated CNV detection methods (often HMM based) have also been developed to

call CNVs from such SNP/CNV genotyping platforms. These include the widely used

CNV-calling algorithms like PennCNV [82] and cnvHap [10]. These methods have fur-

ther been able to borrow many of the standard concepts in GWAS such as imputation,

phasing and inflation and successfully applied them for CNV based analysis [10]. In spite

of these developments, compared to the success of GWAS, there has been paucity in the

number of CNV-disease associations. Some of the reasons for this include the fact that

there are several artefacts prevalent in CNV-association analysis. These include batch

e↵ects, DNA source and also high false positive rates for the current CNV detection

methods [27, 76]. Another important factor is that most SNPs discarded in QC process

are the ones which have allelic imbalance due to the presence of CNVs. This fact is often

overlooked and needs to be taken into account.

1.3.11 CNVs and drug response

An initial investigation has indicated that CNVs look promising for explaining inter-

individual drug-response. On doing an analysis of the overlap between common CNVs

in the genome and the known common drug-target from the DrugBank database [83],

it was found that the current standard genotyping platform with a million probe covers

about 91% of the known drug-targets regions defined in the DrugBank database. The

high incidence of overlap observed is promising. This can perhaps in the future help

in developing personalized medicine based methods for treatment and diagnosis for a

person based on his or her CNV profile. This can also prove particularly interesting

for cancer, where CNVs are a commonly found genetic aberration. More work in this
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direction, especially in the light of NGS data can reveal interesting results and remains

to be explored.

1.3.12 Finding missing heritability in GWAS

GWAS is primarily based on the common disease common variant hypothesis. The

hypothesis postulates that the common complex multifactorial diseases like type 2 dia-

betes and obesity can be explained by common allelic variants (> 1�5%) present in the

human population [84, 85]. However, the results from numerous studies based on this

approach have failed to reveal the true genetic causes for common complex diseases. So

far, except for age related macular degeneration, where several variants of large e↵ect

size have been found to increase disease risk fold by 2 or more, other variants found

through GWAS alone or in combination, confers only small increment of disease risk,

usually about 1.1-1.5 in most cases [86]. This lack of explanation through common

genetic variation for complex common diseases is often referred to as the missing heri-

tability problem in GWAS. In the GWAS terminology, heritability is the proportion of

phenotypic variance in a population explained by additive genetic factors. One classic

example is heritability of human height, which through family based studies, has been

estimated to be 80% heritable. In spite of the high heritability, all the GWAS loci found

to date to be associated with human height, explain only about 5% of the phenotypic

variance [87].

The main question is why so much heritability is unexplained by GWAS findings.

There are many plausible explanations to the missing heritability in GWAS. One possible

explanation is that there are large number of variants with small e↵ect size, many of

which are yet to be found [88]. Another important possibility is the existence of rarer

variants, with possible large e↵ect sizes. At present, the capability to detect rare variants

through current genotyping platforms remain poor since the available arrays are more

suited to variants present greater than 5% of the population. Further, current platforms

are also inadequate for detecting structural variants and the association models are

often inadequate for accounting for gene-gene interactions and the shared environmental

factors amongst subjects in the study. Another related observation from GWAS studies

is that most of disease associated variants occur in the protein coding regions of the

genome, but 80% of the variants which have been found to be associated with common

diseases, fall outside the coding regions [89].
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This makes it important to include both coding and non-coding regions in the analysis

framework for GWAS, but such coverage is lacking from the current commonly used

genotyping chips in GWAS.

Potential sources of missing heritability

The allelic architecture for di↵erent traits including the number, type, e↵ect, size and

frequency of various susceptibility variants can vary . In this scenario, the missing

heritability can take di↵erent forms for di↵erent diseases [57]. Age related macular

degeneration is a good example where a handful of common variants show a large e↵ect,

explaining much of the heritability. For other diseases like Crohns disease, the proportion

of heritability explained by GWAS candidates is far less, in spite of a larger number of

variants found to be associated with the disease [90]. There is no ready explanation for

such di↵erences in the allelic architecture except for some possible reasons which can

be attributed to the stage of investigation or the sample size (It has been shown that

increasing sample size increases number of variants detected).

There have been several reasons put forward by population genetics to explain this

missing heritability. Some theories suggest that in variants which have high predispo-

sition to the disease outcome, would normally have low reproductive fitness and hence

selected out. This might explain the relative lack of variants found to be associated for

several neuropsychiatric diseases like autism [91]. Selection might also be responsible

keeping genetic e↵ect size low since individuals with extreme traits would have been

removed by long term stabilization selection [92]. Selection has also been found to be

a↵ect the ability of the GWAS to detect di↵erent loci for di↵erent complex diseases,

particularly in case the some diseases are a↵ected more by selection than other diseases.

One such example is that immune and infectious agents which have been recognized

as the strongest selection pressure in human evolution, and immune related genes have

been found to be the most associated variants for diseases like Crohns disease and other

immune genic diseases [86].

In addition another important of current GWAS has been that the study design have

incompletely surveyed the potential causal variants in each gene. The marker SNPs

used in the study may underestimate the actual risk associated with the actual causal
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variant. One such example in this case is for lipid associated genes where 11 out of

30 genes carrying common variants associated with lipid levels also carried known rare

alleles of large e↵ect size identified in mendelian dyslipidemias including PCSK9, ABCA1

and LDLR [93, 94].

Another important point to keep in mind is that GWAS studies have focused on Euro-

pean populations where the genetic diversity is low compared to the populations from

African ancestry [95] [96]. Thus extending coverage to non-African populations can

reveal new variants for common diseases. In addition, studying isolated populations

enriched for rare disease causing variants can further help in understanding the missing

heritability problem [97]. Most importantly one should keep in mind that the current

heritability estimates determined from family based studies (narrow sense heritability)

can be inflated due to several factors like dominance and epistasis, gene-gene interactions

and gene-environmental interactions.

Rare variants and unexplained heritability Due to the modest explanation of

missing heritability through the initial wave of GWAS studies, there is now more em-

phasis on rare variants. Rare variants which vary from 0.5 % - 5% can not be captured

through genotyping arrays nor do they have large enough e↵ect size to be captured

through family based linkage analysis [98]. It is expected that low frequency variants

can have substantial e↵ect sizes, increasing disease risk two-to-three folds without show-

ing any Mendelian segregation and thus contributing substantially to missing heritability

[98]. For example for type 2 diabetes, it is estimated that twenty variants with allele

frequency of 1% and odds ratio of 3 can explain most of the familial aggregation.

Detection of low frequency and rare variants is likely to be captured e�ciently through

next generation sequencing. Sequencing a larger fraction of people with extreme pheno-

types for quantitative traits like lipid levels or age of onset of disease, can help in further

identifying common and rare variants. Such extreme traits are more likely to carry LOF

alleles. Projects like the 1000 genomes [25], which aims at capturing all variation at

1% allele frequency in di↵erent population from around the world, will also hasten the

discovery of rare variants and their role in explaining heritability.

In addition to this, structural variation and CNVs like indels, inversions and translo-

cations can account for some of the missing heritability further. CNVs (1Kb or longer)
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are present in variable numbers in patients but most of the di↵erences arise from a

limited number of CNVs with allele frequency > 5%. Also, large and rare CNVs and

a↵ecting many genes have been found to be highly penetrant [99], where as common

disease associated CNVs are more likely to be smaller 20-40 kbs. Except for cnvHap,

there are limited methods available to detect and genotype small and common CNVs.

1.3.12.1 Missing heritability and the role of common CNVs in diseases

Though GWAS has been widely successful it explains modest fraction of the trait her-

itability, often referred to as the missing heritability. This gap in heritability perhaps

can be explained partly by CNVs and by epigenetic factors [98] and gene expression.

The role of CNVs has been increasingly highlighted by various recent studies. There

is also a rapid increase on reports of the role of common CNVs in common diseases in

the last five years [100]. In addition to this, studying the inter-population di↵erences

in CNVs can perhaps help in explaining adaptation, di↵erences in susceptibility to dis-

eases, gene expression and also selection. A previous study specifically examined and

showed that CNVs can explain up to 20% of the variation in gene expression [101]. This

was attributed mainly due to the variable copy number at the regulatory regions of the

genome [101]. The role of CNVs in relation to transcriptomics, heritability and path-

way needs further method development. This might perhaps better explain the missing

heritability.

1.4 Review of current approaches for CNV discovery

and validation

Whole genome CNV studies have become more common with the possibility of genome-

wide CNV profiling using high-density SNP arrays for large sample sizes. Though NGS

may promise to replace array-based approaches, sequencing large number of samples for

various diseases is not common at present (though we can expect it will happen in the

near future). In this report I have mainly focused on the issues related to array-based

techniques such as CNV genotyping. However, I will also briefly review some aspects of

NGS and CNV detection from it.
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At present the popular methods for CNV genotyping for large sample are commonly

using high-density SNP arrays. Some of the widely known problems related to high-

density SNP platforms are the high false-positive rates and the high signal to noise

ratio. The WTCCC CNV study ascertained that some of the reasons for such problems

are due to several factors like homology, source of DNA (in particular di↵erence between

cell lines and whole blood) and batch e↵ects [27]. Thus it is important to keep these

aspects in consideration while conducting any genome-wide CNV study and further to

take measures to correct for them. In my case study while performing the genome-wide

scan for CNVs in epilepsy I took several measures to correct for these factors. I have

described them in details in chapter 3.

1.4.1 Normalization of array intensity data

Intensity data from genotyping arrays (used for clustering both SNP and CNVs) are

quite noisy and subject to the quality of the DNA and its hybridization with the test

probes. Di↵erent technology platforms use di↵erent methods for summarizing the in-

tensity values while taking into consideration various factors. I will not delve into the

details of the low level data-processing used by di↵erent technologies but refer to the

commonly summarized and reported intensity values. These values are usually denoted

by X and Y intensity values corresponding to the two alleles A and B. These values

are then further processed to derive two values namely Log R Ratio (LRR) and the B

allele frequency (BAF) [102]. The LRR value directly correlates with the total intensity

measurement and thus can reflect presence of CNV, whereas the BAF relates to the

frequency of the B allele in the population. The generalized formula for LRR and BAF

are as follows for X and Y intensity measurements

LRR = log2(X + Y )

BAF = Y/(X + Y )

However in reality the derivation of the actual LRR and BAF is much more complicated

than the above mentioned formulae, since many other factors are taken into account and

included.

The technology used for detecting CNVs may be di↵erent for various platforms. We

expect di↵erent kinds of nuisance factors from the measured intensity. Some of these
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nuisance signals can arise due to several factors like sequence content of the probes in the

genomic region, biases due to allele specificity or DNA amplification, errors due to scan-

ning and human errors in handling of the samples. Though some of these factors cannot

be accounted for by any statistical model, there are some common aspects that can be

dealt with for all platforms. A common feature for many normalisation pipelines is stan-

dardisation of signal measurements of probes within a particular sample and also within

all samples. For CNVs, often the population distribution of the intensity measurement

is examined for each probe based on the assumption that copy number alterations are

relatively sparse. The assumption of CNV-sparsity has helped in removing some of the

biases due to experimental variability. This is mostly acceptable for most cases except

for tumour samples, where the lack of normal copy number regions for the reference

sample is not present [103].

1.4.2 Genomic waves

In the results reported by the WTCCC CNV study [28] one of the major technical

artefacts found was spatial auto-correlation or wave e↵ect. The study had reported that

the hybridisation intensity of the DNA was related to the clone used at that position.

They further added that these wave e↵ects correlated with the GC content of the clones.

It was observed that regions of low GC content were correlated with peaks of the wave

and the high GC content regions correlated with the troughs. Several follow-up studies

have reported that it is important to remove such wave and GC e↵ects and proposed

several methods to correct for them. These studies also confirmed that correcting for

this bias leads to much better CNV clustering quality [104]. Usually, some methods to

correct wave e↵ects involve fitting a loess curve to the total intensity values while making

sure that the real CNV do not get a↵ected by the fit. In addition, the GC content is

also regressing out the model for improved CNV detection. These quality control (QC)

steps are now a common practice in most CNV-calling pipelines.

1.4.3 Methods for CNV genotyping for discovery

There are several methods available for the discovery and validation of CNVs in a

population-based study. CNV discovery is usually carried out by CNV genotyping us-

ing high-throughput genotyping arrays or more recently trough NGS. These methods
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can be applied in a locus specific manner or genome-wide, depending on the context of

the study and the planned coverage. For whole genome coverage most commonly used

methods are array comparative genomic hybridisation (aCGH) and high-density SNP

arrays. Recently, NGS can now be used for whole genome analysis for thousands of

individuals [105].

1.4.4 Array Comparative genomic hybridisation

Amongst the bead-array based platforms, the array comparative genomic hybridisation

(aCGH) platform has proven to be most sensitive for detecting CNVs greater than 100

kbps. This has led to the creation of several gold-standard datasets. This includes

the first comprehensive genome-wide characterization of CNVs in the human genome

[28]. In general, the aCGH platforms utilize two di↵erent coloured dyes or fluorescent

markers. The test and reference DNA is labelled with these fluorescent markers and

then simultaneously allowed to hybridize on solid glass. The di↵erence between the two

intensity between these dyes is then measured. Next, from these values the copy number

gain or loss information can be determined.

At present there are two types of aCGH platforms. One of these is based on bacterial

artificial clone (BAC) probes and the other is based on oligo-probes [106]. The main

di↵erence between the two is that BAC probes are more appropriate for large structural

rearrangements while the second type based on oligo-probes is more appropriate for

smaller deletions and duplications. Both these methods have advantages and drawbacks.

The BAC probes provide better coverage of the genome with high signal to noise ratio

but it fails to capture smaller variants less than 50 kbps [107]. It should be kept in mind

that the smaller variants are also known to be more prevalent, hence they are most

likely to be missed by BAC. In addition, another drawback of BAC is that it can lead to

overestimation of CNV size due to the presence of large insert sizes. Due to these reasons

this method is more appropriate when we are looking for large CNVs, but ine↵ective

for smaller ones. The second type of aCGH is oligo-nucleotide arrays. The oligo-aCGH

has good genomic coverage but they su↵er from poor signal to noise ratio which leads

to higher variability between studies. One of the main advantages of the oligo-method

because is its smaller probes size, hence it can capture smaller variants better. The
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oligo-aCGH platform was used by the landmark Wellcome trust CNV study for eight

common diseases [76] and lead to the discovery of several common CNVs associated with

diseases like T2D and psoriasis. A common drawback for both BAC and oligo-aCGH is

that in general they turn out to be expensive for large sample sizes. Further, the aCGH

platforms do not measure the allelic information like BAF which can prove to be useful

for indicating the presence of CNVs in many regions of the genome.

1.4.5 High density SNP arrays

The most popular method for whole genome coverage for CNVs in large cohorts is by

using high-density SNP arrays. This has been made possible in some of the current

platforms by incorporating CNV specific monomorphic probes in addition to the normal

SNP probes. Some examples of these kind of chips are the recent Illumina Omni 2.5M

chip, A↵ymetrix 660K platform and the older Illumina 660K bead-array chip. These

chips cover significant portion of the genome and have shown to have high signal to noise

ratio. Some of the popular CNV detection methods for these kind of platforms is carried

out using model based approaches like HMM [10, 82]. However other non-parametric

methods have also been proposed and applied. In the HMM models the intensity and

the allelic content of a SNP is jointly modelled to give detailed CNV-genotype output.

These genotypes are usually used further for association-analysis using methods like

regression.

Like some of the previous studies, in my analysis I found that monomorphic CNV

probes from the high-density chips were noisy (while using cnvHap), and led to a high

false positive rate. Due to this problem, I relied mainly on the intensity probes and

genotype data from normal probes. Some reviews have suggested that each of the

monomorphic probes in a CNV region should be given di↵erent weights (for e.g. using

principal components based prior data) to reduce over calling. The rationale behind this

is that each of the CNV probe in a particular genomic region is essentially measuring

the same CNV and hence should not be considered independent from each other.
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1.4.6 Next generation sequencing and genome assembly com-

parison

With the recent development of NGS based approaches, several new methods for cap-

turing GSV at a single base pair level has emerged. Thus sequencing is now helping

in discovering new variants like CNVs, indels and inversions at unprecedented high res-

olution. Many of these variants have been found to have new biological relevance for

diseases and other phenotypes [108]. Though sequencing for thousands of samples is

still quite expensive, the price for sequencing is getting cheaper every day. It is expected

that in the near future sequencing for large cohorts will be possible, some of which have

already started through projects like the UK10K (http://www.uk10k.org/).

There are two broad categories for inferring CNVs from NGS methods. One is based

on genome alignment and the other is based on genome assembly. The genome assembly

based approach genomes for a population is assembled de-novo and then aligned to

reference genome and then compared. Deletions are identified as gaps in the sample

sequence, where as duplications are identified by gaps in the reference sequence [109].

One advantage of this method is that it assumes reference sample as haploid due to

which homozygous events are easier to detect. However, on the other hand one of the

main drawbacks for this method is that DNA used for assembly is usually drawn from

di↵erent sources and thus not ideal for sequence comparison.

Alignment based approaches are based on short-reads produced by NGS platforms

like Roche 454 and the Illumina Genome Analyzer [110, 111]. These methods avoid bac-

terial cloning and create millions of short-reads which are then mapped to the reference

genome using a commonly used technique called paired end mapping (PEM). In PEM

library, fragments of 300-500 base pairs are created and then the di↵erence between

these fragments and the reference genome can indicate the kind of CNV present. One

advantage of this method is that it allows the detection of inversions and CNV break-

points at a single base pair level. But on the downside, it cannot identify variants in

complex genomic regions like the major histocompatibility complex (MHC) [112]. One

alternate strategy to PEM is using read-depth approach where overlapping intervals of

sequences are used as a quantitative measure of CNV. In this method change of read-

depth across multiple genomic windows indicates deletion or duplication. However one
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of the limitations of using the read-depth approach is that it is not able to ascertain

rearrangements or structural variations which are highly repetitive. This becomes prob-

lematic for detecting insertions deletions and their precise locations. One useful strategy

for overcoming this problem could be by using combined depth and PEM for enhanced

CNV detection and has been applied through the cnvHitseq algorithm [113, 114].

1.4.7 Lab based methods for CNV validation

Prior to NGS, the most common approaches for CNV discovery in large population

cohort were based on high-throughput methods like SNP chips and aCGH platforms.

However, it is well known that CNVs discovered through such platforms can su↵er from

many confounding factors leading to many false positives. Thus, it is a common practice

to validate the CNV findings in wet-laboratory before publishing. Based on the context

and the application of the study design there are various methods for validating CNVs.

When the target loci to be validated are small, quantitative polymerase chain reaction

(qPCR) and multiplex ligation-dependent probe amplification (MLPA) methods can be

appropriate. However, if the number of loci to be tested are large then custom made

aCGH arrays or exome-capture based sequencing can be a more suitable approach for

validation. Another advantage of doing a lab-based method for validation is that it

allows comparison of di↵erent CNV-calling algorithms. However, I do not cover the

details for this possibility here. In my analysis, one of the main aims was to discover

and validate small, common CNVs associated with several diseases like epilepsy. For

this purpose, I initially considered a custom aCGH or exome-capture method for about

50 loci or alternately use a qPCR for a handful of test regions.

1.4.7.1 MLPA

MLPA is a kind of PCR which can identify multiple targets using only one primer. It can

interrogate about 40 genomic regions simultaneously for CNVs. It relies on the oligo-

nucleotide probes to generate locus specific amplicons [115]. These amplicons are then

resolved using capillary electrophoresis where deletions are detected as reduced peaks

and duplications are detected as enhanced peaks. MLPA was been used successfully in

determining some of the large rare deletions in obesity like in the study by [99].
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1.4.7.2 qPCR

qPCR is a kind of PCR where DNA is amplified and quantified at the same time. It

is one of most commonly used methods for detecting CNVs at targeted regions. This

method is relatively high-throughput and technically easy and e�cient to carry out.

However, this method su↵ers from a drawback in that like MLPA, it cannot be used

simultaneously for several targets in a single reaction. Further, precise measurement

of CNV break-points is not possible as it provides CNV measurement as a continuous

measurement [116].

1.4.7.3 Paralogue ratio test

Paralogue ratio test is used for accurate and high-throughput detection of CNVs at tar-

geted loci. This method involves simultaneous amplification of a target and a reference

DNA which is simultaneously amplified using the same primers present in the same reac-

tion medium. The di↵erence between the target and reference DNA is then quantified to

detect the presence of a CNV. This is mainly done by comparing the internal di↵erences

in measurements for the target and reference sequences. [116, 117].
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Background Methods

2.1 CNV calling from genotyping arrays

Previously in Chapter 1, I have described how genotyping arrays have enabled high-

throughput analysis of SNPs and CNVs in GWAS. These include genotyping of millions

of markers in thousands of individuals simultaneously and subsequent laboratory-based

validation methods to confirm the CNVs. In this chapter I have reviewed the vari-

ous analytical frameworks and methods after genotyping, mainly involving CNV-calling

and association. I have reviewed several models and methods for calling CNVs from

genotyping platforms. I have avoided describing methods that relate to calling CNVs

from NGS platforms, since it is beyond the work done in this thesis. I have further

described several commonly used association models for both CNVs and SNPs. Lastly,

I have touched up on several common topics related to genomic studies like methods for

clustering, variable selection, prediction and classification

The various methods used to call CNVs from the bead-array technology can be broadly

classified into the following categories.

2.1.1 Detecting CNVs from genotype calls

The expected genotype calls from SNP arrays are usually AA, AB and BB. In the

presence of a deletion and duplication the intended calls falls outside these three classes
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and shows up as improper genotype call or deviation from Hardy-Weinberg equilibrium

(HWE). This deviation from expected SNP genotypes has been used successfully to

detect CNVs [118, 119]. Here the authors have reported the detection of CNVs based

on no calls or as nulls. However, one known problem with such kind of approaches is

that stretches of homozygous diploid genotypes can sometimes be incorrectly detected

as deletions. In addition, the sensitivity to detect duplication through such methods

remains low.

2.1.2 Detecting CNVs from one dimensional segmentation

This approach was originally developed for detecting CNVs from the aCGH platform

[120]. In this approach, the total intensity value LRR is modelled in one dimension

through various models including both non-parametric and model based approaches.

Model based approach includes methods like the HMM. One common aspect in these

methods is that deletion and duplications are usually seen as downward or upward shifts

in the intensity values and thus makes it easy to interpret results or visually inspect them.

Further details of non-parametric approaches and model based methods are explained

in the next sections.

2.1.2.1 Non parametric methods for CNV detection

Non-parametric CNV calling methods are more generic and assume minimal structure in

the intensity data and the underlying noise distributions. The two commonly used meth-

ods which use non-parametric approaches are Smith-Waterman Array [121] (SW-Array)

and Circular Binary Segmentation (CBS) [120]. SW-Array uses a modified version of

Smith-Waterman dynamic programming approach to identify regions of CNVs spanning

several probes. However, dependence amongst the probes is not modelled through this

method thus leading to high false positive rates. Prior to CNV calling such approaches

were used for identifying genomic regions with unusual properties. CBS does not make

any assumption in the noise distribution in the intensity data and splits the data into

several child segments. A similarity statistic is computed for these child segments and

then compared to the reference distributions. The reference distributions are calculated

through a permutations-based method. Based on the likelihood of the similarity statis-

tic a threshold is decided for accepting or rejecting the child segments. This process
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continues till the sub-segments reach some stopping criteria and results in regions of

homogeneous intensity data.

However, the above methods still perform poorly when considering sensitivity of CNV

detection and further these models do not incorporate the population level allele fre-

quency information (BAF) into the model. Further, some of these non-parametric

approaches have also been extended to CNV discovery using SNP arrays [122, 123].

However a systematic comparison of such methods with the current approaches still

remains to be done.

2.1.2.2 Model based approaches using HMMs

Model-based approaches assume an underlying distribution in the intensity data. One

such application of model-based approach is dChip [124]. This method uses a HMM-

based approach with the assumption that the observed intensity follows a t-distribution.

Usually HMM-based models are based on the fact that a CNV spans several contiguous

probes, thus creating a linear spatial structure. The genotype at each of these probes is

the observed sequence and the hidden state represents the copy number at a particular

probe. The most probable path for the hidden state path is next inferred through a

dynamic programming (DP) approach like the Viterbi algorithm.

One commonly used approach by which the HMM model is improved is by modify-

ing the transition rate matrix. One such scenario is when the switching probability is

controlled by the distance between probes i.e. a large distance between probes makes

transition from one CNV state to another easier compared to closely spaced probes.

Improving modelling accuracy through the transition matrix was first implemented in

the dCHip and CNAG software [125] and subsequently in several other recent software.

In next section, I have described in details the HMM model, some important issues

related to it, the dynamic programming method and the EM algorithm for estimating

the model parameters. An understanding of these concepts proved important for me in

order to modify and apply the cnvHap algorithm for my analyses in the later chapters.
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2.1.3 The hidden Markov model (HMM)

HMM has been used widely in machine learning applications including speech recognition

[126] and recently for biological sequence analysis [127]. For CNV detection applications

the HMM model has been applied in several matured and widely used CNV detection

methods like PennCNV [82] and cnvHap [10]. In several analyses presented in the later

chapters, I used a flexible haplotype HMM framework implemented through the cnvHap

algorithm. I incorporated several modifications and made important observations in

the HMM framework which I think has led to an improvement in the CNV analysis.

Through the understanding of this model, I have also explored the possibility of imputing

CNVs from one dataset to another and discussed the possibility of combining several

CNV detection platforms together. This can also include the combination of genotyping

arrays with NGS data in the future [113]. Further to these thoughts, in the next section

I discuss in detail the general framework behind the HMM [128–130].

2.1.3.1 The HMM notation

One of the most important aspects of HMMs is its notation. The following is a general

notation for a general HMM.

• T= length of the observation sequence

• N= number of states in the model

• M= number of observation symbols

• Q=
n

q0, q1, ..., qN�1
o

= distinct states of the Markov process

• V=
n

0, 1, ....M � 1
o

= set of possible observations

• A=state transition probabilities

• B= observation probability matrix
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• ⇡= initial state distribution

• O=(O0, O1, ....OT�1)=observation sequence

Further, here I have discussed only a first-order HMM applied to a sequence of stochastic

processes with the following assumptions.

1. Random values hold a finite set

2. The state at any point is only dependent on the previous state (since we assume

first order Markov process)

3. At each point only the output sequence is observable and it is dependent on the

hidden state at the same point.

One of the common ways to conceptualise a HMM is through a trellis diagram which

shows the relationship between the observation and the hidden variables.

X0

B
✏✏

A // X1

B
✏✏

A // X2

B
✏✏

A // X3

B
✏✏

A // ....

✏✏

A // XT�1

B
✏✏

O0 O1 O2 O3 .... OT�1

Here, in the above diagram the observations are denoted by O = (O0, O1, ..., OT�1)

and Xi represents the hidden states corresponding to the observed states. Only the

observed states are seen and they are related to the hidden states through the B matrix.

Matrix A refers to the transition matrix for the hidden matrix and is usually given or

assumed before solving the HMM problem.

2.1.3.2 The three problems and solutions in HMM

In general, for any given HMM problem there are three di↵erent problems which we

need to solve. For all HMM applications, depending on the specific objective at hand,

one must try to solve one of the three problems described below:
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• Given the model � = (A,B,⇡) and a sequence of observations O, find P (O | �)

• Given model � = (A,B,⇡) and an observation sequence O, find the underlying

Markov process.

• Given an observation sequence O and dimensions N and M find the model � =

(A,B,⇡) that maximizes the observation sequence O

For the application of CNV detection using HMMs, we usually try to answer the second

question i.e given the observed intensity measurements we try and infer the underlying

copy number classes.

2.1.3.3 Solution to the three HMM problems

Here, I have described the various solutions related to the HMM model. The various

derivations described below can help in determining some of the modifications I have

tried out in cnvHap later. I have also discussed how I tackled some of the problems

that I encountered during my analysis. Though for the CNV analysis we were mainly

interested in the solution to the second problem, the derivation of the first to the third

problem follows a sequential order. Hence, I have reviewed the general derivation for

problem 1 and 2 and then briefly mentioned the important steps for problem 3.

2.1.3.4 Solution to problem 1

The initial model of any HMM is denoted by � = (A,B,⇡) and O = (O0, O1, ..., OT�1)

is a series of observations then the main objective is to find P (O | �).

Let X = (x0, x1, ..., xT�1) be a state sequence, then by definition of B we have

P (O | X,�) = bx0(O0)bx1(O1)...bxT�1(OT�1) (2.1)

Then by the definition of initial distribution ⇡ and state transition probabilities A, it

follows that

P (X | �) = ⇡x0ax0,x1, ax1,x2...axT�2,XT�1 (2.2)
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Since it is known that

P (O,X | �) = P (O \X \ �)

P (�)
(2.3)

and

P (O | X,�)P (X | �) = P (O \X \ �)

P (X \ �)
· P (X \ �)

P (�)
=

P (O \X \ �)

P (�)
(2.4)

we have

P (O,X | �) = P (O | X,�)P (X | �) (2.5)

Then summing over all possible sequences we obtain

P (O | �) =
X

X

P (O,X | �)

=
X

X

P (O | X,�)P (X | �)

=
X

X

⇡x0bxo(O0)axo,x1bx1(O1)...axT�2,xT�1bxT�1(OT�1) (2.6)

However, the computation of equation 2.6 is infeasible because it requires about 2TNT

multiplications, which usually is computationally intense. The main strength of HMMs

comes from the result that the above formulae can be calculated by an e�cient formula

as below i.e.

To find P (O | �) we use the forward algorithm or ↵� pass. Given t = 0, 1, .....T � 1 and

i = 0, 1, .....N � 1, we define
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↵t(i) = P (O0, O1, .....Ot, xt = qi | �) (2.7)

Then ↵t(i) is the probability of the partial observation sequence up to time t, where the

underlying Markov process is in state qi at time t. The crucial insight is that ↵t(i) can

be computed recursively as follows:

1. let ↵0(i) = ⇡ibi(O0) , for i = 0, 1, .....N � 1

2. for t = 1, 2, ...T � 1 and i = 0, 1, ....N � 1 we compute

↵t(i) =

2

4

N�1
X

j=0

↵t�1(j)aji

3

5 bi(Ot) then it is clear from (2.7) that

P (O | �) =
N�1
X

i=0

↵T�1(i)

The forward algorithm now requires about N2T multiplications as opposed to more

than 2TNT using the naive approach.

2.1.3.5 Solution of problem 2

Here the goal is to find the most likely sequence of observations O. The alternate option

of finding the most likely states can result in a di↵erent interpretation. For HMMs, we

want to maximize expected number of correct states which is in contrast to DP and

these two need not always concur. The di↵erence is that DP aims to find the highest

scoring overall path. First we derive the backward algorithm or beta � pass which is

analogous to ↵-pass but now it starts from the back and moves towards the beginning

For t = 0, 1, .....T � 1 and i = 0, 1, ....N � 1

�t(i) = P (Ot+1, Ot+2, ....OT�1 | xt = qi | �) (2.8)

Then �t(i) can be computed recursively and e�ciently as follows:
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1. �t(i) = 1, for i = 0, 1, ....N � 1

2. For t=T-2, T-3, ..., 0 and i=0,1,...N-1 compute

�t(i) =
N�1
X

j=0

aijbj(Ot+1)�t+1(j) (2.9)

For t = 0, 1, ....T � 2 and i = 0, 1, ....N � 1, define

�t(i) = P (xt = qi | O, �) (2.10)

Since ↵t(i) measures the relevant probability up to time t and �t(i) measures the rele-

vant probability after time t we get

�t(i) =
↵t(i)�t(i)

P (O | �) (2.11)

It was already seen that the denominator P (O | �) can be obtained by summing ↵T�1(i)

over i. From the definition of �t(i) it follows that most likely state at time t is the state

qi, for which �t(i) is maximum where the maximum is taken over the index i.

2.1.3.6 Solution to problem 3

This requires us to adjust the model parameters to best fit the observations, the sizes

of matrices (N and M) are fixed but the elements of A, B and ⇡ are to be determined.

Without going into much detail in this problem, the overall algorithm for this step is as

follows

1. Initialize � = (A,B,⇡)

2. compute ↵t(i),�t(i), �t(i, j) and �t(i)

3. re estimate the model � = (A,B,⇡)

4. if the P (O | �) increases, go to step 2
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If P (O | �) does not increase by at least some threshold or set up to maximum number

of iterations then the iteration is stopped.

2.1.3.7 Dynamic programming and scaling issues

In this section, I have reviewed the relationship between DP and HMMs. In short the

DP is ↵ � pass where ”sum” is replaced by ”max”. For the given ⇡, A and B, the DP

can be estimated as follows.

1. let �0(i) = ⇡ibi(O0), for i = 0, 1, .....N � 1

2. For t = 1, 2, ....T � 1 and i = 0, 1....N � 1 we need to compute

�t(i) = maxj✏0,1,..N�1
h

�t�1(j)aijbj(Ot)
i

At each successive t, the DP determines the probability of the best path ending at each

of the states at i =0,1,...,N-1. Consequently the best overall path is given by

maxj✏0,1,...N�1
h

�t�1(j)
i

(2.12)

It is to be noted that equation 2.10 only gives the optimal probability and not the state

path itself. The DP procedure can be augmented to recover the optimal path by tracking

back from the highest scoring final state.

Scaling The three problems in HMMs require computations of products of probabili-

ties and some of these often tend to zero as the probabilities increase exponentially as T

increases [129]. In the field of statistical computing this issue is often referred to as the

problem of underflow. To solve this issue we often scale the numbers and simultaneously

take care that the results and formulae remain valid. One of the ways to prevent the

underflow problem is to compute the following formula.

log
h

P (O | �) = �
X

j = 0T�1logcj
i

(2.13)

where cj is the scaling factor which is used for �t(i) as well as ↵t(i) and initial value is

defined as c0 = 1/
X

j = 0N�1↵0(j) Using ct at time t such that �̂t(i) = ct�t(i) and

45



Chapter 2. Methods

�t(i, j) and �t(i) are computed using �̂t(i) in place of �t(i). The resulting gammas and

di-gammas are then used to re-estimate ⇡, A and B. From this it can be easily shown

that the re estimated values are the same as the original estimates.

2.1.3.8 The Viterbi algorithm for state path determination

The main motivation behind the Viterbi algorithm is that there are several paths through

the hidden states for a given observation sequence. Howeve, all these paths do not have

the same probability values. Hence, the Viterbi algorithm is used to compute the most

probable path. The principle used for this algorithm is similar to DP for calculating the

probability [131]. It requires the knowledge of parameters and in particular, the output

sequences. It then finds the state sequence that is most likely to have generated the

output sequence. It can be summarized as

pl(i, x) = el(i)maxk(pk(j, x� 1).pkl) (2.14)

where el(i) = probability to observe element i in state l and pk(j, x� 1) the probability

of the most probable path ending at position x � 1 in state k with element j. pkl =

refers to the probability of the transition from state l to state k.

2.1.3.9 The EM algorithm

The idea behind the application of the EM algorithm is that, while finding the maximum-

likelihood is straightforward in the presence of latent variables or missing variables, the

sum for the likelihood becomes intractable [132]. The general likelihood function is

denoted by

L(✓, x) = logp✓[x] = log
X

z
p✓(x, z) = log

X

z
p✓[z | x]p✓[x] (2.15)

The EM approach for this formula can be interpreted as, first use the current parameters

to re-estimate the latent variables and then use those re-estimated parameter values for

the calculating parameters for the entire model. The formulae for these steps are as

follows.
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First, the expectation step for the EM theorem for any given function x and parameter

values ✓ ✓0 is given by

L(✓0, x)� L(✓, x) �
X

z
p✓[Z | x]logp✓0 [x, z]�

X

z
p✓0 [Z | x]logp✓[x, z] (2.16)

Next, we can use this to maximize expectation

X

z
p✓[z | x]logp✓0 [x, z] = Ez p✓[·|x]

h

logp0✓[x, z]
i

(2.17)

The main iterations steps are as follows.

• compute p✓[z | x] for current value of ✓

• compute expectation and find maximizing ✓0

The meta-algorithm which can also summarize the above steps is:

1. E step : qt+1  pt✓[z | x]

Interpretation: posterior probability of latent variables given observed variables

and current parameters

2. M step : ✓t+1  | argmax✓
X

z
qt+1(z | x)logp✓[x, z]

Interpretation: maximum likelihood parameter estimation given all data

The EM algorithm applied to HMMs is often known as Baum-Welch algorithm. Several

variants and extensions for this method exist. One important point to be noted for this

algorithm is that it is sensitive to initial values and hence their choice plays an important

role in the final results.

2.1.4 Generalised genotyping methods

The segmentation methods discussed above do not take the allele frequency information

i.e. BAF, into consideration while calling CNVs. BAF undergoes changes in the presence
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of CNV and can be incorporated to get extended CNV-genotype information. In these

approaches, CNV genotypes are clustered in the two dimensional feature space of total

intensity LRR and BAF in order to derive the allele-specific CNV-genotypes [133]. In

this feature-space additional genotype-classes are possible for di↵erent copy number

classes. In normal genomic regions with no copy number variation the total intensity

LRR is normalised to have zero mean and the distribution of the BAF is trimodal where

each cluster corresponds to AA, BB or AB. In a deletion region the LRR decreases as it

directly corresponds to the DNA copy number and the BAF is bimodal with only two

genotypes allowed (A, B). In regions of copy number gains there is increased value of

total intensity and the BAF has more than two modes (AAA, AAB, ABB, BBB etc.).

I describe in details some of the implementations of such generalized model through

software like cnvHap.

2.1.5 HMM based CNV detection methods

In the following section, I have described some of the applications of the HMM model

implemented in the commonly used software for detecting CNVs. I have discussed the

general principle behind these methods, discussed some of their merits and demerits and

also briefly touched on the recommended parameters for running them.

CNV detection methods from high density genotyping platforms are currently clas-

sified into two categories: wide or deep. The deep category of algorithm considers all

samples simultaneously for modelling while keeping the number of probes restricted

while the wide category of algorithm processes each sample independently within fixed

intensity clusters. The commonly used wide algorithm usually either uses a HMM or a

segmentation algorithm.

PennCNV and QuantiSNP Some of the widely used HMM-based CNV detection

methods are PennCNV [82] and QuantiSNP [133]. Both these methods are based on

first-order Markov models. This means that the copy number call at a particular probe

is dependent on the copy number at the preceding probe. The total number of copy

number calls possible for both these algorithms is restricted to six and have similar

approaches for detection. One of the main di↵erences between the two methods is based

on the probability transition matrix for the HMM. In QuantiSNP the state transition
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matrix is the same for all copy number classes while in PennCNV the transition rate

varies for di↵erent classes. For example, in PennCNV, the transition rate from a normal

copy to a single copy deletion is more likely than transition from a single copy to copy

number three.

Some of the di↵erences between these two are as follows. The emission probabilities

for PennCNV are related to uniform and Gaussian distributions and is considered to be

known. In QuantiSNP, a Bayesian framework where the unknown hyper-parameters are

estimated through a maximum likelihood method is used. The means for the Gaussian

distributions for PennCNV is set to �3.53,�0.66, 0, 0.40, 0.68 (polymorphic probes) and

for QuantiSNP it is set to �6,�0.55, 0, 0.36, 0.63. PennCNV further has a separate deep

module where the CNV breakpoints are specified by the useR with prior probabilities

for deletion and duplication. Next, for each copy number class a likelihood is calculated

based on the posterior probabilities. This module is more suited for detecting common

CNVs.

cnvHap The cnvHap algorithm is an advanced haplotype-based CNV detection and

genotyping algorithm [10]. The cnvHap algorithm unlike the others uses a haploid HMM

and has integrated wide and deep modules. The emission distributions are Gaussian and

depends on the hidden state g. This is used except for copy number class of zero, when

a uniform distribution is assumed.

LRR ⇠ N(µr,g,�
2
r,g)

8

<

:

I0b1 N(µb,g,�
2
b,g) if CN(g) > 0

U(0, 1) if CN(g) = 0

One of the recommended initial cluster mean positions µr,g is �4.5,�0.55, 0, .31, 0.53.

These values can be adjusted based on the given platform. Some of the other cnvHap

features include a Baum-Welch algorithm for determining the haplotype HMM parame-

ters and the Viterbi algorithm for finding the most likely sequence of allele-specific copy

number states.

cnvPartition The cnvPartition algorithm was developed by Illumina for its Beadstu-

dio software [134]. It is a wide based CNV detection method and models LRR and BAF
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as a Gaussian distribution model. It models up to four copies for each allele and in total

considers fifteen di↵erent allele-specific copy number states. An estimate for each probe

to belong to each of the copy number class is determined using a maximum likelihood

based method. The breakpoints are segmented based on the change in copy number

class along the probes.

2.1.6 Methods for detecting de novo CNVs

De novo CNVs have been found to be quite important from disease and non-disease

point of view. For example, rare de novo CNVs have shown to play an important role

in Autism [135], while identical twins were found to have di↵erent genomes based on

di↵erences in the presence of de novo CNVs [136].

Given the importance of de novo CNVs, there has been development of several software

and methods for detecting and characterizing de novo CNVs. Some of the array based

methods for detecting CNVs include DNA-Chip (dchip) [124], Partek (http://www.

partek.com), Quanti-SNP [133] and PennCNV [82]. Some of the earlier methods for

CNV segmentation such as the circular binary segmentation algorithm has been adapted

to detect de novo CNVs [137]. Recently there has been development of sequencing

based methods for detecting rare CNVs such as the commonly used plinkseq (https:

//atgu.mgh.harvard.edu/plinkseq/). Some advanced stochastic based inference of

de novo CNVs have also been developed and recently published [138].

2.1.7 Other model based approaches (GADA)

Some other parametric models which are not based on HMMs have also been proposed.

One such example is genome alteration detection analysis (GADA) [139]. GADA uses a

linear combination of step functions for representing the copy number classes and then

uses a sparse Bayesian learning to infer the basis function with presumed prior distri-

bution. CNV breakpoints are then determined using a backward elimination process.

Some other methods similar to GADA are ITALICS [140] and GLAD [141].

The various commonly used statistical frameworks and methods used to discover and

associate CNVs with complex phenotypes is reviewed in the following sections.
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Figure 2.1: E↵ect of CNV on SNP genotyping data

In presence of CNV there is change in the LRR values and also the allele frequencies
in the intensity data [103]. Above the colour labels are Red: copy number 1, black:

copy number 2, green: copy number 3, blue: copy number 4

2.2 Association approaches in genetic epidemiology

Association models in genetic epidemiology aims at finding genetic polymorphisms,

which are systematically di↵erent between cases and controls. This can lead to the

determination of risk enhancing as well as protective alleles. Some of the main statis-

tical challenges in such association approaches are to correct for the suggestive causal

variants, which can arise randomly through chance. This would mainly involve separat-

ing spurious signals from the true causal variants [142].

Association approaches in GWAS mainly follow three approaches including case-control,

quantitative (continuous) and categorical disease outcomes. In case control approach,

there are three genotypes for the two groups of cases and controls. The commonly used

tests are pearson test (2 d.o.f.) and Fishers exact test. In most cases latter is preferred.

In additive models, heterozygous is considered intermediate of the two homozygous states

and some of the methods used are Cochran-armitage test. The Cochran armitage test

does not assume HWE and tests the hypothesis of zero slope for the line that fits the three

genotype risk estimates. Compared to these, the Bayesian approach assumes a priori

on the nature of disease risk not used much because of intensive computations resources

required. For continuous outcomes, ANOVA based methods are used. For regression

analysis, normality of outcome is assumed for the trait and a transformation is used to

achieve this if it is not. Due to this for case control analysis a logistic regression is used
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since nothing lies outside the range of 0-1. Logistic regression is also more flexible to help

in incorporating multiple testing and also including multiple SNPs. It can also include

complex epistasis and environmental interactions or also incorporating covariates like age

of onset and sex and is a general procedure for generating tests that are asymptotically

equivalent to likelihood based tests and it is based on the derivative of likelihood with

respect to parameter of interest where the unknown parameter is set to zero. This test

also has the possibility of adding covariates into the model. Ordered and categorical

outcomes includes several categories of outcomes analysed using multinomial regression.

This can be in two forms ordered and unordered [142].

2.2.1 Tests for multiple SNPs

SNPs perhaps lying candidate genes have little recombination. Most association based

on single SNPs avoid the nature of correction existing in the SNPs due to LD and avoid

leveraging the joint nature of their distribution. One method to correct the correlation

nature of SNPs is use step wise selection or Bayesian shrinkage methods. Such multi-

SNP analysis with highly correlated SNPs can also use haplotype based methods. For

this computation methods exit to infer haplotype structure but there is some uncertainty

associated with it. But this is simpler in regions of high LD which means less complexity.

Some other haplotype based methods try and ascertain the proportion of haplotype

amongst cases and controls with assumptions of HWE and near additive measures of

disease risk. In some cases there are excess of haplotypes in cases compared to controls.

Some of the other fundamental issues involved in genetic association analysis are

1. Setting tight regulation of statistical significance.

2. Finding patterns of polymorphisms which can only generated by causal genetic

mechanisms, like from evolutionary and recombination processes.

3. Dealing with systematic errors dealing with missing values.

In addition to this one also needs to correct for hardy Weinberg equilibrium (HWE).

HWE can arise through several factors like inbreeding, population stratification, selec-

tion and through disease association. All these factors need to be accounted for in

association analysis. Deviation from HWE can also occurs in the presence of deletion
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or tandem duplication polymorphism. The usual practice of setting HWE in GWAS

is ↵ = 10�3/10�4. Some other aspects of GWAS include correcting for study center

related batch e↵ects or unusual patterns of missing data, deciding how many individ-

uals and genetic markers to include in the study. Patterns in missing data can be

estimated through several methods. One approach is the maximum likelihood (ML) ap-

proach, which can find the best predictor of missing genotype, given the data. Another

approach is to randomly select from a probability distribution through multiple impu-

tation. Advisable to remove those SNPs which have more missing data. LD is crucial

for designing association studies. There are about 11 million single nucleotide variants,

but only a handful is actually associated with the phenotype of interest. LD is usually

calculated through several measure and some of the common ones are D and r2. Both

these methods have their own merits and demerits. Fine scaling estimates can help in

summarizing LD in a region, as recombination is the most important phenomenon be-

hind LD. The human genome is block like with little or no recombination within blocks

but several block boundaries having hotspots of recombination [143]. This also leads to

the important concept of SNP tagging which means to retain as much genetic variation

as possible from all the SNPs. The SNPs selected from the Hapmap study will help in

increasing selecting population specific SNPs and reducing SNPs can help in increasing

statistical power.

2.3 Models for association

2.3.1 General linear regression

The general linear regression model is used to characterize the relationship between two

variables of interest. Intuitively, the main purpose for this model can be compared to

correlation, but the regression model has several advantages [144]. The regression model,

in addition to the purpose of determining the strength of association, also allows finding

the direction of e↵ect. This information can be useful for performing meta-analysis

and for comparing results between di↵erent genetic studies. In the case of quantitative

outcomes the weights calculated through the regression model can also be used to predict

unobserved values. This can be a useful feature in predicting missing phenotypes in case

there is a large number of correlated phenotypes available.
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The general representation of the regression model seeks to capture the relationship

between a dependent variable Yi and one or more explanatory variables denoted by

Xi1,...in
. The model also accounts for an error term ei which is unobserved noise. The

general form of the model is as follows:

Yi = �1xi1 + ...+ �pxip + "i = XT
i � + "i, i = 1, ...n

or it is also sometimes represented as

Y = X� + "

There are several assumptions related to the predictor and response variables in the

regression model. Some of these assumptions are enumerated below.

• linearity of the relationship between dependent and independent variables

• errors are independently distributed

• errors have constant variance

• errors have normal distribution

Though there are several modified versions of the regression model where these assump-

tions have been relaxed or modified, but in general violations of these assumptions lead

to biased estimates of parameters. Once the weights of the regression model have been

estimated then a hypothesis test is carried out to check the significance of association.

This usually relates to how a unit change in predictor variable leads to the corresponding

change in the outcome variable.

Current regression models for genomic studies often include two kinds of multivariate

models, one where all the columns of response variable (Yi) are tested together, and one

other where in which the columns of Yi are tested independently. Further, there are

two other generalizations of the general regression model which is commonly used i.e.

multiple regression model and the generalized regression model (GLM). The multiple

54



Chapter 2. Methods

regression model restricts the number of dependent variable to one and is denoted by

Yi = �0 + �1Xi1 + �2Xi2 + ...+ �pXip + "i

In GLMs, the response variable can have arbitrary distributions rather than normal

distribution [145]. In addition, an arbitrary function (link function) makes the response

variable linearly vary with predicted values. It also generalizes various statistical mod-

els like Poisson regression, logistic regression and the linear model. Several methods

have been developed for parameter estimation for GLM, including iterative re-weighted

least squares, maximum likelihood, Bayesian approaches and least squares estimates for

variance stabilized responses.

2.3.1.1 Logistic regression

The logistic regression model is used in statistical modelling when the outcome variable

is binary or categorical. This model is useful in case-control genetic studies and has

been used widely in GWAS analysis [146]. It can also be considered as a special case of

GLM and the link function for this case is a logit function. The model is represented as

below

logit(p) = ln(
p

1� p
) = �0 + �1X + ei)

This allows the input values to vary from �1 to +1 but the logit function always

returns values between 0 and 1. Ordinary regression parameters are estimated by max-

imum likelihood whereas for logistic regression, closed form expression of these param-

eters does not exist and instead an iterative process like the Newton’s method is used

[147]. In iterative process, the solution begins with a value and is revised until the im-

provement in the numerical solution is minimal. At this point the process stops and is

said to have converged.
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2.3.1.2 Proportional odds regression

The proportional-odds model, also known as the ordered logit model, is used for ordinal

dependent variables. Compared to logistic regression where the response variable is

dichotomous, in ordered logit model the dependent variable allows more than two ordered

response categories [148]. The model cannot be estimated through ordinary least squares

(OLS) and is estimated through maximum likelihood.

2.3.2 Odds ratio

The odds ratio (OR) refers to the factor by which risk of a disease is increased in exposed

individuals compared to unexposed individuals. For example for the table below,

Table 2.1: A contingency table for calculating OR

Exposed Non-exposed

Cases A B
Controls C D

OR is defined as the following.

OR =
AD

BC

OR is non-Gaussian but log(OR) is approximately normally distributed. Variance for

the log(OR) is defined as

var(log(OR)) =
1

A
+

1

B
+

1

C
+

1

D

The above formula can then be used to calculate the confidence intervals of OR.

CI(log(OR))1�↵ = log(OR) + Z↵/2
p

var(log(OR))
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where the Z↵/2 is Gaussian distribution quantile of 1� ↵/2 order. In genetic epidemi-

ology a particular exposed group is defined by the genetic marker with risk related to

categories of the genotypes AA, BB and AB.

2.3.2.1 The Wald statistics

The Wald statistics considers the di↵erence between estimated �̂ (the regression coe�-

cient) and zero and it follows a chi-square distribution with one degree of freedom.

W =
�̂2

ˆvar(�̂)
⇠ �21

2.3.2.2 Likelihood ratio test

The likelihood ratio test ascertains the likelihood of two models (L1 and L2) which di↵er

by at least one variable. The second model should contain all the variables in the first

model and the di↵erence in the number of variables between the two defines the degrees

of freedom of the chi-square test. For example, suppose we are interested in a variable

Xk+1, model 1 does not contain Xk+1 and model 2 does in a logistic regression model.

Model 1: logit(P ) = ↵+
k
X

i=1

�iXi

Model 2: logit(P ) = ↵+
k+1
X

i=1

�iXi

In the above case since there is a di↵erence of one variable between the two models, the

likelihood ration test follows a chi-square distribution with 1 d.o.f shown below

LRT = 2ln
L2
L1
⇠ �21

2.3.2.3 Score test

This test is based on the tangent of the likelihood function at zero. If L(�) is the

likelihood function of � (regression coe�cient), G is the partial derivative of log(L(�))

and H is the second partial derivative of the function log(L(�)) then
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G(�) =
@logL(�)

@�

H(�) =
@2logL(�)

@2�

The statistics then follows a chi-square distribution with 1 d.o.f

S(� = 0) =
G(� = 0)2

H(� = 0)
⇠ �21

2.4 Meta analysis in GWAS

Although GWAS has identified thousands of variants associated with several complex

diseases, these variants explain little of the risk variability. The e↵ect size of common

genetic alleles are often small and the detection signals require large sample size to

reach the appropriate significance level [149]. In this scenario a single GWAS are of-

ten underpowered and necessities statistical approaches to combine several studies in

order to increase power and reduce false positives. One such popular approach is meta

analysis in GWAS, where summary results from di↵erent association analysis studies

are combined together. Over the last few years through meta analysis several hundred

results have been published and has led to the identification several new validated new

genetic risk loci [149]. In the following sections I have discussed some of the widely used

meta-analysis approaches including some recent and alternative methods that have been

proposed.

P-value and Z-scores

Meta-analysis using P-values have been used in the past but then later discontinued.

This approach has several limitations including dealing with heterogeneity. Some pop-

ular examples for this approach include Fishers approach for combining pvalues and Z

scores. Results from both these approach are highly correlated but the main di↵erence

is that Fisherss method used the average of log(Pi) (where Pi is the P value from the

ith study ) across all studies where as the Z score in based on the average of Z values

[150]. The advantage of using Z scores is that it can take direction of e↵ect into account

and has the possibility of introducing weights. Both these methods are well suited for
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low frequency and rare variants, where the association tests used provides the P values

and Z scores rather than the e↵ect sizes [151].

Fixed e↵ects model

Fixed e↵ect based meta-analysis has been the most popular approach for GWAS data

so far for discovering SNP-phenotype associations. Fixed e↵ects meta-analysis is based

on the assumption that the true e↵ect of each risk allele is same in every data set

analysed. Though this assumption is not valid in every case, this approach has the

maximum power to discover novel risk loci compared to other method like the random-

e↵ects model. There are di↵erent approaches in the fixed-e↵ect meta-analysis. One the

most commonly used method is where each study is weighted according to the inverse of

its squared error. Most of the bioinformatics software carry out inverse variance meta-

analysis. An alternate fixed-e↵ect model giving similar results to the fixed-e↵ect model

is Cochran-Mantel-Haenszel approach, but is used less often [150].

Random e↵ects model

In random e↵ects model, the e↵ect size is allowed to vary from one study to another. The

di↵erences in the e↵ect sizes can vary based on di↵erent factors inherent in the study like

age and environmental factors. If somehow it was possible to conduct infinite number of

studies then the true e↵ect sizes for these studies will be distributed about some mean.

The e↵ect size in random e↵ects model is thus assumed to represent a random sample

from a particular distribution and thus referred to as random e↵ects model. Though

random e↵ects are more appropriate than fixed e↵ect model it is usually not used in

discovery projects due to its limited power compared to fixed e↵ect model. However

random e↵ects model becomes more appropriate when there is a need to consider the

generalizability of the observed association and its uncertainty across di↵erent popula-

tions [152]. Some recent random e↵ects model include improvement of discovery power

in the presence of between-study heterogeneity in e↵ect sizes. In contrast to traditional

random e↵ects model Han and Eskin assume that there is no heterogeneity in the e↵ect

sizes [153]. Their approach can essentially divided into two parts, one that is similar to

fixed e↵ect statistic and the other is a test statistic for heterogeneity.
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2.5 Population stratification and cryptic relatedness

in GWAS

The idea behind genetic association studies is identify allelic state which is correlated

with disease phenotypes of interest, but this is often accompanied with lot of false

positives. This was mainly because of insu�cient recombination between these studies

to refine causal locations. The other approach is based on linkage studies. Find loci

where there is correlation between phenotype of interest and the pattern of transmission

of DNA sequence over generations in known pedigree. While relatedness is crucial for

linkage studies it is usually a problem for association studies. Since previous linkage

studies were a↵ected by insu�cient power, GWAS proved to be a powerful alternate

method for finding genomic loci associated with complex diseases [154]. GWAS aims to

find loci with weaker e↵ect size where as family based studies are better for detecting

rare variants with large e↵ect size. Also, association studies tries to find genotype

distribution, which are systematically di↵erent between two study populations, pedigree

can also generate di↵erences between cases and controls at all loci where there is no

strong selection [155].

Figure 2.2: Population stratification in GWAS

Diagram showing confounding and stratification in GWAS setting. Solid arrows show
direction of causal relationship, broken lines with bidirectional arrows shows correla-
tion which is not causal. Dotted unidirectional arrow shows confounded association.
In a classic situation of confounding, the exposure phenotype correlates with the true
risk factor but is not true causal for the disease, leading to the problem of stratification

[156].

60



Chapter 2. Methods

There are three possible reasons why in an unmatched study phenotypes of study sub-

jects might vary systematically and lead to the problem of population stratification.

1. Disease prevalence varies across sub populations in accordance with frequencies of

causal alleles.

2. sub-population prevalence may vary because of di↵erent environmental risks.

3. ascertainment bias- di↵erences in sampling strategies between cases and controls

correlated with ancestry.

Stratification occurs when there are large-scale systematic di↵erences in ancestry, which

can be caused by immigration or within individuals with more recent ancestors than

one would expect from random mating. One related and popular way of understanding

population structure is based on the island model comprising of sub populations. In

the island model mating between individuals occurs preferentially between individuals

of the same island, but this concept again is not completely accurate to the true kin-

ship patterns in a given population. Shared ancestry refers to the patterns of kinship

amongst groups of individuals [157]. This can broadly related to shared ancestry based

on geographic location, but this is not always accurate because there can be underlying

patterns of kinship based on social and religious groups [158].

The main cause of population structure is LD between unlinked loci in the genome. This

can generate spurious marker-phenotype associations. This happens when proportion

of cases varies across sub populations and consequently alleles which also happen to

vary across these sub populations will show spurious associations with the phenotype.

The simplest model of population structure assumes an island model comprising of sub-

populations. Mating occurs preferentially between pairs of individuals of the same island

but the island model is not always accurate.

One of causes of population structure can be LD between unlinked markers/loci which

can consequently generate spurious marker-phenotype associations. Therefore, if the

proportion of cases vary across subpopulations. Alleles which vary in frequency be-

tween the sub populations will show associations with the phenotype. Standard GWAS

approaches do not distinguish such alleles which vary across subpopulations due to ge-

netic drift or natural selection with the true causal alleles involved in determining the

phenotype [158].
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One common sense method to deal with this problem would be to chose controls for

the association analysis from the sub population itself, however this captures certain

fractions of population structure and may miss the smaller e↵ects due to other complex

underlying structure. Such small e↵ects can lead to substantial increase of false positives

when the sample size is quite large, which is often the case for current GWAS studies. A

simulation study by Marchini et al. (2004a) [159] concluded that even in a population

of modest level of structure the most significantly associated SNP can have their pvalue

reduced by a factor of 3, thus overestimating the significance of association.

2.5.1 Cryptic relatedness

Another closely related confounding factor to population structure is cryptic relatedness.

Cryptic relatedness happens when there are unknown relatives even in a small group

of unrelated individuals. While population structure refers to remote common ancestry

among large groups of people, cryptic relatedness refers to common ancestry amongst

smaller groups of people, sometimes even just a pair. Some studies have shown that

cryptic relatedness amongst outbred populations can be almost minimal but for isolated

populations it can be significant [160]. Using pedigree and empirical genotype data it

has been shown that cryptic relatedness can reduce association p value by a factor of 4.

2.5.2 Correcting for stratification

Various methods for correction association analysis for confounding factors

1. Family Based Tests of Linkage and Association (FBTLA): FBTLA tests for dif-

ferences in genotypes of a↵ected children and those expected under Mendelian

randomization of alleles of the una↵ected parent. If an allele is risk-enhancing

or in LD with the true causal variant it will be over transmitted to the children.

This approach is thus a test for both linkage and also association and is robust

to the confounder of population stratification. However, the main drawback of

family based studies is to obtain enough sample size for a well powered association

analysis. In addition in family based analysis, for every case-control pair, three

individuals must be genotyped, leading to higher cost. Using family based analysis

thus becomes a more di�cult choice for association analysis, given that methods

which can correct for stratification in GWAS. However, family based analysis can
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help in finding parent of origin e↵ect which is currently not possible in GWAS

settings.

2. Genomic control: Genomic control is an easy and computationally e�cient way

for correcting for population structure. This correction was developed for the

Armitage test statistic which is asymptotically equivalent to score test in logistic

regression [161]. In the absence of any population structure it has an asymptotic

chi square null distribution. In GWAS analysis confounding due to population

structure or ascertainment bias is reflected as deviation from the x=y line a QQ

plot, often referred to as inflation factor lambda. lambda can also be understood

as the correction factor for type 1 error for the Armitage test, which corrects

for the error but leaves the ranking of genomic markers unchanged. If the e↵ect

of stratification can be assumed to be similar for di↵erent loci, lambda can be

calculated using the formula lambda = median(Y1, Y2, ..YL) where L is number

of unlinked markers and the denominator is derived from a gamma distribution as

a robust estimator of lambda. Some other estimators of lambda have also been

suggested [162].

3. Structured association methods island model:

Structured association is based on the island model of population stratification.

It assumes that the ancestor of each individual is drawn from one or more of

such islands. These methods use a Markov process to model variation along a

chromosome and then carry out a stratified test for association. Some example of

the association test include Mantel-Haenzel or logistic regression with admixture

proportion of each subpopulation included in the model as covariates. Some of

the software packages implementing this method include ADMIXMAP [163] and

STRUCTURE [164].

4. Regression control: Some studies have shown that it is possible to correct for pop-

ulation structure in the case-control logistic regression framework used in GWAS.

The idea is to include genotype information informative of the ancestry as a co-

variate in the association model. Balding et al have proposed using a set of 102

widely spaced SNPs which are non causal or random set of SNPs [165]. These null

SNPs are informative of the underlying pedigree, which is the confounding factor

leading to inflation in association analysis. Several studies have shown that these

null SNPs can remove any e↵ect of population structure and further suggested
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methods like backward elimination and shrinkage to avoid any over fitting in the

model.

5. PC adjustment: Some related methods to regression control have been proposed

which can control for population structure in quantitative trait association by

using principal components of genome-wide SNPs as covariates in the association

model [165]. Instead of using a large number of SNPs and risking over fitting the

PC regression based approach uses linear combination of SNPs obtained through

a PC based approach. However, may more SNPs (104) are needed to obtain these

PCs. Price et al 2006 have presented a similar method focusing on its application

to case-control GWAS [166].

6. Linear mixed models: In addition to the above methods several model based on

linear mixed models have also been proposed. Yu et al have extended linear mixed

model used to map quantitative trait loci in outbred population using kinship

matrix to also correct for population structure. Several software are available

which can implement this approach such as EMMA [167] and GRAMMAR [168].
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Figure 2.3: Population stratification in GWAS

Figure showing the e↵ect of population stratification in whole-genome association
studies. a) shows the expected number of false-positives in GWAS determined through
simulations. Simulations involved 1,000 cases and 1,000 controls, for which 500,000
independent tests were carried out. Out of this only, 100 represent true associations,
ranging from 15% and odds ratio ranging from 1.2-1.5. In b) the same scenario as a)
is simulated with � = 1.2 and � = 1.5. The e↵ect of stratification is modelled on the

false-positives by modelling the e↵ect in the association testing. [73]
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2.6 Approaches for CNV genotype phenotype asso-

ciation

Association statistics for CNVs remain di�cult at present, with often high inflation

factors reported for many of the currently used methods. Some approaches usually test

for the presence of a CNV in a particular region, and then association is performed with

a simple chi-square statistic or Fishers test between cases and controls. However, these

methods fail to accommodate other covariates like sex, batch e↵ects and population

structure. Also what is missing at present is association of quantitative measurement of

CNV (like expected genotypes) and phenotype with allele frequency information further

incorporated as a covariate in the model. A penalized regression method for clustering

has been shown to remove batch-e↵ects in the paper by [10]. Such direct association

methods can prove useful in removing batch e↵ects and other con founders further

development of methods in this direction needs further research.

In the landmark WTCCC study of CNVs in eight common diseases [76] several di↵er-

ent methods were explored for case-control association statistics. Some of these included

location-shift based methods for intensity using Mann-Whitney test, Gaussian mixture

models ( where individuals were assigned to di↵erent CNV classes on the basis of pos-

terior probability) and likelihood ratio testing based approaches. However, for most

of these association statistics a very high inflation was observed, and it was further

concluded that there is a further need to create a better statistical model for CNV-

association at the population level [27].

To address the above problem, this thesis explored a novel method for associating

CNV with binary outcome in a case-control setting. I have used a logistic regression

based framework for regressing expected CNV genotype (which is a probabilistic measure

of integer copy number) as the predictor variable and the case-control phenotype as the

outcome.
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2.7 Variable selection approaches

Variable selection, which is also known as feature selection in machine learning, is the

process of selecting a subset of predictors which best describes the data. In many cases

the two central objectives consist of predicting and ranking variables. In such cases,

the idea of minimal optimal and all relevant are important aspects to consider. Highly

correlated phenotypes often occur in micro-array and metabonomic data [169]. In such

cases the meaning of minimal optimal and all relevant will mean di↵erent things and

will include di↵erent variables. Hence, care should be taken in deciding which method

to use for variable selection for a particular application.

2.8 Methods for clustering

Clustering refers to the method of classifying data into groups based on similarity. It

includes several steps such as data-transformation, pre-processing and application of dis-

tance based methods [170]. One of the commonly used distance-based approach is Eu-

clidean distance, but one drawback for this method is that it is not scale-invariant. Some

other distance-based methods are max-Manhattan, Canberra and correlation based dis-

tance (Pearson correlation based distance). However, the disadvantage with Pearson

correlation is that it is sensitive to outliers.

Clustering algorithms are usually classified based on applied algorithm and there is

no mathematically correct way of clustering. Also, there are drawbacks for each of the

clustering methods and one model cannot fit all. Some of the major classification of

clustering methods are connectivity-based clustering (Hierarchical clustering), centroid-

based clustering (k-means), recent models based on distribution (Gaussian mixture mod-

els and EM-based clustering), and density based clustering. One common problem in

the field of clustering is the curse of dimensionality [171] which basically refers to the

fact that as the data becomes more and more high-dimensional the sparsity among the

data points increases, leading to the problem that more and more evidence is needed to

make statistically sound inferences from such models.
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2.9 Multiple testing

In the frequentist model based hypothesis testing, the decision to reject the null hypoth-

esis is taken with a significance level of ↵, which is also known as the type 1 error. If

the observed statistics falls into the rejection region corresponding to ↵, the hypothesis

is rejected. However, if the same experiment is repeated m number of times, then the

overall significance level for all the experiments will exceed the ↵ level since no control

is applied over the global error-rate of the experiment. One approach to correct for this

is to apply a Family Wise Error Rate (FWER) control. The Bonferroni-Correction is

the most basic and commonly used method for applying FWER to calculate a proper

nominal ↵0

↵
0
=

↵

m

In GWAS, another commonly used correction is the Sidak method:

↵
0
= 1� (1� ↵)

1
m

Here m is the number of tests performed. However, there are several experiments like

gene expression studies with numerous probes not reaching the FWER level. In this

case the false discovery rate (FDR) is applied and is more appropriate [172]. FDR is

essentially the average proportion of falsely rejected tests. This method allows errors

but also controls for them. One commonly used method for FDR is Benjamini-Hochberg

sequential method for ranking corrected p-values [172]. In this method for higher p-value

will mean it has lower rank and the correction will be small. The p-values in this method

are ordered from lower to greater such that

p(k)  K
↵

m

In the perspective of GWAS, FWER is still preferred to FDR approaches to avoid any

false positives. Based on earlier studies by [173] the GWAS significance was estimated to

be 5E�8 [174], which is based on the average number of SNPs tested. Some of the other

issues which arise when a region is known to be associated with the outcome. In this

case the question is whether they should be included in the association model for finding
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new loci associated with the disease. An alternate approach is to consider only the top

N SNPs which can be 10, 20 or 100. Those top SNPs will be tested for replication in

second or more cohorts, but such approaches usually require a large consortium [175].

One problem with such studies is that many of the populations are genotyped on di↵erent

platforms which can then potentially lead to a loss of power.

2.10 Prediction and classification

Statistical prediction is closely related to the concept of variable selection which looks

into all relevant or minimal optimal [176] variables for selecting the best possible subset

of predictors. Once we are satisfied with a model either through a variable selection or

through prior choice, the next issue is of determining the prediction rule. Prediction rule

is derived from the training dataset of known relationship between X and Y . Prediction

rule in a simple regression model is the linear combination of � and the explanatory

variable Xi.

Let

f(x) = �̂(x)

Then the predicted function is defined as

ŷl = f̂(xl)

Then we need to define a loss function which quantifies the divergence between true

value of Y and Ŷ = f̂(x). The squared error loss function is defined as

L(Y, f̂(x)) = (Y � f̂(x))2

It is important that the prediction rule does not fit the training data too closely since

it will then a↵ect its generalizatoin to other datasets and may not perform well in real

world applications. The power to generalize is an important characteristic for a good

classifier. The general steps in prediction are as follows:

• Train data to fit model
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• Validate data to estimate extra parameters of prediction

• Test data to generalize properties

The training error is the average loss over specific training sample

err =
1

n

X

lxtr

h

L(yl, f̂(xl))
i

However, training error is not always adequate for assessing the performance of pre-

diction function since it is overly optimistic about how it can generalize to new data.

Prediction rules based on low training error on the other hand tends to over fit. An-

other problem with prediction error is the problem of bias variance trade-o↵. Some of

the successful applications of prediction in genomic studies have been in detecting vari-

ous cancer subtypes and now this approach is being increasingly used for various other

purposes [177].

2.11 Principal component analysis (PCA)

PCA is a dimension reduction technique which enables high-dimensional data to be pro-

jected to lower-dimensional space in order to detect patterns easily, predict an outcome

to classify samples points or to visualize the data more e�ciently. The projection into

a p-dimensional space produces p principal-components (PCs) but the main idea is to

find the optimal m PCs which can explain maximum variation in the data m  p.

The main steps for this method are to calculate eigen values and their corresponding

eigenvectors of the variance-covariance matrix of the original data matrix. Once the

eigenvectors are calculated, it is used to transform the original data matrix to obtain

the PCs for each observation. An alternate method to calculate PCs by singular value

decomposition (SVD) also exits [178].

2.12 Models for linkage disequilibrium (LD)

LD has an important relation to CNVs and has previously helped in several applica-

tions including elucidating haplotype diversity [179] and determining regions of positive
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selection in the genome [75]. At present there are contradictory reports over the extent

of LD between CNVs and SNPs. While the Wellcome Trust CNV study [76] reported

that most CNVs characterized in their study were in high LD with surrounding SNPs,

some earlier studies like [119, 180] reported contradictory results. At present with the

advent of high-density genotype data from the 1KG project will require better methods

to assess LD and will also lead to new high-resolution map of LD in di↵erent popula-

tions. New methods for calculating LD which can accommodate GSVs with SNPs will

be necessary in the near future.

There are three methods for calculating LD denoted by D, D0 and r2. D is calculated

based on the assumption of independent segregation between any two loci given by

D = PAB � PA · PB

However, there are still limitations of using D in genome-wide applications due its sen-

sitivity to allele frequencies. Alternately, other LD measures such as D0 and r2 have

been proposed and are used more often.

D0 is defined as

D’ =

8

>

>

>

>

>

<

>

>

>

>

>

:

D

min(PA · (1� PB), (1� PA)PB)
D > 0

D

min(PA · PB, (1� PA) · (1� PB))
D < 0

The most popular LD measure is the r2, also known as the correlation coe�cient. The

r2 measure is determined as follows:

r2 =
D2

PA(1� PA)PB(1� PB)
(2.18)

Here, r2 = 1 is interpreted as perfect LD, which means that one marker gives complete

information for the other. One advantage of r2 is that it is less influenced by sample

size and is not a↵ected by recombination. One important application of r2 is to select

tag -SNPs in GWAS.

71



Chapter 2. Methods

2.13 Quality control and filtering in CNV association

analysis

2.13.1 Genotyping details and quality control for chapter 3

The BC1958 controls were genotyped on the Illumina 1M chip. Further details have

been reported earlier [181]. Genotyping of the UK and Australian cohorts was done at

the Wellcome Trust Sanger Institute, Cambridge. All samples from both the cohorts

were genotyped on the Illumina 660K quad chip. Samples were also simultaneously

genotyped on a Sequenom genotyping platform for 26 SNPs and then compared with

the Illumina chip results. Any sample which had less then 90% concordance between

the Sequenom platform and the genotyping chip were discarded.

Figure 2.4: Genotyping QC in Australian Cohort

Left plot shows the call rate for each sample. Centre figure plots call rate versus
autosomal heterozygosity. Rightmost figure shows the histogram of the heterozygosity

for all samples.
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Further, filtering criteria were applied based on the SNP call-rate > 95 %, MAF � 0.05

and a Hardy-Weinberg cut-o↵ p-value of 1xE � 4. The cut-o↵ for heterozygosity was

di↵erent for the UK and Australian cohorts and is shown in Table 3.1. These steps

Min Max

UK 0.3057 0.3227
Australia 0.3054 0.3054

Table 2.2: Heterozygosity rates in UK and the Australian cohort

provided us with a high quality list of samples as well as SNPs which were used for

further downstream analysis including our CNV work.

2.13.2 Genotyping platform details for discovery and control co-

horts for chapter 4

The genotyping details for the various cohorts are as follows. NFBC 1966 was genotyped

on Illumina Infinium 370cnvDuo array (N=5402), NFBC 1986 was genotyped on custom

Illumina Cardiometabochip (N=6143), BC1958 was genotyped on Illumina 1M-Duo chip

(N=2867) and NBS genotyped on the Illumina 1M-Duo chip (N=2737).

2.13.2.1 Normalisation and quality control

The normalization process I applied for the genotyping cohorts is as follows. Cohorts

genotyped on the Illumina platforms were processed through the Illumina Beadstudio or

Genomestudio 2.0 software. LRR, BAF and sample genotypes were exported from the

Beadstudio/Genomestudio softwares for the CNV analysis. Prior to CNV-calling data

normalisation was done in a genotyping plate specific manner in order to adjust for batch

e↵ects. For every genotyping plate, samples were corrected for LRR median correction

and LRR variance. Wave e↵ects were accounted for by fitting a localised loess function
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with a 500 kb window. Processed LRR and BAF were next used for CNV-calling by

cnvHap.

2.13.3 Analysis methods for chapter5

LRR and BAF intensity measurements were exported from the genome studio soft-

ware for all the UKBEC samples for CNV analysis. Prior to CNV calling, specific

pre-processing steps based on GC and loess was performed in a similar manner as de-

scribed in Chapter 3. CNV-calling was done using cnvHap with recommended parameter

settings for Illumina genotyping platforms. For this analysis, I applied an approach for

defining copy number variation regions (CNVR) as defined and implemented in the

cnvPipe software. CNVR was based on the idea of minimal region approach which is

defined as the largest region where samples having a CNV do not change in CNV-state in

one or more cohorts. This approach is relevant for regions of the genome where there are

multiple overlapping CNV segments. In this case, the cnvPipe method can simplify this

complex overlapping CNV segments into a simple minimal region. CNV genotypes are

then calculated for these minimal regions, and have the possibility to be taken further

for meta-analysis. After defining these minimal regions, an eQTL association analysis

was done for them using the matrix eQTL package in R. A linear model for association

between the marker genotypes and normalised gene expression values was done for each

brain region plus the average across all these regions (referred to as average-all). The

nominal p-values calculated were next converted into FDR based on the number of test

performed and were calculated using the Benjamini-Hochberg procedure. Associations

were defined as significant whenever FDR < 1%
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CNV Analysis in Epilepsy

3.1 Introduction

3.1.1 Overview

In this chapter I have explored the role of GSVs like CNVs in conferring disease phe-

notypes, in particular for traits related to epilepsy. These phenotypes include general

susceptibility to epilepsy in a case-control setting and also a complex drug-response

phenotype defined as remission to anti-epileptic drug (AED) therapy. I have described

the results from these two analyses, the validation approaches for the top results, have

discussed some of the biological and clinical implications and lastly touched upon the

future directions for drug-response analysis.

3.1.2 Background

Epilepsy is one of the most common and heritable neurological diseases often charac-

terised by recurrent unprovoked epileptic seizures [182]. In clinical practice, prognosis

is referred to as the future outcome and progress of any disease. Prognosis for epilepsy

is highly variable, including for patients with similar types of epilepsy and epilepsy

syndromes. The variable prognosis may have some genomic causal factors but its true

causal reasons remain unknown. However, overall about 60 % of all epilepsy patients
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achieve long term remission of seizures on AED therapy, but there is still a large propor-

tion of patients (about 20-30 %) who do not respond to medication and never achieve

remission of epilepsy seizures [183]. There are about 20 anti-epileptic drugs in the mar-

ket but it has been observed that resistance to any of them usually means resistance

to all. This phenomenon has been termed as multi-drug resistance. The mechanisms

of multi-drug resistance are poorly understood and may include pharmacokinetic and

pharmacodynamic aspects of drug-response, as well as variable inherent disease severity.

Achieving control of seizures for epilepsy patients is a crucial aspect for decreasing

their risk of death and for improving their quality of life [184]. Although in recent

years there has been progress in elucidating the molecular and genetic basis of epilepsy

susceptibility, there has been limited progress evaluating the role of genetic factors in

prognosis of epilepsy, with to date only a single GWAS of drug-response in epilepsy thus

mandating further investigation [184].

3.2 Patients

In my analysis I have used data from two cohorts of newly treated epilepsy patients.

This consisted of a UK based discovery cohort coordinated by Dr Michael Johnson at

Imperial College London, and an Australian replication cohort coordinated by Professor

Terry OBrien at the University of Melbourne [184]. Details of the cohorts are contained

within [184]. The UK cohort consisted of 916 patients who had earlier participated

in the Standard And New Anti-epileptic Drug (SANAD) randomized controlled trial

which consisted of two treatment arms. Arm A consisted primarily of patients with

focal epilepsy treated with carbamazepine (CBZ) while Arm B consisted of patients

with generalized epilepsy [185].

The Australian replication cohort consisted of about 380 patients recruited from two

epilepsy clinics from hospitals in Australia, including the Royal Melbourne Hospital and

the Austin Hospital in Victoria. The selection criteria for these cohorts were identical

to the UK cohort except that here all cases were aged 10 or over (5 or over in the UK

study) [184]. All patients gave written informed consent. Some of the baseline covariate

information collected and considered was gender, age, cranial computed tomography
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(delta CT) or magnetic resonance imaging (MRI) and several other features described

here.

3.3 Study design

In this case study for CNV analysis for epilepsy, I have carried out two approaches.

First, I have carried out an analysis of susceptibility to epilepsy where I looked for

CNVs at the genome-wide level in a case-control study design. This approach aimed at

finding common CNVs which conferred risk for epilepsy. To this end I used the cnvHap

algorithm. One of the capabilities of the cnvHap algorithm is that it can integrate several

di↵erent datasets genotyped on di↵erent platforms into a single probabilistic model for

CNV detection. This approach as described in the original study is more sensitive to

detecting common CNVs by using population level information for model training. In

the second analysis, I have carried out a drug-response association analysis within the

epilepsy cohort, where all patients were stratified based on whether they responded to

AED therapy, defined as achieving 12 consecutive months of freedom from seizures,

in accordance with International League against Epilepsy (ILAE) [186]. Definition of

treatment response was: patients who achieved twelve month remission were categorized

as responders while patients who failed to remit were categorized as non-responders. In

our association analysis framework we considered the UK cohort as the discovery cohort

and the Australian cohort as the replication cohort.

3.4 Methods

In this section, I have described the overall analysis pipeline for the CNV-analysis for

epilepsy. These steps were applied for both UK and Australian case cohorts, and the 1958

British Birth Cohort (BC1958) and the Helsinki Birth Cohort Study (HBCS) which were

the control cohorts for the susceptibility analysis. In the first section, I have described

the quality control (QC) steps applied to the discovery (UK) and replication cohorts

(Australian). This included the genotyping details and the various QC measures applied

to the Australian cohort. These QC steps were important to get a list of high-quality

SNPs for further downstream analysis. I have also applied some custom normalization

steps, which are necessary prior to CNV-calling. This includes pre-calculating scores for
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regressing out GC e↵ect. A loess function was further fit to the intensity data to cancel

out wave e↵ects commonly encountered in genotyping datasets and corresponding o↵sets

were calculated. These o↵sets and GC scores were regressed out while CNV-calling was

performed through a linear model in the cnvHap framework.

Next, I have addressed an important problem related to batch e↵ects commonly en-

countered in CNV studies. Batch e↵ects are caused due to the biases in the various

genotyping plates and are known to cause spurious associations. To address this prob-

lem, I have described a novel way of calculating genome-wide LRR PCs implemented

through a fast iterative orthogonalization process. Related processes have shown ear-

lier to capture platform-specific biases in an exome-sequencing study for psoriasis, and

here we applied it for SNP genotyping platforms. This method provided us with LRR

PCs which can capture the essential bias in genotyping platforms due to di↵erential hy-

bridization on di↵erent plates. The LRR PCs were used as covariates in our association

regression model. A population stratification based QC based on kinship matrix was also

undertaken in a prior analysis in order to remove individuals who were closely related.

Further, genotyping PCs were also calculated and adjusted for in the regression model

this approach is furhter explained in detail in a later section. To assess the CNV-calling

quality comparison, I have tested the allele frequency of the CNVs of interest in several

other control cohorts including National blood survey (NBS), BC1958 genotyped on the

aCGH platform and the HBCS. A principal component analysis of SNP genotypes had

shown in an earlier analysis that the UK and Helsinki cohorts were genetically quite

distant and were consequently not appropriate for association analysis. I therefore ex-

cluded the HBCS cohort as our controls, and used the BC1958 for this purpose, although

the HBCS cohort was used to compare some of the control population allele frequencies.

The aCGH WTCCC datasets including BC1958 were also useful for comparing allele

frequencies and provided a preliminary in-silico validation for some of our CNVs.

3.4.1 Calculating LRR PCs

I have implemented a method for calculating global PCs for SNP genotyping platforms

similar to the approach described earlier for exome-sequencing data (Figure 3.1) [187].

Briefly, I have first calculated local PCs using a fast iterative scaling algorithm and then

derived global PCs from this. The iterative method works by splitting all SNPs into
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regions i. Then, for each individual k = 1...Ni and LRR values were calculated every

jth probe and the first PC for each matrix given below is calculated

Ri = {rijk}

This method is based on the algorithm described in [188]. It first centralizes the matrix

Ri and then derives the first principal component FPCi by iteratively updating the

following equations until the algorithm converges.

t =
X

j=1·M
< rij, FPCi > rij

FPCi =
t

< t, t >

The convergence threshold I applied for my analysis was 1E � 3. This process has low

memory usage and avoids the computationally expensive calculation of the covariance

matrix RRT . Next, using the SVD algorithm global PCs were calculated comprising of

all the local PCs for H global principal components, which I refer to as GPC1, ...GPCH .

In my analysis I considered the first ten PCs to be used as co-variates in the association

model. These global PCs help in capturing the batch or plate e↵ects in the genotyping

platforms and I used them as covariates in our subsequent association analysis. One

approach which is similar to the earlier work, will be to project out the global PCs from

the local PCs and use these modified local PCs for association. This possibility of trying

to associate local PCs for analysis still remains to be explored.
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Figure 3.1: Plot for LRR PCs

LRR PCs were calculated by the iterative method described in 3.4.2 for epilepsy and
BC58 in a joint manner. Samples in red denote epilepsy as cases and BC58 as controls

and is denoted by green.
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3.4.2 Multiplatform integration using cnvHap

cnvHap has shown to outperform other algorithms for calling CNVs on both aCGH and

Illumina platforms and has increased sensitivity for CNV-calling and genotyping when

di↵erent platforms are combined into a single probabilistic model [10]. The basic idea of

how cnvHap achieves this multi-platform integration is described briefly in the following

paragraph.

First considering all the probes in all the platforms, a meta set of probes is created

with their genomic locations as the spatial coordinates for the HMM. Next, based on

the emission probability of the corresponding genotyping platform, the likelihood of each

sample for di↵erent copy number classes is calculated. The emission probabilities for

di↵erent platforms have been defined using di↵erent basis functions. The following basis

function works well for the corresponding platforms but in principle di↵erent functions

can be used. Further exploration in this area remains to be done.

Equation 3.1 shows the emission probability for Illumina arrays. Here Im refers to two

orthogonal measurements of intensity LRR and BAF and is denoted as Im=(BAFm,LRRm).

P (Im | µ(g),
X

(g)) = P (LRRm | N(µrm(g),�rm(g)))

8

>

>

>

<

>

>

>

:

P (BAFm | U(BAFmin,BAFmax)) ifCN(g) = 0

P (BAFm | TN(µbm(g),�bm(g)) otherwise

(3.1)

N refers to the normal distribution and TN is truncated normal to lie between 0BAFm1.

The parameters from equations 3.1, namely µrm(g), µbm(g), �rm(g) and �bm(g) are

functions of the hidden genotype g and are modelled through a linear model given below
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The emission probability for Agilent arrays is denoted by array of total intensity values

(LRRm) except that there is no term for BAF. BAF in this case is randomly assigned

between 0 and 1. The emission probability for Agilent arrays is defined by equation 3.3.

P (Im | µm(g),
X

m
(g)) = P (LRRm | N(µrm(g),�rm(g))) (3.3)

If an individual did not have measurements at a particular probe, then a uniform

fuzzy distribution is used for determining the genotype distribution which includes the

possibility of any CNV genotype at that location. For probes which were measured by

both platforms being integrated, the combined likelihood is calculated as the product of

the two platform specific likelihoods. In our case, there were only two platforms, but in

principle using this framework more than two platforms can be combined (Figure 3.2).

This approach further allows mapping CNVs from one chip to another and then later

can be compared and verified. The way to do this is to include all the probes from

one chip and then mask the actual values of the other and use uniform fuzzy values. I

have tried this approach in chapter 4 where I used PennCNV CNV calls in the cnvHap

framework, for visualization and comparison of results for the TSPAN8 CNV.
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Figure 3.2: Multi-platform integration through cnvHap

Here, data 1 and data 2 are two di↵erent platforms which are integrated through
probe locations. Data 1 does not have probe from data 2. In the final results the
CNV call for data 1 takes into account information through data 2, thus creating

integrated calls (Figure provided by Dr Lachlan Coin).
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In the first analysis the objective was to find common CNVs conferring susceptibility

to epilepsy. However, the cases and the BC1958 controls were genotyped separately. In

this scenario cnvHap proved to be an ideal framework to use since it can accommodate

situations where cases and controls have been genotyped on di↵erent genotyping arrays.

As a test of combining di↵erent platforms for CNV association analysis e↵ectively, I

successfully replicated the CNV association for TSPAN8 gene in the WTCCC T2D

cases and BC1958 controls as a part of the WTCCC CNV study [76]. These cohorts

were genotyped on the aCGH platform and showed positive association with T2D in the

region CNV R5583.1, which was shown to be the top CNV associated with T2D earlier.

In addition, I also found that, by including high quality CNV dataset through the

multi-platform framework described above, this improved CNV-clustering quality and

also indicated that this might lead to improved association statistics. This indicates that

inclusion of high quality datasets might have the possibility of improving CNV calling

and genotyping, but requires further analysis. One possibility to achieve this could be

to replicate the WTCCC CNV associations. I have the datasets to do this and I aim to

explore this in the future. I further postulate that inclusion of high-quality sequencing

data with genotyping data could show improved results. I echo this point again in

chapter 4 in the light of CNV breakpoints. Methodology development and framework

to do this remains to be done.

3.4.3 Association approaches

The two phenotypes used in our study design were binary (a) susceptibility to epilepsy

and (b) remission of epileptic seizures to AED therapy (a binary outcome related to

drug-response). In the susceptibility analysis I split the WTCCC controls randomly

between the UK and the Australian cohorts with two thirds of control samples used for

the discovery association and one third for replication. For the drug-response analysis

cases and controls were stratified within the UK and Australian epilepsy cohorts based

on response to AED (i.e. drug response cases and controls were selected from the same

epilepsy cohort). Prior to CNV association analysis, for each sample I tested the total

number of CNV-calls made by cnvHap. The main motivation to do this was to remove

spurious samples which had excessive number of CNV calls which can results in wrong

p-values.
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Figure 3.3: Marginal scores for association

Marginal scores shows the marginal test of association for deletions and duplications
(frequentist) which are similar to the p-values calculated through association.

I first derived probabilistic measures of CNV-genotypes for each sample for all probes

having CNV calls. Next, I created an association statistic based on a likelihood function.

This gave me a score for each sample, which reflected the total number of CNVs. Samples

with high score were subsequently removed. The above work was done in collaboration

with Doug Speed from UCL (Figure 3.3, 3.4, 3.5).

Next, association of the epilepsy related phenotypes and the cnvHap derived expected

genotypes was performed using a simple logistic regression model. The covariates used

in the association model for the two studies were age, sex, first 5 population PCs and

first 10 LRR PCs. Based on the top hits from the discovery cohort, I further short-listed

CNVs which replicated in the replication cohort with a p-value threshold of 0.05. Next

using the METAL software [189], I performed a meta-analysis of the top CNVs using

inverse-variance fixed e↵ects model with genomic control. I further applied a filter to

this list based on the genomic location of the CNVs, focusing only on genic and exonic

regions. This was done to prioritize and focus on the functional aspects of the CNVs in
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Figure 3.4: Score for samples driving CNVs

These scores are the scores per SNP for deletions and duplications in every sample.
The idea is to look for samples which stick out, as this way indicates that a group of

samples drives a lot of strong associations

the first instance. cnvHap produces a CNV annotation on a probe-by-probe basis, hence

theoretically has the capability to detect single-probe level. I confirmed such a possibility

where cnvHap was able to detect a CNV at single-probe level on chromosome 12 in an

adult-obesity cohort at a genomic location where through sequencing results (1KG CEU

population) it was subsequently shown to contain a CNV. But in general, single probe

CNVs are harder to call through HMMs (due to their linear spatial structure) and

more likely to have higher false positive rates. Thus it will be unwise to rely on HMM

models for single probes CNVs, unless a proper parameter optimization and genome-

wide analysis is done to assess the e�cacy of such an approach. Results from sequencing

can help in creating such a test-harness and remains to be done in future. Subsequently,

I have discarded all single-probe CNV calls and considered CNVs spanning a minimum

two consecutive probes. I have further assessed the clustering quality of these CNVs

through visual inspection and further compared the clustering quality in the replication

and other control cohorts. I further applied a filter to consider probes where the joint
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allele frequency between the cases and controls combined was greater than 0.01. These

steps gave me a final list of top CNVs associated with epilepsy susceptibility and epilepsy

drug-response. These were next taken further for downstream analysis.

Figure 3.5: Example of SNPs driving association

The plot shows the first two PCs, coloured according to the extremity of the individual
scores, so it can be seen that some extreme population samples separate out, denoted

as red coloured crosses. Similar approach was applied to our epilepsy analysis.

3.5 Results

In this section I have described the results for susceptibility and drug-response analysis.

First, I have reported the results for detection of large CNVs for epilepsy susceptibility.

I have then described the results for whole-genome analysis of susceptibility and drug-

response. I have discussed the biological functions for some of the top genes and the

validation steps carried out for them. In the last section I have also explored a novel

CNV detection and genotyping method based on the concept of clustering. I have next

re-analysed some of the CNVs discovered through cnvHap for the susceptibility and
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drug-response analysis and then discussed some of the future directions and possibilities

of analysis.

3.5.1 Analysis and comparison of large CNVs

In the first instance I aimed at discovering large CNVs contributing to risk for epilepsy.

For defining large CNVs, I set the criteria for the CNVs to be spanning at least 10

consecutive probes and then compared our results with another CNV study for epilepsy,

performed using on the aCGH platform [190]. This approach undertaken in collaboration

with Dr Me↵ord, would permit validation of any positive results, and perhaps save

further lab work. With this objective in mind I started looking into large CNVs spanning

more than > 900 Kbps in our discovery cohorts and compared those overlapping with

Dr. Me↵ords results. For association, I performed a Fisher test for calculating p-values.

Comparison of CNV genotypes was not possible since we did not have the raw data

of Dr Me↵ords dataset and hence ab-initio CNV calling for them was not possible.

This comparison produced a list of four CNVs out of which only one, a chromosome 10

duplication had consistent p-value for association with epilepsy and was taken further

for analysis. The results for this CNV gave us reasonable confidence but there was

one potential drawback. Our platforms were Illumina where as Dr. Me↵rod’s dataset

was aCGH. Though it is possible to combine aCGH and Illumina through cnvHap, it is

advisable to do so only with proper genome wide calibration. Exploring this possibility

was not feasible in our case. Therefore as an extra validation step for the chromosome

10 duplication, I downloaded and analysed the aCGH data for BC1958. I aimed to

compare the CNV calls from this dataset with Dr Me↵ords calls. I argue that this

comparison might be a slightly better approach since both datasets were genotyped

on aCGH platforms and hence the lack of parameter optimization will not make much

di↵erence.

However, results from this association did not give a significant p-value (< 0.05) for

the chromosome 10 duplication or for any of the other 3 CNVs I initially discovered.

Therefore, I concluded that I had found a common CNV and the association I saw

earlier in our discovery cohort might have been driven through slightly di↵erent allele

frequencies between the two di↵erent datasets. One possible reason for this could be

under calling in the control datasets. I further re-analysed these results again by setting
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more stringent parameters for the mean clustering position in cnvHap. Though I did

rediscover the chromosome 10 duplication, there was no association with epilepsy sus-

ceptibility for either the UK or the Australian cohort. Further, none of the previously

reported CNV associations with epilepsy was identified in either the UK or Australian

epilepsy cohorts.

However, it should be noted that testing these parameters for some other known CNVs

leads to a restricted allele frequency. This indicated that the parameters applied may

not be completely accurate. I concluded that these results remain inconclusive unless

further lab based validation or replication is done. I have highlighted that reproducing

associations through di↵erent genotyping platforms is feasible, but remains challenging.

At present there is no exact method for adjusting parameters for our approach since

these values vary on a case-to-case basis. Hence, I conclude that the chromosome 10

duplication is probably real but its true nature of association with epilepsy remains

unknown for now.

3.5.2 Epilepsy susceptibility analysis

In the earlier GWAS for our UK epilepsy population the samples were found to be pre-

dominantly Caucasian and very few samples were discarded due to relatedness. However,

the Australian cohort was found to be more heterogeneous and large number of samples

had to be discarded due to population heterogeneity. This made the replication cohort

size decrease from 400 to about 280 and further posed power issues for replicating some

of the CNV associations. Because of this I short-listed the top CNVs from the UK co-

hort, and then looked for replication in the Australian cohort. An alternative approach

for discovering CNV associations with epilepsy susceptibility is to create a single list of

top CNVs associated with epilepsy using a meta-analysis approach genome-wide. Table

3.2 shows the top CNVs associated with susceptibility after meta-analysing the top 40

CNVs with the UK as discovery cohort and the Australian dataset as the replication

cohort and further restricting the CNVs to genic regions. The top gene associated with

susceptibility was found to be SLC31A1 (Table 3.1). This gene has a known role in cop-

per transport and is known to play a role in Wilsons disease [191]. On doing a literature

review I found an interesting relationship between this gene and epilepsy, suggesting

further experimental validation of this association. Some other top genes found to be

89



Chapter 3. CNV and epilepsy

associated with epilepsy were EPHA7, ABCB4, ADAM22 and NLGN1. Brief literature

review for these genes show that several of these genes have earlier been reported to be

involved in neuronal activity and seizures across di↵erent species including humans and

rats. Some interesting examples include are described below.

A patient carrying a micro-deletion in 6q16.1 encompassing EPHA7 and SNP rs12661215

(also present in our results) was found to have mild neurological abnormalities [192].

SNP variation within the ABCB4 gene was shown to be associated with epilepsy drug-

response [193, 194], while mutations in the ADAM22 gene has been shown to be involved

in causing seizures by interacting with the LG1 gene in rats [195]. The NLGN1 gene

which is involved in important function of signal transmission in neurons has also been

linked to one of the possible causes for epilepsy in autism patients [196, 197]. Amongst

these top hits, the NLGN1 gene proved to have strong clustering quality in all the

datasets analysed and further proved to be the biologically most relevant candidate. A

detailed analysis of the NLGN1 gene function and its plausible shared role in epilepsy

and autism spectrum disorder (ASD) is discussed in details in the following section.

The presence of several biologically relevant candidate genes in our top results shows

the inherent complexity of epilepsy and further suggests that it has a possible shared

aetiology with several other diseases.

Figure 3.6: Quantile-quantile (QQ) plot for epilepsy susceptibility analysis

The QQ plot was found to be inflated for the susceptibility analysis. We considered
only the top hits in this case. Inflation factor � equals to 1.4 in this analysis.
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3.5.2.1 NLGN1 : Missing link between autism and epilepsy?

Approximately 70% of ASD patients show mental retardation and about 30% of ASD

cases have epilepsy as a co-morbidity. There is emerging evidence to suggest overlapping

aetiology between epilepsy and ASD and further elucidation of their molecular basis is

crucial. The neuroligin membrane protein has known implication in causing ASD.

The NLGN1 gene codes for cell adhesion molecules, located in the post-synaptic

part of synapse. They interact with beta-neurexins, which lead to the formation of the

synapses, and are crucial for synapse functions in neuron cells. The neuroligin gene

family consists of NLGN1 at 3q26, NLGN2 at 17p13, NLGN3 at Xq13, NLGN4 at

Xp22 and NLGN4Y at Yq11. While mutations in the two X-linked neuroglins genes

NLGN3 and NLGN4 have already been implicated in causing autism, some of the recent

studies have further shown that NLGN1 and NLGN3 are the current best candidates

for autism.

Two important studies [198] and [199] have recently further confirmed this hypothesis.

Some of the results from these studies have shown the link between activity-induced

regulation of NLGL1 by its proteolytic cleavage and seizures. This e↵ect was shown by

injecting pilocarpine in the brain of the mice (forebrain [199] and hippocampus [198])

leading to seizures and increased levels of NTF of NLGN1 suggesting a link between

the two. The link between neurexin and neurogilin has shown to be associated with

autism but one review highlights that the regulation of NLGN1 by proteolytic cleavage

can uncover the missing genetic link between epilepsy and autism [200]. The functional

role of NLGN1 CNVs in light of the above cellular mechanisms remains to be further

characterized.
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Figure 3.7: Cluster plot for deletion in NLGN1 gene

Two dimensional cluster plot of LRR (X axis) and BAF (Y axis) showing deletion in
the NLGN1 gene. Each point is a sample. Homozygous, heterozygous and normal
copy numbers are denoted by pink, red and grey respectively. Samples having CNV

spanning multiple probes are connected by lines.
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3.5.3 Epilepsy drug response analysis

In this analysis the phenotype of interest was 12-month remission of epilepsy (yes/no)

in accordance with the ILAE definition of treatment response. Based on this criteria

and earlier described quality control measures, I had a samples size of 647 for the UK

discovery cohort and 254 for the Australian replication cohort. The low sample size in

the Australian cohort was due to high population heterogeneity (as described earlier),

decreasing our power to replicate hits from the UK discovery cohort. The association

approach for the remission phenotype was similar to the susceptibility analysis described

earlier, except that the cases and controls were drawn from the same epilepsy cohort,

and thus genotyped on the same platform. I applied a filtering criteria of combined allele

frequency between cases and control of 0.01 and further considered CNVs spanning at

least 3 SNPs. This gave me a final list of 6 CNVs, out of which 4 were intergenic, 1

pseudo-gene and 1 genic-CNV. The genic-CNV was present in the WWOX gene (Table

3.2). I only considered the WWOX CNV for functional follow up. However, I failed

to replicate this association in the Australian cohort (p-value > 0.05). Further analysis

revealed that I had only 40% power to replicate the finding from the primary discovery

cohort. To achieve a power of 80% I would have required a replication cohort size more

than 600. This power calculation was performed using pbsize2 function in the R package

gap [201]. In this function the population prevalence of epilepsy was put as 0.005 with

an additive disease risk model.

My current analysis and results remain promising but inconclusive. Current e↵orts

are ongoing in recruiting more patients for the Australian cohort and in the future I plan

to rerun this analysis. In the following section I have discussed the functional aspects

of WWOX gene in greater details.
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3.5.3.1 The WWOX gene

WWOX is a cytoplasmic protein which is involved in several cellular processes like cell

di↵erentiation, growth and tumor suppression [202, 203]. The WWOX gene lies within

one of the most fragile sites in the human genome where several translocations and

deletions have found to be associated with di↵erent types of cancer [203]. The WWOX

gene encodes a 414 amino-acid protein consisting of two WW domains and a short-

chain of hydrogenase-reductase domain. WWOX is also known to be highly expressed

in several tissues, including cerebral-cortex and the cerebellum [204]. The WW domain

of the WWOX gene is specialized in protein-protein interactions especially for proline-

rich amino-acid sequences. Some of the interacting partners of WWOX identified are

p73, SIMPLE/LITAF, RUNX2 and ERBB4. The possible role of WWOX mutations

in epileptic seizures is reported in the next section.

Figure 3.8: Cluster plot for deletion in the WWOX gene

A very good separation is observed in the plots above, indicating that this CNV is
likely to be real. Samples here show homozygous deletions (pink) and heterozygous
deletions in red. The left plot corresponds to WTCCC CNV study of BC1958 cohort

and right plot corresponds to WTCCC CNV discovery study [76].
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Figure 3.9: Functional aspects of WWOX proteins

WWOX is a cytosolic protein which binds to ERBB4s80 using the WW-domain bind-
ing motifs in the C-tail of ERBB4. This leads to the formation of ERBB4s80:WWOX
complex and this competes with the formation of ERBB4:YAP1 complex which pre-
vents translocation of ERBB4s80 complex to the nucleus. Feng et al. has shown
that WWOX binds with the same a�nity to s80CYT1 and s80CYT2 complex,
and identified PY3 as the most important WWOX binding WW-domain (Source:

http://www.reactome.org/).
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3.5.3.2 WWOX and epilepsy

A recent study created of a new strain of rats with a new phenotype caused by a 13

bp deletion in the exon 9 of the WWOX gene, which they report as lethal dwarfism

with epilepsy (LDE) [205]. This phenotype is characterized by high lethality, male

hypogonadism and significant occurrences of epileptic seizures. They also report that

viability and epileptic seizures are probably specific for LDE rats. Another study by

[206] report that germ-line mutations in the WWOX gene led to several neuropsychiatric

diseases like epilepsy. This study highlighted that variants in the WWOX gene should

be investigated further in patients with epilepsy, mental retardation, and complicated

hereditary spastic paraplegia (cHSP). They indicated that investigation of pediatric

cohorts with early onset ataxia, generalized epilepsy and mental retardation will help in

elucidating the functional role of WWOX mutations in greater details. In light of the

above findings, the WWOX deletion is probably a good functional candidate for our

epilepsy drug-response analysis.

3.5.4 Chromosome X results for drug remission

In this section, I have discussed the results for chromosome X, which required a di↵erent

approach to autosomes. CNV-calling in this case was done on a gender-specific manner

where the clustering for males and females performed separately. I also carried out

an analysis to detect gender from intensity data and found that 6 samples had wrong

assignment and consequently were excluded from the analysis. First, I carried out a

chromosome X analysis only for the drug-response phenotype only. For the susceptibility

phenotype, there was an added complexity of adjusting for mean-clustering positions for

di↵erent platforms in addition to gender and therefore susceptibility as a phenotype was

not considered for the time being. I have highlighted that several other shortcomings for

chromosome X can a↵ect CNV detection, arising mainly from the special characteristics

of the intensity data for chromosome X, and thus require an additional calibration of the

HMM parameters. One way to correct for this will be to create a test-harness for calling

CNVs in a gender-specific manner for chromosome-X under di↵erent HMM parameters

and then comparing calls to already known CNV regions. We will then need to choose

appropriate parameters with highest sensitivity and specificity.
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This gender-specific analysis for chromosome-X remains to be done in the near fu-

ture. In the drug-response analysis the samples were split into two groups; treatment

responders and non-responders. Analysis was done separately for males and females.

At a p-value threshold of 0.05, the association results indicated that few CNVs were

associated with drug-response outcome for males whereas no significant association was

found for females. The top hit association for males in the all patients category was

found to be the ZDHHC15 gene. An earlier study has reported aberrations in this gene

associated with seizures [207]. However, I indicate that these results remain preliminary

at present unless they are replicated. Replication for the chromosome X results in the

Australian cohort still remains to be done.

3.5.5 Results from DECIPHER database

The DECIPHER database (Database of Chromosomal Imbalance and Phenotype in Hu-

mans Using Ensembl Resources) [208] (http://decipher.sanger.ac.uk/) was set up

to catalogue rare deletions and duplications which alter gene dosage. The Sanger In-

stitute initiated this project in order to make the analysis and comparison of various

neuro-developmental disorders for several patients easier across the world. The database

helps in giving more certainty to the physician about the pathogenicity of such kind of

genomic alterations and further sheds light on their functionality with respect to the

disease phenotypes. This knowledge further has the potential to define new syndromes.

Some of the useful features of the DECIPHER database is a catalogue of all common

human CNVs. Rare and pathogenic genomic alterations having special clinical signifi-

cance have been well documented with rich annotations of associated genes and other

aberrations. Thus the DECIPHER database helps bridge an important link between

CNVs and their functional e↵ects on disease phenotypes and is a useful resource for the

genomic community.

I have analysed some of the top hits from my results in the DECIPHER database

to get some further insights regarding the phenotypic characteristics of the CNVs I

found associated with epilepsy susceptibility and drug-response outcomes. These results

indicated that there have been several earlier neuro-degenerative symptoms in patients

who had aberrations in the genes of our interest. Some of these findings are reported

below. For the NLGN1 gene, 6/8 patients reported in the DECIPHER database had
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some kind of intellectual disability and interestingly one patient (DECIPHER id 257342)

also manifested seizures. Most of the patients who carried CNVs in NLGN1 gene had

intellectual disability (Table 3.4). For the CNVs in theWWOX gene region 6/15 patients

had been reported to have intellectual disability and further 2 manifested some kind of

seizures (Table 3.3). It is to be noted that intellectual disability sometimes is closely

related to autism and thus indirectly links to our premise that these all those outcomes

might have some underlying functional relationship with epilepsy.
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3.5.6 Lab based qPCR validation

We aimed at lab validation of some of our top CNV results to confirm our epilepsy

findings. We had several options for validation available to us, including custom aCGH

genotyping platform, sequencing and also the TaqMan qPCR protocol for CNVs. Af-

ter a detailed cost-benefit analysis we decided to go ahead with the TaqMan qPCR

protocol. As an initial check we selected three genes from the susceptibility analysis

results including ADAM22, NLGN1 and EPHA7. We made the selection based on the

clustering quality, raw data and the certainty of CNV calls in both discovery and the

replication cohorts. In the following section I have briefly reviewed the methodology

behind the qPCR protocol. I further indicate that at present lab-based methods for val-

idating smaller classes of CNVs may be prone to errors and therefore should be carefully

considered.

The TaqMan copy number assay protocol detects CNVs by the relative quantification

of genomic DNA and target DNA using a real-time PCR with custom pre-designed

assays. Each of the copy number assays is designed to detect specific genomic locations

or sequences that consist of a reference and a target sequence. The reference sequence

is usually a known genomic location with two normal copies of a sequence in the diploid

genome, e.g. the RNase PH1 RNA gene. The next step involves the reaction mixture

consisting of the test and reference DNA to be run on a real-time PCR using absolute

quantification settings. After the PCR reaction, results containing the �CT values are

exported from the PCR machine and imported into the CopyCaller software for post

PCR analysis. The CopyCaller software first determines number of copies of the target

sequence in each DNA sample and then the �CT between the cycles of the target and

reference assays. Then a custom inbuilt method compares the �CT values of a test

sample to the reference sample with known number of copies to determine the absolute

copy number calls.

qPCR analyses for these three CNVs failed to detect any CNV association for epilepsy

for our genomic regions of interest (Figure 3.10). There are several potential reasons why

these CNVs did not validate. One important drawback was that the DNA concentrations

for some UK and Australian samples received from the Sanger Institute were not present

in the desired uniform concentration levels. This could have a↵ected the PCR cycles

and also the results to some extent.
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To determine whether the possibility of DNA concentration or any other experimental

factors had a↵ected my results, I tried to carry out an in-silico analysis of the laboratory

results. Some studies, such as by Fernandez et al. 2011 [209] have reported that input

DNA amount and template integrity can a↵ect the stability of qPCR based approach

for validating CNVs. They reported that in a test set of three genes, qPCR results

were prone to false copy number assignment when the DNA concentration varied. They

reported that even a 4% change in amplification e�ciency of the PCR cycles can lead

up to 400 % error in the calculation of delta CT (also denoted as �Ct) [210]. �Ct is

the di↵erence in total DNA concentration from qPCR cycles for the test and reference

DNA, and is used to calculate copy number state for each sample.

Since �Ct and LRR both correlate to the underlying copy number, they should be

correlated.To determine this and to indirectly confirm that data from the PCR and array

data concur, I correlated �Ct from the qPCR output with raw intensity LRR values

from the genotyping arrays. However, on applying this approach, I found a very low

correlation (r2 < 0.25) for all three genes analysed in the experiments. These factors

make the current experimental results inconclusive and will require further validation in

the future before any valid conclusions can be made.

Figure 3.10: CopyCaller results for the EPHA7 gene

Here samples are represented in the X axis and copy number in the Y axis. Samples
were plated in two plates denoted by the green and blue. Except one sample, all

samples had a copy number call close to two.
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3.5.7 NGS sequence validation

In addition to experimental validation, I have also explored the possibility of indirect

validation of the WWOX CNV association with epilepsy outcome using NGS data from

the 1KG data. Amongst most of our hits, only the WWOX CNV had a high enough

allele frequency to make us confident that it can be replicated through this approach.

I downloaded the sequence alignment files (bam format) for 42 CEU individuals and

used the cnvHitSeq algorithm for calling CNVs in this dataset. The WWOX CNV

was successfully replicated in these samples.WWOX was found to be a heterozygous-

deletion spanning the region chr16 : 76929145 � 76942386 (hg18) (Table 3.5, Figure

3.11). The detected allele frequency from sequencing results was 0.42 compared to an

allele frequency of 0.1926 from the array-data for the UK cohort. The allele frequency

in the Australian replication cohort was found to be 0.1375. All the CNV breakpoints

had average certainty greater than 0.9 with greater than 50% reciprocal overlap with

the cnvHap derived breakpoints. These results conclusively proved the existence of the

WWOX CNV in our epilepsy datasets.

Table 3.5: CNV breakpoints of 3 CEU samples carrying the WWOX deletions

Sample Id Chromosome Start End Length Type Certainty

NA06984 16 78371644 78384885 13241 1 0.999
NA11843 16 78371644 78384885 13241 1 0.998
NA12005 16 78371644 78384885 13241 1 0.993
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Figure 3.11: NGS sequencing results for WWOX

The plot shows a deletion in three samples (NA06984, NA11843, NA12005 ) from the
1000 genomes CEU samples. Here, the top row corresponds to read-depth information
and the bottom row corresponds to the read-pair information. It can seen that in
presence of deletion the mean read-depth goes below the mean for normal copy 2 and

read pair is above the average read-pair of 200.
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3.6 Clustering based CNV detection

In the following section I have presented and developed some novel ideas related to CNV

detection using a clustering approach. I have successfully applied these approaches for

re-discovering some of the epilepsy CNVs. In the last section, I have briefly described

how such clustering approaches can be developed further in the future.

3.6.1 Introduction

Classification and clustering can intuitively have similar meanings but there are im-

portant di↵erences between the two (Table 3.6). Classification is a supervised learning

method where a model is created from a prior labelled (classified) dataset and then used

to predict unknown classes. Clustering on the other hand is an unsupervised learning

method that aims to find natural groupings in the data with no prior information. Table

3.7 shows important di↵erences between supervised classification and clustering.

Table 3.6: Comparison between classification and clustering

classification clustering

Model Y = F (x) generate model
Labelled training set available unavailable

Variable set Xi, Yi Xi
Learning objective Y = G(x) unavailable

Goal E < F (x)�G(x) > 0 unavailable
accracy RMSE unavailable
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In spite of the problem highlighted above, several subjective criteria might be considered

for determining high-quality clusters. Some of the criteria for determining good quality

clusters can be for example based on the following points.

• High similarity within the same class

• Low similarity between classes

• Identify hidden patterns which otherwise can not be detected

At present, clustering methods have become a popular method for data analysis in

particularly in the omics field. In general the concept of clustering can be categorized

into the following four classes:

1. Partition algorithms, e.g k-means

2. Hierarchical algorithms, such as single-link, complete-link, group-average, ward.

3. Model-based algorithms e.g the EM algorithm

4. Density-based algorithms, e.g DBSCSN

Two of the most commonly used clustering algorithms are k-means [211] and density

based spatial clustering of applications with noise (DBSCSN) [212]. While k-means is

widely used because of its ease of implementation, it su↵ers from several limitations.

These include the need for prior specification of the total number of clusters and its

inability to reach an optimal global minimum (sum of squares in this case). A more

robust version of the k-means algorithm known as partition around medoids (PAM)

has also been proposed (Figure 3.15). PAM uses medoids in the algorithm instead of

centroids and is considered to be more robust to outliers. PAM also has some limitations.

These include the need of specifying the number of clusters and no specific criteria for

determining the initial configuration of means of the medoids. Density based clustering

approaches like DBSCSN [213] on the other hand has several advantages. DBSCSN is

discussed in details in the next section
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3.6.2 Density based clustering approaches

The DBSCSN algorithm tries to find clusters in unclassified data using density of data

points in a region. The main idea behind DBSCSN is that for each cluster, the neighbour-

hood of a given radius (often denoted as Eps) has to have certain number of minimum

points (denoted as MinPts). The main DBSCSN algorithm separates the data points

into three classes:

1. Core points: These are points which lie within a cluster. A point lies in an interior

region if there are enough points in the neighbourhood.

2. Border points: A border point is not a core point but it lies but falls within the

neighbourhood of a core point

3. Noise points: A noise point is any point which is not a core point or a border

point.

In the main algorithm of DBSCSN, it first starts with an arbitrary point (p) in a given

data (D) and then retrieves all instances of D with respect to Eps and MinPts. This

approach uses the RTree method [214] to locate points with Eps distance from the centre

of core points of the clusters. DBSCSN can determine the total number of clusters on its

own and further can fit arbitrary shapes inherent in the data. Here, the density around

an object is measured by the number of objects within a hyperspace. The algorithm

requires two parameters Eps and minPts. As a common practice the minimum points

specified is 4 for most applications, including in my analysis presented here.

Some improved versions of DBSCSN have also been developed such as incremental

DBSCSN, generalized DBSCSN (GDBSCSN) [215] and parallel version of DBSCSN

(PDBSCSN) [216]. Other sophisticated methods which can automatically determine

the optimal number of minimum points also exist. DBSCSN can identify outliers and

has shown promise to perform better than many other clustering algorithms.

3.6.3 Results

In this section, I have briefly reviewed the application of DBSCSN and k-means clustering

algorithms for detecting CNVs from Illumina and aCGH platforms. Using DBSCSN,
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I have applied two approaches for detecting CNVs and also tested their capability for

genotyping. In the first approach, I have applied the DBSCSN clustering algorithm on

a probe by probe basis while in the second approach I have applied it on a moving

window of 3 consecutive probes for all samples together (Figure 3.12, 3.13). In the

latter approach, as the window is moved along the chromosome, whenever the first

probe having a CNV is encountered by the model, separation of intensity data into

clusters is seen. As the window moves along, separation of LRR clusters continues as

long as the CNV segment exists. In this way every probe gets clustered two times, once

taking in consideration the probe preceding it and once without. Preliminary results

show that this method can be used to detect change in CNV breakpoints and has the

possibility to incorporate CNV genotyping of the samples as well. The main motivation

of applying the latter approach i.e. clustering over three consecutive SNPs is to capture

both the deep and wide elements for CNV detection. While detecting CNV regions

and genotyping samples simultaneously will be to di�cult to apply for this kind of

clustering approach, I propose a two-staged analysis in this scenario. In the first stage

it will involve the application of the DBSCSN algorithm using the three window SNPs

for a chromosome-wide run in order to identify CNV containing regions. Once these

regions have been defined, further refinement of breakpoints, probabilistic assignment of

genotypes can be done by re-clustering the data on a probe-by-probe basis and further

comparing results using one or more di↵erent clustering algorithms. Further in my

approach, I propose to use a meta-algorithm to determine the CNV-breakpoints after

the initial clustering has been performed. This can be based on number of factors such

as the genotyping consistency between consecutive probes, distance between the probes,

previously known CNV at that particular probe, etc. Some advantages of this method is

that it will not get a↵ected by the problem of distance between the probes and possibly

can be benefit from being able to detect single-probe CNVs. Model-based algorithms for

detecting CNV break-points often perform inadequately when the probe density is low

for a particular genotyping platform or when we apply a criteria of n SNPs for filtering

high quality CNVs.
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Figure 3.12: 3D plot showing clustering using the DBSCSN algorithm

DBSCSN is run over 3 consecutive probes in the WTCCC aCGH dataset. The algo-
rithm detects 5 di↵erent clusters by itself and further also delineates outliers (shown

as black circles).
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Figure 3.13: 3D cluster plot showing the WWOX CNV

The datasets used are aCGH BC58 (1a, 1b) and aCGH Sanger105k chips (2a, 2b).
Sanger105k chip was the initial high quality CNV discovery platform used by the

WTCCC CNV study containing known CNV regions.
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The possible advantages of clustering-based CNV genotyping will be that the selec-

tion criteria will be based on the clustering quality which might be more accurate. As

I previously mentioned single-probe CNV detection is possible in some cases through

genotyping platforms, but is more likely to contain more false positives. Some prelimi-

nary analysis of genotyping array and then comparison to sequencing results have also

shown that CNVs can be detected on a single-probe level to some extent, but more work

needs to be done in this area. Further, DBSCSN can also detect outliers from the clus-

ters and thus can provide a list of high quality samples with CNV calls. These samples

can then be taken further for validation and association analysis with more confidence.

Though current methods are not tailored to detect CNVs at single-probe level, this

possibility remains to be explored. If single-probe CNV detection can be implemented

then the resolution to detect CNVs from genotyping arrays will be increased many folds

and might lead to novel discoveries. DBSCSN has low computational footprint and can

be scaled up easily for large datasets. Some of the preliminary results look promising

for the application of clustering in CNV detection as well as for CNV genotyping. In

addition, the method seems to work well for both SNP genotyping probes and aCGH

probes.

At first, I have tried and tested this method for the epilepsy WWOX CNV. Both the

approaches of DBSCSN algorithm applied to single and multiple probes performed well

for detecting this particular CNV. However, the clustering quality was better when a

moving window of three SNPs is applied. For WWOX the total number of samples with

heterozygous samples detected by the clustering approach were less than those detected

by cnvHap, but the genotyping concordance was 100%.

I indicate that although the number of samples detected were smaller by DBSCSN, and

its capability to remove outliers from di↵erent clusters, the ones excluded must be low-

quality samples for CNV detection, and thus less reliable. While the k-means algorithm

also seemed to work well when applied to WWOX, it seemed to perform better for

single-probes than multi-probes. Further k-means is not capable of removing outliers,

hence we expect the results to contain more false positives.
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Figure 3.14: PAM clustering of WWOX gene

Silhoutte plot showing results from PAM clustering of LRR in the WWOX gene in
BC58 aCGH platform
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CNV Association in

Metabonomics

4.1 Introduction

The metabolome can be considered as the complete collection of small molecules in

an organism. These molecules or metabolites are usually found inside cells, tissues or

organs. There exists is a wide diversity of metabolites. These can be classified based on

sizes such as large or small, or as endogenous or exogenous or based on the nature of

their existence like transient or theoretical. However, amongst all these classifications,

the category based on size is usually found to be the most important from a biological

and physiological point of view [217]. In addition, from a functional point-of-view,

metabolites play an important role and there are several levels of metabolite regulation.

These regulation can include genomic and transcriptomic influence. Such influence can

sometimes be multiplicative such that even a single base-pair change in the genome can

lead to about 10,000 fold-change in the metabolite level . Also, compared to genome

and transcriptome, the metabolome has the most dynamic nature and unlike the other

two it has direct relation to systems biology [218]. From a clinical and diagnostic point

of view the role of metabolites is also very important. At present about 95% of the

diagnostic assays use some kind of small molecules, about 90 % of the diagnostic assays

are small molecules themselves and further 30% of the genetic disorders have direct

involvement in small molecular regulation. At present, metabolomics is catching up
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with large-scale systematic studies like genomics and transcriptomics [219, 220]. This

has become increasingly important from a diagnostic and therapeutic point of view.

This development has been made possible with the recent advent of high-throughput

metabolomic technologies like HPLC, mass spectrometry and NMR spectroscopy.

In the following section, I have described in details the technology behind the NMR

spectroscopy technique. Later in this chapter, I will use lipid profiles characterized

through NMR-spectroscopy in order to carry out their association with CNVs for diseases

like T2D and psoriasis.

Figure 4.1: Diversity in various biological markers

NMR-spectroscopy NMR-spectroscopy is a spectral method to determine the unique

structure of compound molecule using the carbon-hydrogen molecular framework. This
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approach exploits the charged nature of the atomic nucleus which has its own magnetic

field. In general these fields are random but when an external field is applied then they

align with or against the applied external magnetic field. Protons which align with

the external magnetic field are in lower energy state and those which align against are

present in a higher energy state. When a radiation with the same energy di↵erence

between these states is applied to the given compound then a flip of spin states takes

place and this leads to the emission of electromagnetic radiation. The emission makes

the nuclei return to its original state and this process is also referred to as relaxation.

Di↵erent nuclei absorb radiation at di↵erent wavelengths for resonance and this unique

wavelength indicates the chemical and electronic fingerprint for the given compound.

Figure 4.2: Deconvolution of NMR spectral data

Not all nuclei can be used for NMR. Usually hydrogen (H) and carbon (C) are the most

important NMR-active nuclei. For proton NMR (H 1NMR) the absorption frequency
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for a given compound defines its unique chemical signature. Usually the detected signal

is plotted as frequency vs intensity. In these plots the position (chemical shift delta) and

the pattern (splitting) of the NMR signals give the most important information about

the chemical environment of the nuclei. However, interpretation and processing of such

signal-data pose its own unique challenges and problems [221]. Some of the problems

include calibrating chemical shift, disentangling signal-data for di↵erent compounds,

removing water signal and making baseline corrections (Figure 4.2). Some of the key

informatics challenges in metabolomics are as follows:

• QC steps related to spectra including data integrity and quality

• Data alignment and normalization

• Data reduction and classification

• Determination of the significance of detection and identification of metabolites

Once a list of chemical compounds with their concentrations have been characterised, the

next step is to further map these metabolic profiles to biomarkers and disease outcomes.

Metabolomics and disease The relationship between metabolomics and disease-

outcome has been well characterized. The metabolome has greater influence on disease

phenotype than the genome and transcriptome. Metabolomics has been related to type

1 diabetes (T1D) progression [222], pneumonia [223] HIV [224] and cancer [225].

A successful application of metabolomics has been proposed for diagnosing prostate can-

cer [14]. In this study a knock-down of the enzyme that generated sarcosine from glycine

attenuated prostate cancer while addition of sarcosine dehydrogenase induced invasive

cancer. In general, metabolomics can show up to 0.85-90 area under the curve (AUC)

receiver operating characteristics (ROC) compared to 0.50-0.60 AUC-ROC for genomics.

It can be used for both diagnostic as well as predictive purposes. A good example of

this is for kidney rejection where metabolomics has shown up to 90% prediction and

prognosis accuracy [226].

In the last decade, thanks to GWAS the genetic contribution to diseases has received

increased attention and has led to several successful discoveries for common and rare

diseases. In order to get the complete picture for the true mechanistic causes of disease
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phenotypes, metabolomics has to be taken into consideration and related to these find-

ings. Further, it has been observed through genomics studies that for complex diseases,

there exists a large amount of unexplained heterogeneity in the observed disease pheno-

types. For polygenic diseases the heritability (h2) rarely exceeds 50% [5]. Most GWAS

can explain only about 20% of the disease incidence. Thus from these observations it

can be postulated that a significant fraction of this heterogeneity in disease phenotypes

and missing heritability can perhaps be explained further through metabolomics.

In this chapter, I have explored the role of genomic variant like CNVs in regulating

metabolomic lipids in large population cohorts. Previous association studies have mainly

focussed on SNP association with metabolites and their heritability [217]. There has

been limited investigation on the putative role of CNVs in lipids.

4.1.1 Di↵erence between metabolomics and metabonomics

Metabolomics is defined as the measurement of concentrations and location of all metabo-

lites in a given cell of an organism [227]. Such metabolites are often small and can be

transformed from one state to another in the process of metabolism, for example by

acting as substrates or by-products of enzymes [228].

Metabonomics is a subset of metabolomics, and is defined as the quantitative measure-

ment of various metabolic responses of a living organism in response to various genetic

and environmental modifications. These external influences can be due to physiology

of an individual or di↵erences in population, disease or other environmental factors.

Metabonomics not only includes intracellular molecules but also includes components

of extracellular biofluids [229]. Many of these molecules have been characterized earlier

using older technology, but metabonomics specifically relates to the recently introduced

high throughput technology like NMR spectroscopy. Such detailed characteristics of

metabolite levels obtained through high throughput technologies have been found to

correlate well with the pathological state of the organism, leading to improved under-

standing of the biology and disease prognosis [229]. Metabonomics also extends the

idea of integrated analysis with genomics and proteomics, leading to a systems biology

like approach and analytical methods applied in it. Some examples of such integrated

analysis can include changes in the metabolic pathway induced by ingestion of a toxin,
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which in turn can trigger expression of certain other genes [230, 231]. These genes can

a↵ect expression of other genes leading change in concentration of other proteins and

transcription factors. Such interplay of the genome, proteome and metabolome often

requires a systems biology approach which is the hallmark metabonomics [232].

4.2 TSPAN8 CNV and T2D

Dysregulation of lipid metabolites or dislipidemia is a well-known symptom for T2D. In

the following sections I have reported a novel analysis approach for relating CNVs, lipid

profiles and T2D disease outcome.

A deletion CNV in the 3rd exon of the TSPAN8 gene was reported to be strongly associ-

ated with T2D in the WTCCC CNV study [76]. This CNV was coded as CNVR5583.1,

and I have referred to this CNV in using the same notation in the following sections.

Here, I have characterized CNVs in the coding region of the TSPAN8 gene including

CNVR5583.1 through the 1000 genomes (1KG) sequencing data and further analysed

these CNVs through genotyping arrays in several Finnish and British cohorts. Next, I

have tested the association of the 1KG derived CNVs with high-throughput metabolomic

and lipid phenotypes.

Through my results I have successfully shown the association with replication of two

novel CNVs in the exonic region chr12:69809401-69812861 encompassing the 6th and

7th exon of the TSPAN8 gene, where a large proportion of metabonomic and lipid

phenotypes were found to be significantly associated using univariate (p-value=7.64E-4)

and multivariate (p-value=1.33E-06) association approaches (Table 4.5). These CNVs

were further were found to be nominally associated with T2D outcome (p-value=3.32e-7

at chr12: 69809401, using raw intensity data for a T2D case-control cohort) (Table 4.12)

and were also found to be in LD with CNVR5583.1 with r2 > 0.5 (Table 4.13). Thus,

results from my analysis show an important and novel role of T2D associated CNVs in

lipid regulation in humans and defines a new phenotype for T2D (Figure 4.4). These

results are promising for uncovering the hidden genetic and metabolomic basis for T2D.
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Figure 4.3: Cluster plot of the TSPAN8 in di↵erent cohorts

Two-dimensional cluster plots plot for CNV at chr12 69809401 in 4 di↵erent cohorts, a)

NFBC 1966 b) NFBC 1986 c) BC 1958 d) NBS. X and Y axes in the plot corresponds

to LRR and BAF respectively. Each point on the plot represents a sample; shape of the

point refers to the number of B-alleles in the SNP genotype; colour represents CN state

(pink = 0, red = 1, grey = 2, green = 3, lightblue = 4).
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4.3 Materials and methods

4.3.1 Study cohorts and genotyping platforms

All data for di↵erent cohorts reported in my analysis including data from the 1KG

project, Northern Finnish Birth Cohort 1966 (NFBC 1966) [233], Northern Finnish

Birth Cohort 1986 (NFBC 1986), 1958 British Birth Cohort (BC1958) [181], National

Blood Survey (NBS) (http://www.wtccc.org.uk/) and Helsinki Birth Cohort (HBCS)

[234] have received prior ethical approval and consent from all study subjects involved

in the respective studies. Further details, including aims and methods for the above

studies have been reported in earlier publications. In my analysis, I have referred to

NFBC 1966 and NFBC 1986 as the primary discovery cohorts and BC1958, NBS and

HBCS as control population cohorts. Genotyping details for the discovery and control

cohorts are reported in the section 2.13.2.
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1KG CNV CALLS IN TSPAN8 CODING REGIONS  

 

CNV CALLS FROM GENOTYPING ARRAYS 
ENCOMPASSING THE TSPAN8 GENE 

 

SELECT CNV CALLS FROM GENOTYPING ARRAYS WHICH HAVE OVERLAP WITH CNV CALLS 
FROM 1KG DATA 

 

 

FILTER T2D ASSOCIATED CNV (WTCCC CNVR55831.) AND ALSO CNVS IN MODERATE LD 
WITH CNVR5583.1 (r^2>0.5) 

 

ASSOCIATE CNV GENOTYPES IN THESE SEGMENTS WITH METABONOMIC AND LIPID 
PHENOTYPES 

 

DISCOVERY OF NEW METABONOMIC SIGNATURE AT chR12:69809401 AND POSSIBLE NEW 
PHENOTYPE FOR T2D 

 

META ANALYSIS OF UNIVARIATE RESULTS AT 
COMMON PROBE LOCATION AT 

chr12:69809401 

MULTIVARIATE ASSOCIATION APPROACH 
FOR COMMON METABONOMIC 

PHENOTYPES BETWEEN NFBC 1986 AND 
NFBC 1966 AT chr12:69809401 

Figure 4.4: Analysis pipeline for CNV-metabonomic association analysis reported
in this chapter
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4.3.2 Metabonomic measurements in NFBC 1966 and NFBC

1986

Lipoprotein measurements and characterization for NFBC 1966 (Number of lipids, N=137)

and NFBC 1986 (Number of lipids, N=93) cohorts was carried out using high-throughput

H1NMR spectroscopy. These measurements included lipoprotein subclass, particle and

lipid concentrations. These data were acquired from native serum samples at 37.0 C

using the NMR platform (Bruker AVANCE III spectrometer) operating at 500 MHz. In

addition, a NOESY-presat pulse sequence was applied with mixing time of 10 ms and

irradiation field of 25 Hz for suppressing the water peak. The spectra was recorded

at 80k data points using 8 transients which was acquired automatically and then cal-

ibrated with 90µ pulse. The acquisition time was 2.7s, with relaxation delay of 3.0 s.

The spectral data was processed and phase corrected in an automated manner. Then,

quantification of particle concentrations and various lipid components in 14 lipoprotein

subclasses was obtained using a computationally e�cient framework of the regression

approach as presented in [235]. The lipoprotein subclasses were next calibrated and

cross-validated via HPLC with the following criterias: chylomicrons and extremely large

VLDL particles (with particle diameters greater than 75 nm). Five di↵erent VLDL

subclasses were characterized including: very large VLDL (average particle diameter of

64.0 nm), large VLDL (53.6 nm), medium VLDL (44.5 nm), small VLDL (36.8 nm),

and very small VLDL (31.3 nm), IDL (28.6 nm), three LDL subclasses: large LDL (25.5

nm), medium LDL (23.0 nm), and small LDL (18.7), and four HDL subclasses: very

large HDL (14.3 nm), large HDL (12.1 nm), medium HDL (10.9 nm), and small HDL

(8.7 nm). Apolipoprotein-B and apolipoprotein A-1 were calculated using an extended

Friedewald algorithm based on triglycerides, total cholesterol and HDL cholesterol mea-

sures quantified from the spectral data. Further details, aims and methods for charac-

terization of various lipids and their sub-categories have been reported in earlier studies

[217, 236, 237]. A complete list of metabonomic phenotypes and their base-line char-

acteristics have also been reported earlier [237]. Between NFBC 1966 and NFBC 1986

there were 90 common metabonomic lipids which I subsequently used for replication and

meta-analysis
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4.3.3 CNV analysis methods

In the following sections, I have described the methods used for the CNV analysis in a

sequential manner (Figure 4.4). The main steps involved are identification of CNVs from

sequencing data, normalisation and quality control for array data, CNV predictions and

segmentation using cnvHap and application of several di↵erent association approaches

(univariate and multi-variate). I have also touched on a separate validation approach for

the association analysis using raw intensity data, multiple testing and LD measurements.

4.3.4 NGS based CNV identification

I first generated CNV-calls using the cnvHitseq algorithm [113] in the TSPAN8 coding

regions from NGS low coverage data for 17 di↵erent populations available from the

1KG project website (http://www.1000genomes.org/). cnvHitseq is an integrative

probabilistic model for genotyping and discovering CNVs from NGS platforms. This

algorithm incorporates various signatures from sequencing data, like read-depth, read-

pair and allele frequency information into a single probabilistic model to provide an

improved sensitivity for CNV detection. This method works well for even low-coverage

data. I have performed the normalisation of the sequence data prior to CNV analysis

using cnvHitSeq in the following manner. First, I downloaded the sequencing files in

binary alignment format (bam) for the di↵erent population from the 1KG website. For

each population, I normalized the samples using a sliding window of 25 base-pairs and

further corrected for wave-e↵ects and GC content. Next, I ran the cnvHitseq algorithm

with a combination of read-depth and split read information, with an initial transition

probability of 0.15, 15 EM training iterations and setting the weighted insert option

as false in the parameter file of cnvHitseq. Next, using cnvHap I re-characterized the

sequence derived CNVs in the discovery and control cohorts using a probe-by-probe

CNV-call approach.

4.3.5 CNV predictions using cnvHap

In this section, I have briefly described the CNV analysis for the discovery and control

cohorts. CNVs in the TSPAN8 gene were called in various cohorts using cnvHap.

Briefly, this method uses a haplotype hidden Markov model (HMM) based method

for discovering and genotyping CNVs from various bead-array based high-throughput
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SNP/CNV genotyping platforms, like Illumina and Agilent aCGH arrays. The haplotype

HMM of cnvHap uses combined CNV/SNP and population-level information to improve

its CNV predictions and has specific emission parameters for di↵erent platforms. In my

analysis, an Illumina platform specific emission probability was applied and cnvHap was

used in its population mode where all samples were used to train the HMM model.

4.3.6 CNV segmentation

As I previously described, cnvHap calculates the most probable linear sequence of copy

number states for each sample, which in this case is the CNV segmentation output of

cnvHap and reported in the results later.

4.3.7 Expected CNV genotypes

The haplotype HMM of cnvHap calculates the probability of deletion and duplication

for each sample at each probe which I refer to as the expected genotypes. For example,

if a sample has CNV genotype assigned as 1 at a particular probe location, and this has

a deletion probability of 0.8, then the expected CNV genotype is calculated as

1*0.8+2*0.2=1.2

The expected CNV genotypes were calculated separately for deletions and duplications

for every sample at each probe location. I next used these expected genotypes for all

subsequent association analyses.

4.3.8 Association analysis

Using the multiphen software [238], I carried out both univariate and multivariate ap-

proaches for association of expected CNV genotypes with metabonomic and lipid phe-

notypes in the discovery and control population cohorts. All phenotypes were quantile

normalised for the univariate association, and no transformation was performed for the

multivariate analysis (not required for the multiphen approach). In the univariate anal-

ysis, p-values for association were calculated using CNV genotypes at each probe as

the predictor, and the metabonomic or the lipid phenotypes as outcome. At common
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genomic probe locations, meta-analysis for the 90 common lipids in NFBC 1966 and

NFBC 1986 was performed using the inverse-variance fixed e↵ect model.

For multivariate analysis, I used the multiphen software with joint-model option. In

the joint-model approach, multiphen uses an ordinal probit regression to regress CNV

genotype on multiple phenotypes simultaneously, and obtains a joint p-value for all phe-

notypes together. In addition to this, I further implemented a backward variable selec-

tion method in the multiphen package to further determine the best subset of phenotypes

associated with the CNV, giving a minimum joint p-value for multiple phenotypes. For

both univariate and multivariate analysis, gender and LRR-variance were used as co-

variates. A new method for correcting batch e↵ects in CNV-association analysis based

on LRR principal components was successfully tested and is further described in later

sections. Briefly, in this method, LRR PCs are projected out from the response variable

in order to reduce inflation and correct for batch e↵ects.

4.3.9 Intensity based validation of CNV association

Several recent studies have shown that CNV phenotypes association can be captured

using raw-intensity alone, without calling CNV genotypes [239]. I used a similar LRR

based linear model to further validate my CNV phenotype association results, indepen-

dent of any CNV-calling. To assess such an approach, I first associated CNVR5583.1 and

the exonic CNVs described here with T2D disease outcome in a separate T2D cohort

(DESIR: Data from Epidemiological Study on the Insulin Resistance syndrome com-

prising of 4,663 individuals) [240] and further validated CNV lipid association in NFBC

1966 and NFBC 1986.

4.3.10 Multiple testing

Previous studies have reported high degree of correlation prevailing amongst metabo-

nomic and lipid phenotypes. To address this correlation structure, several alternative

methods to Bonferroni correction have been proposed like the Sidak-Nyholt correction

[241, 242]. Briefly, to estimate the number of e↵ective tests Meff in the presence of
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correlation structure in the phenotypes, the following formula is used

Meff = 1 + (M � 1)(1�
var(�obs)

M
) (4.1)

where var(�obs) is variance of the eigen decomposition of the correlation matrix of

metabonomic or lipid phenotypes. The net e↵ective number of test is Meff is then

put into the Sidak formula 1 � (1 � ↵)1/Meff to get the significance threshold. On

applying the Sidak-Nyholt correction to NFBC 1966 and NFBC 1986 metabonomic

phenotypes, the multiple testing nominal p-value threshold obtained was 7.7E-4 and

7.5E-4, respectively.

4.3.11 Linkage disequilibrium

I calculated the LD measure (correlation coe�cient r2) for the total copy number and

the number of B alleles. This method is based on the correlation coe�cient r2 between

the expected CNV genotypes calculated by cnvHap at a particular probe and the SNP

genotype around that CNV region. This indicates how well the CNV is tagged by SNPs

around it. In accordance with the conclusions from the WTCCC CNV study, CNVs are

expected to be well tagged by SNPs around them.

4.4 Results

4.4.1 CNVs in the TSPAN8 coding regions based on sequence

data

As described in the methods section, I looked into the 1000 genomes NGS low-coverage

data for 17 di↵erent populations to identify CNVs in the coding regions of the TSPAN8

gene (Table 4.1, 4.2). I have identified several CNVs overlapping with exonic regions,

but I have focussed on CNVR5583.1 and regions showing maximum association with

metabonomic lipids. In this respect, the region chr12: 69809401-69812861 was par-

ticularly interesting since there were maximal number of lipids found to be associated

at a p-value threshold of 0.05. I have shown in a later section, the meta-analysis and

validation results for this CNV (Table 4.5).
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On sequence validation for the CNVR5583.1 region (which was earlier reported to be a

common CNV) I found that all the 17 1KG populations carry this deletion but with vary-

ing allele frequencies (Table 4.1). The WTCCC CNV study had earlier reported a MAF

of 0.39 for CNVR5583.1. In the British samples of the 1KG NGS data (GBR) CNVs in

the CNVR5583.1 region showed a MAF=0.33. On analysing the Finnish samples (FIN)

from 1KG data I found that this population carried the deletion in CNVR5583.1 with

an allele frequency of 0.38 and this was maximum amongst all other populations (Table

4.1). At the chr12:69809401 locus, I further found that 11/17 populations had a deletion

there with maximum allele frequency of 0.1475 (FIN) (Table 4.2). In GBR, the CNV

allele frequency was found to be 0.021 (Table 4.2).
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Table 4.1 CNV deletion frequency and CNV breakpoint information for di↵erent pop-

ulations from the 1000 genomes NGS which overlap with CNVR5583.1.
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Table 4.1: CNV deletion frequency at CNVR5583.1 from 1KG

POPULATION)CODE POPULATION)NAME SAMPLE)ID CHR START END LENGTH TYPE AVG)CERTAINTY OVERLAP)WITH)CNVR5583.1 ALLELE)FREQUENCY SAMPL)SIZE)
HG01880 12 69819200 69820101 901 1 0.982 73.94%
HG01890 12 69819441 69820101 660 1 0.993 49.60%
HG01914 12 69819281 69820101 820 1 0.913 65.76%
HG02010 12 69819421 69820101 680 1 0.994 51.62%
HG02281 12 69819281 69820101 820 1 0.983 65.76%
HG02339 12 69819461 69820320 859 1 0.974 47.58%
HG02343 12 69819481 69820101 620 1 0.997 45.56%
HG02420 12 69819501 69820101 600 1 0.98 43.54%
HG02427 12 69819501 69820101 600 1 0.985 43.54%
NA19700 12 69819360 69819941 581 1 0.986 57.78%
NA19701 12 69819281 69819960 679 1 0.983 65.76%
NA19704 12 69819341 69820141 800 1 0.97 59.70%
NA19711 12 69819061 69820161 1100 1 0.994 79.18%
NA19712 12 69819321 69820161 840 1 0.986 61.72%
NA19713 12 69819301 69820000 699 1 0.978 63.74%
NA19900 12 69819381 69820161 780 1 0.971 55.66%
NA19914 12 69819261 69820161 900 1 0.978 67.78%
NA19916 12 69819221 69820161 940 1 0.989 71.82%
NA19917 12 69819441 69820161 720 1 0.975 49.60%
NA19982 12 69819361 69819861 500 1 0.966 50.51%
HG00864 12 69819261 69820061 800 1 0.955 67.78%
HG01795 12 69819341 69820220 879 1 0.976 59.70%
HG01796 12 69819541 69820300 759 1 0.974 39.49%
HG01797 12 69819221 69820301 1080 1 0.965 65.83%
HG01799 12 69819580 69820320 740 1 0.963 35.56%
HG01805 12 69819181 69820220 1039 1 0.981 72.28%
HG01806 12 69819281 69820221 940 1 0.944 65.76%
HG01809 12 69819360 69820100 740 1 0.976 57.78%
HG01811 12 69819381 69820261 880 1 0.972 55.66%
HG01816 12 69819180 69820180 1000 1 0.985 75.20%
HG01817 12 69819221 69820180 959 1 0.98 71.82%
HG02156 12 69818741 69819541 800 1 0.97 60.51%
HG02165 12 69819320 69820140 820 1 0.977 61.82%
HG02166 12 69818321 69819761 1440 1 0.988 56.88%
HG02178 12 69818660 69820061 1401 1 0.975 70.66%
HG02185 12 69819120 69820180 1060 1 0.96 76.60%
HG02186 12 69819160 69820060 900 1 0.982 77.98%
HG02188 12 69818740 69820241 1501 1 0.998 65.96%
HG02351 12 69819320 69820221 901 1 0.973 61.82%
HG02353 12 69819581 69820221 640 1 0.957 35.45%
HG02356 12 69819461 69820001 540 1 0.826 47.58%
HG02363 12 69819181 69820240 1059 1 0.98 70.92%
HG02364 12 69819261 69820261 1000 1 0.992 67.10%
HG02382 12 69819181 69820081 900 1 0.986 75.86%
HG02384 12 69819181 69820101 920 1 0.989 75.86%
HG02385 12 69819521 69820221 700 1 0.982 41.52%
HG02391 12 69819141 69820340 1199 1 0.985 65.97%
HG02409 12 69819161 69820221 1060 1 0.986 72.74%
NA06989 12 69819064 69820204 1140 1 0.982 76.14%
NA11843 12 69818943 69820144 1201 1 0.972 82.35%
NA12003 12 69819064 69820103 1039 1 0.988 83.54%
NA12058 12 69819624 69820144 520 1 0.952 31.11%
NA12342 12 69819104 69820144 1040 1 0.982 79.62%
HG00403 12 69819301 69820320 1019 1 0.983 61.92%
HG00449 12 69819600 69820321 721 1 0.965 33.54%
HG00513 12 69819160 69820001 841 1 0.993 77.98%
HG00524 12 69819661 69820300 639 1 0.969 27.37%
HG00533 12 69819281 69820201 920 1 0.978 65.76%
HG00560 12 69819181 69820100 919 1 0.991 75.86%
HG00566 12 69819221 69820240 1019 1 0.983 69.77%
HG00596 12 69819440 69820001 561 1 0.959 49.70%
HG00610 12 69818741 69820081 1340 1 0.985 73.88%
HG00629 12 69819160 69819940 780 1 0.971 77.98%
HG00651 12 69819341 69820301 960 1 0.971 59.70%
HG00653 12 69819321 69820101 780 1 0.961 61.72%
HG00689 12 69819521 69820321 800 1 0.976 41.52%
HG00693 12 69819240 69820340 1100 1 0.985 62.91%
HG00707 12 69819581 69820120 539 1 0.945 35.45%
HG01125 12 69819641 69820221 580 1 0.944 29.39%
HG01136 12 69819521 69820220 699 1 0.991 41.52%
HG01137 12 69819521 69820181 660 1 0.982 41.52%
HG01359 12 69819521 69820200 679 1 0.972 41.52%
HG01462 12 69819521 69820180 659 1 0.977 41.52%
HG01489 12 69819541 69820200 659 1 0.964 39.49%
HG01491 12 69819501 69820101 600 1 0.981 43.54%
HG00173 12 69819364 69820163 799 1 0.983 57.37%
HG00179 12 69819244 69819964 720 1 0.97 69.49%
HG00180 12 69819023 69819963 940 1 0.984 91.82%
HG00182 12 69819763 69820284 521 1 0.962 17.07%
HG00183 12 69818964 69820004 1040 1 0.978 93.08%
HG00189 12 69819404 69820124 720 1 0.971 53.33%
HG00266 12 69819324 69820004 680 1 0.982 61.41%
HG00281 12 69819104 69820304 1200 1 0.985 69.00%
HG00282 12 69819184 69820184 1000 1 0.993 74.80%
HG00284 12 69819103 69820343 1240 1 0.995 66.85%
HG00306 12 69819504 69820664 1160 1 0.986 36.90%
HG00310 12 69819504 69820143 639 1 0.989 43.23%
HG00313 12 69819224 69820144 920 1 0.984 71.52%
HG00315 12 69819063 69819924 861 1 0.991 86.97%
HG00319 12 69819144 69820324 1180 1 0.99 66.78%
HG00323 12 69819923 69820523 600 1 0.959 0.91%
HG00325 12 69819164 69820324 1160 1 0.987 66.21%
HG00326 12 69819224 69820104 880 1 0.991 71.52%
HG00327 12 69819104 69820504 1400 1 0.995 59.14%
HG00330 12 69819224 69820183 959 1 0.975 71.52%
HG00372 12 69819644 69820183 539 1 0.968 29.09%
HG00375 12 69819243 69820223 980 1 0.989 69.60%
HG00380 12 69818844 69820023 1179 1 0.996 83.97%
HG00108 12 69819263 69820023 760 1 0.958 67.58%
HG00111 12 69819104 69820184 1080 1 0.979 76.67%
HG00116 12 69819364 69820303 939 1 0.949 57.37%
HG00125 12 69819684 69820343 659 1 0.954 25.05%
HG00131 12 69819384 69820383 999 1 0.978 54.85%
HG00133 12 69819303 69820124 821 1 0.975 63.54%
HG00136 12 69819184 69820464 1280 1 0.983 58.44%
HG00138 12 69819523 69820243 720 1 0.939 41.31%
HG00142 12 69819303 69820023 720 1 0.981 63.54%
HG00154 12 69819223 69820224 1001 1 0.958 70.83%
HG00155 12 69819364 69820243 879 1 0.96 57.37%
HG00160 12 69819364 69820244 880 1 0.948 57.37%
HG00245 12 69819284 69820044 760 1 0.987 65.45%
HG00262 12 69819243 69820224 981 1 0.973 69.60%
NA20858 12 69819284 69819924 640 1 0.972 64.65%
NA20867 12 69819624 69820303 679 1 0.954 31.11%
NA20869 12 69819424 69820124 700 1 0.984 51.31%
NA20885 12 69819524 69820164 640 1 0.956 41.21%
NA20890 12 69819304 69820343 1039 1 0.972 60.44%
NA20892 12 69819524 69820404 880 1 0.982 41.21%
NA20902 12 69819564 69820363 799 1 0.965 37.17%
NA20910 12 69819284 69820064 780 1 0.973 65.45%
NA21088 12 69819524 69820044 520 1 0.974 41.21%
NA21090 12 69818644 69820663 2019 1 0.994 49.03%
NA21123 12 69819284 69820103 819 1 0.991 65.45%
HG01500 12 69819161 69820001 840 1 0.984 77.88%
HG01501 12 69819340 69819880 540 1 0.902 54.55%
HG01603 12 69819440 69820000 560 1 0.978 49.70%
HG01607 12 69819460 69820061 601 1 0.975 47.68%
HG01673 12 69819081 69820261 1180 1 0.976 72.12%
HG01675 12 69819260 69820200 940 1 0.985 67.88%
HG01676 12 69819501 69820161 660 1 0.98 43.54%
HG01679 12 69819760 69820281 521 1 0.948 17.37%
HG01682 12 69819240 69819960 720 1 0.947 69.90%
HG01695 12 69819240 69820061 821 1 0.956 69.90%
HG01697 12 69819461 69820380 919 1 0.952 47.58%
HG01705 12 69819680 69820181 501 1 0.923 25.45%
HG01707 12 69819541 69820180 639 1 0.976 39.49%
HG01710 12 69819681 69820240 559 1 0.953 25.35%
HG01746 12 69819381 69820121 740 1 0.973 55.66%
HG01747 12 69819481 69820200 719 1 0.987 45.56%
HG01770 12 69819341 69820121 780 1 0.922 59.70%
HG01777 12 69819401 69820080 679 1 0.965 53.64%
HG01781 12 69819361 69819881 520 1 0.979 52.53%
HG02223 12 69819341 69820400 1059 1 0.982 55.81%
HG02231 12 69819361 69819980 619 1 0.982 57.68%
HG02232 12 69819781 69820301 520 1 0.934 15.25%
HG02235 12 69819521 69820160 639 1 0.975 41.52%
NA18970 12 69819121 69820040 919 1 0.987 81.92%
NA18975 12 69815400 69824001 8601 3 0.956 11.51%
NA18990 12 69819181 69820041 860 1 0.97 75.86%
NA19054 12 69819241 69820100 859 1 0.983 69.80%
NA19057 12 69819281 69820160 879 1 0.993 65.76%
NA19063 12 69819461 69820040 579 1 0.992 47.58%
NA19068 12 69819200 69820041 841 1 0.972 73.94%
NA19075 12 69819361 69820040 679 3 0.964 57.68%
HG01597 12 69819421 69820280 859 1 0.98 51.62%
HG01843 12 69819620 69820200 580 1 0.948 31.52%
HG01844 12 69819201 69820061 860 1 0.964 73.84%
HG01848 12 69819601 69820161 560 1 0.968 33.43%
HG01862 12 69819521 69820120 599 1 0.969 41.52%
HG01865 12 69819060 69820180 1120 1 0.986 77.86%
HG01866 12 69819421 69820161 740 1 0.96 51.62%
HG02023 12 69819260 69819881 621 1 0.955 62.73%
HG02046 12 69818741 69819340 599 1 0.89 40.20%
HG02048 12 69819421 69820001 580 1 0.982 51.62%
HG02078 12 69819161 69820061 900 1 0.976 77.88%
NA19312 12 69818961 69819681 720 3 1 72.73%
NA19377 12 69819501 69820001 500 1 0.984 43.54%

LWK Luhya8individuals8 0.173913043 69

JPT 8JPT8Japanese8individuals8 0.123076923 65

KHV Kinh8in8Ho8Chi8minh8City,8Vietnam8 0.144736842 76

GIH 8HapMap8Gujarati8India8individuals8from8Texas8 0.148648649 74

IBS 8Iberian8populations8in8Spain8 0.302631579 76

FINS 8HapMap8Finnish8individuals8from8Finland8 0.37704918 61

GBR 8British8individuals8from8England8and8Scotland8(GBR)8 0.304347826 46

CHS 8Han8Chinese8South8 0.223880597 67

CLM 8Colombian8in8Medellin,8Colombia8 0.127272727 55

CDX 8Chinese8Dai8in8Xishuangbanna,8China8 0.341463415 82

CEU 8CEPH8individuals8 0.147058824 34

ACB 8African8Caribbean8in8Barbados8 0.173076923 52

ASW 8HapMap8African8ancestry8individuals8from8SW8US8 0.22 50
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Table 4.1 continued

NA19380 12 69819521 69820061 540 1 0.955 41.52%
NA19384 12 69819301 69820001 700 1 0.94 63.74%
NA19390 12 69819441 69820001 560 1 0.95 49.60%
NA19391 12 69819181 69820001 820 3 0.966 75.86%
NA19434 12 69819120 69819681 561 3 0.967 56.67%
NA19436 12 69818700 69819681 981 3 0.965 74.65%
NA19443 12 69818741 69820001 1260 3 0.992 78.57%
NA19457 12 69819541 69820220 679 1 0.95 39.49%
NA19463 12 69819141 69819661 520 3 0.893 52.53%
NA19467 12 69819041 69820001 960 3 0.971 90.00%
NA19648 12 69819381 69820061 680 1 0.981 55.66%
NA19651 12 69819421 69820201 780 1 0.966 51.62%
NA19652 12 69819200 69820061 861 1 0.987 73.94%
NA19655 12 69819201 69820441 1240 1 0.974 58.95%
NA19657 12 69819341 69820061 720 1 0.981 59.70%
NA19660 12 69819240 69820061 821 1 0.968 69.90%
NA19661 12 69819261 69820061 800 1 0.984 67.78%
NA19669 12 69819341 69820180 839 1 0.977 59.70%
NA19670 12 69819321 69820001 680 1 0.96 61.72%
NA19675 12 69819281 69820181 900 1 0.973 65.76%
NA19682 12 69819321 69819940 619 1 0.961 61.72%
NA19685 12 69819161 69820201 1040 1 0.985 74.13%
NA19716 12 69819341 69820061 720 1 0.98 59.70%
NA19719 12 69819161 69819900 739 1 0.99 74.65%
NA19720 12 69819220 69820180 960 1 0.97 71.92%
NA19726 12 69819241 69820201 960 1 0.971 69.80%
NA19777 12 69819241 69820060 819 1 0.973 69.80%
NA19779 12 69819281 69820061 780 1 0.992 65.76%
NA19782 12 69819260 69820180 920 1 0.979 67.88%
NA19788 12 69819321 69820061 740 1 0.977 61.72%
HG00637 12 69819220 69820021 801 1 0.98 71.92%
HG00638 12 69819261 69819960 699 1 0.948 67.78%
HG00734 12 69819141 69820120 979 1 0.986 79.90%
HG00739 12 69819320 69820041 721 1 0.97 61.82%
HG00740 12 69819501 69820161 660 1 0.953 43.54%
HG01051 12 69819181 69820201 1020 1 0.989 73.63%
HG01061 12 69819181 69819980 799 1 0.994 75.86%
HG01069 12 69819220 69819980 760 1 0.976 71.92%
HG01075 12 69819301 69820160 859 1 0.972 63.74%
HG01080 12 69819420 69820100 680 1 0.974 51.72%
HG01102 12 69819241 69820061 820 1 0.975 69.80%
HG01111 12 69819401 69820101 700 1 0.975 53.64%
HG01170 12 69819660 69820301 641 1 0.973 27.47%
HG01176 12 69819021 69820161 1140 1 0.951 79.91%
HG01183 12 69819121 69820200 1079 1 0.991 75.16%
HG01187 12 69819241 69819780 539 1 0.997 54.44%
HG01197 12 69819341 69820280 939 1 0.976 59.70%
HG01241 12 69819480 69820041 561 1 0.976 45.66%
HG01242 12 69819420 69820180 760 1 0.974 51.72%
HG01248 12 69819081 69819900 819 1 0.978 82.73%

TSI 8Toscan8individuals8 NA20802 12 69819521 69820120 599 1 0.973 41.52% 0.1 10
NA18498 12 69819920 69821041 1121 1 0.942 1.07%
NA18516 12 69819560 69820081 521 1 0.927 37.58%
NA19197 12 69818760 69819521 761 3 0.997 58.48%
NA19223 12 69819000 69819521 521 3 0.96 52.63%
NA19248 12 69819560 69820141 581 1 0.963 37.58%

PUR 8Puerto8Rican8in8Puerto8Rico8 0.327868852 61

YRI

8Yoruba8individuals8

0.111111111 45

LWK Luhya8individuals8 0.173913043 69

MXL 8HapMap8Mexican8individuals8from8LA8California8 0.344827586 58
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4.4.2 CNV segmentation

Using the CNV segmentation results from cnvHap and PennCNV (only for NFBC 1966),

I was successful in replicating the existence of CNVR5583.1 (Figure 4.5, 4.6, Table 4.1,

4.2). I found a novel CNV containing region overlapping with the 6th and 7th exon of

TSPAN8 located at chr12: 69809401-69812861 region. All the CNV segments outputs

from cnvHap and PennCNV had complete overlap with these two regions.
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Figure 4.5: UCSC genome browser plot

UCSC genome browser plot showing CNV calls (deletion only) in the TSPAN8 gene
for di↵erent populations from the 1KG data, including Finnish population (FIN),
NFBC 1966, NFBC 1986 and. Probe locations for the various genotyping platforms
are indicated by vertical black lines. The region associated with lipids chr12 69809401-

69812861 is highlighted in yellow and CNVR5583.1 is indicated by violet.
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Figure 4.6: UCSC genome browser plot for control population

UCSC genome-browser plot for CNVs in the control populations - 1958 birth cohort
(BC 1958), National blood service (NBS) and Helsinki Birth Cohort (HBCS).
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Table 4.2 Deletion allele-frequency and CNV breakpoint details of all CNVs encom-

passing the genomic location chr12 69809401, in 11 di↵erent populations from the 1000

genomes project NGS data.
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Chapter 4. CNV and metabonomics

Figure 4.7: Cumulative plot for M VLDL P in NFBC 1966

Samples having normal copy number are marked in grey and samples with deletion
are marked in red

4.4.3 CNV replication and allele frequency

In the above scenario of di↵erent CNV breakpoints and di↵erence in probe-coverage in

di↵erent cohorts, I decided that it was best to leverage cnvHaps probe-by-probe cal-

culation of expected CNV-genotypes (see methods). Briefly, unlike other CNV-calling

approaches, cnvHap does CNV-calling at each probe independently to derive the poste-

rior probability, which I refer to as the expected CNV genotype at a particular probe

location. For the probes located in the TSPAN8 coding regions in NFBC 1966 and

NFBC 1986, there was no consensus in the probe locations, except for the two probes

located at chr12: 69809401 and chr12: 69835363. I could only meta-analyse results for

these two probes, and report replication results for other loci by considering the probe

located nearest to the region of interest.

Looking into the allele frequency results based on the expected CNV genotypes I

found all discovery and control cohorts to carry deletions at chr12: 69809401. Allele

frequency results from all the cohorts indicates that the CNV at this location is relatively

rare with MAF < 0.05. Amongst all cohorts NFBC 1966 had the maximum MAF of
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0.041 whereas in Finnish control cohort, HBCS the allele frequency was < 0.01 (Table

4.3). One possible reason for the large di↵erence in allele frequency in Finnish cohorts

could be that the Northern Finnish Birth cohorts are geographically di↵erent from the

Helsinki Birth Cohort, resulting in a di↵erent genetic constitution. In the British control

populations (BC1958 and NBS) I found an allele frequency around 0.02. However, we

should keep in mind the possibility of di↵erences in genotyping platforms and di↵erent

CNV-calling parameters a↵ecting the allele frequency in the CNV-calling.

Allele frequency of CNVs Allele frequency of CNV calls (deletion only) from the

1KG NGS data and CNV genotype calls (deletion only) in several cohorts genotyped

through bead-array platforms. 1a and 1b show the allele frequency of CNVR5583.1 and

lipid associated locus chr12 69809401 characterized respectively in the 1KG data. 2a

and 2b show the allele frequency for the above regions determined through bead-array

based platforms.
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Figure 4.8: Allele frequency determined through genotyping array and NGS based
platforms
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Table 4.3 Deletion allele-frequency of CNV at chr12 69809401 discovered through

genotyping-platforms in various cohorts including discovery cohorts (NFBC 1966 and

NFBC 1986) and control cohorts (HBCS, BC 1958 and NBS).
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Table 4.4 CNV deletion frequency for various cohorts characterized through genotyp-

ing arrays for probes within or nearest to CNVR5583.1.
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4.4.4 Univariate analysis

4.4.4.1 CNV association with metabonomic and lipid phenotypes in NFBC

1966 and NFBC 1986

Association results for the CNV located at chr12: 69809401 encompassing the 7th exon

(LD r2=0.636 with CNVR5583.1) with high-throughput metabonomic and lipid phe-

notypes showed a very high proportion of these phenotypes (8/90 (8.8 %) for NFBC

1966 and 56/90 (62.2%) for NFBC 1986 associated at a nominal p-value threshold of

< 0.05. On meta-analysing association p-values for 90 common metabonomic lipids in

NFBC 1986 and NFBC 1966, I found 11/90 (12.2 %) of the metabonomic lipids to be

significantly associated with minimum meta p-value of 7.64E-04 for the phenotype free

cholesterol in medium VLDL (M VLDL L), after applying a multiple-testing correction

threshold p-value of 7.7E-4. On associating CNVs within or nearest to the CNVR5583.1

region in NFBC 1986, NFBC 1966, I found 26/90 (28.8 %) (chr12: 69819889) and 41/90

(45.5 %) (chr12: 69824577) di↵erent metabonomic or lipid phenotypes to be nominally

associated at a p-value threshold of 0.05. Univariate results for CNVR5583.1 and CNV

at the 6th exon are reported in Table 4.5 and Table 4.6.
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Table 4.5 This table shows the top CNV-associated metabonomic lipids after meta-

analysis of NFBC 1966 and NFBC 1986 Values for probes located in common genomic

locations in the coding-regions of the TSPAN8 gene. This includes the reported lipid-

associated region- chr12 69809401. In the association model, the top ten LRR PCs

were projected out of the model in order to correct for batch-e↵ects and achieve an

inflation-factor close to 1. Only the top two lipids (indicated) at chr12 6980941 survived

the multiple-testing threshold (corrected) of 8.05E-4 (Sidak) and 7.8E-4 (Bonferroni) for

common metabonomic lipids in NFBC 1966 and NFBC 1986.
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Table 4.6 Univariate results obtained after meta-analysis of Pvalues at chr12 69809401,

derived from association of cnvHap expected CNV calls and lipids in NFBC 1966 and

NFBC 1986. Results obtained from using multiphen joint model and multiphen joint

model with variable selection, is also reported. Unlike Table 4.5, the batch-e↵ect cor-

rection method applied in these results was LRR variance as covariate.
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Chapter 4. CNV and metabonomics

Table 4.7 Univariate and meta analysis results for NFBC 1966 and NFBC 1986 for

all 90 metabonomic lipids at chr12:69809401.
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Chapter 4. CNV and metabonomics

Table 4.7: Univariate meta-analysis results for all metabolomic lipids at
chr12:69809401

NFBC%1966 NFBC%1986
Location Lipid beta pv beta pv beta pv

Alb 80.102 0.0766 0.0249 0.77 80.0623 1.93E801
ApoA1 80.0187 0.729 0.04 0.636 80.00174 9.69E801
ApoB 80.0435 0.405 80.0296 0.728 80.0397 3.72E801

HDL2_C 0.0605 0.27 0.0726 0.356 0.0645 1.52E801
HDL3_C 80.00982 0.865 80.031 0.7 80.017 7.17E801
HDL_C 0.0291 0.586 0.0537 0.505 0.0367 4.10E801
HDL_D 0.00843 0.871 0.102 0.212 0.0353 4.21E801

IDL_C_eFR 80.0269 0.613 80.0775 0.334 80.0424 3.40E801
IDL_C 0.0296 0.57 80.0463 0.569 0.00755 8.63E801
IDL_FC 0.0523 0.329 80.0413 0.611 0.0239 5.93E801
IDL_L 0.000513 0.992 80.0871 0.281 80.0254 5.63E801
IDL_PL 80.0108 0.838 80.117 0.151 80.0425 3.40E801
IDL_TG 80.059 0.286 80.131 0.1 80.0824 6.96E802

LDL_C_eFR 0.0655 0.186 0.00592 0.942 0.0492 2.44E801
LDL_C 0.0106 0.832 80.022 0.781 0.00128 9.76E801
LDL_D 0.0485 0.336 80.0833 0.384 0.0198 6.56E801

L_HDL_CE 0.0319 0.56 0.112 0.147 0.0587 1.89E801
L_HDL_C 0.0374 0.493 0.112 0.148 0.0621 1.64E801
L_HDL_FC 0.0441 0.414 0.123 0.121 0.0691 1.22E801
L_HDL_L 0.0232 0.67 0.0732 0.339 0.04 3.67E801
L_HDL_PL 0.0218 0.69 0.043 0.57 0.0291 5.11E801
L_LDL_CE 0.0204 0.686 80.0233 0.771 0.00797 8.52E801
L_LDL_C 0.022 0.664 80.0268 0.738 0.00808 8.50E801
L_LDL_FC 0.0281 0.582 80.0491 0.542 0.00592 8.91E801
L_LDL_L 0.00594 0.907 80.0472 0.554 80.0093 8.28E801
L_LDL_PL 80.0215 0.673 80.104 0.2 80.0449 2.98E801
L_VLDL_CE 80.0148 0.8 80.036 0.646 80.0224 6.33E801
L_VLDL_C 80.00593 0.919 80.0532 0.51 80.022 6.40E801
L_VLDL_FC 80.00223 0.969 80.0662 0.429 80.0225 6.33E801
L_VLDL_L 80.0512 0.375 80.119 0.146 80.0737 1.18E801
L_VLDL_PL 80.096 0.0985 80.129 0.114 80.107 2.38E802
L_VLDL_TG 80.0674 0.244 80.128 0.115 80.0878 6.26E802
M_HDL_CE 0.0131 0.829 80.0414 0.588 80.00795 8.67E801
M_HDL_C 0.00958 0.874 80.0483 0.531 80.0124 7.94E801
M_HDL_FC 0.0106 0.855 80.0726 0.36 80.0184 6.94E801
M_HDL_L 80.0548 0.351 80.12 0.131 80.0778 9.94E802
M_HDL_PL 80.0823 0.153 80.162 0.043 80.11 1.92E802

Meta%analysis%results

12_69809401
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Chapter 4. CNV and metabonomics

Table 4.7 continued

M_LDL_CE 0.0105 0.834 80.0108 0.892 0.00441 9.17E801
M_LDL_C 0.00495 0.921 80.0154 0.845 80.000912 9.83E801
M_LDL_L 80.0109 0.827 80.0364 0.645 80.0182 6.66E801
M_LDL_PL 80.0433 0.382 80.0887 0.268 80.0558 1.85E801
M_VLDL_CE 80.0334 0.54 80.0802 0.343 80.0471 3.04E801
M_VLDL_C 80.0351 0.522 80.108 0.205 80.0564 2.22E801
M_VLDL_FC 80.0333 0.55 80.133 0.123 80.0626 1.80E801
M_VLDL_L 80.086 0.123 80.164 0.0559 80.109 1.95E802
M_VLDL_PL 80.0901 0.103 80.17 0.049 80.113 1.49E802
M_VLDL_TG 80.12 0.0335 80.167 0.0467 80.135 4.06E803
Serum_C 0.0088 0.856 80.0152 0.848 0.00228 9.56E801
Serum_TG 80.0773 0.165 80.145 0.0891 80.0975 3.64E802
S_HDL_L 80.0546 0.301 80.171 0.0426 80.0873 5.08E802
S_HDL_TG 80.238 1.99E805 80.194 0.0181 80.224 1.19E806
S_LDL_C 80.00152 0.976 80.018 0.819 80.00625 8.82E801
S_LDL_L 80.0308 0.534 80.0534 0.498 80.0372 3.75E801
S_VLDL_C 0.0695 0.176 0.0341 0.677 0.0595 1.72E801
S_VLDL_FC 0.0526 0.316 0.00327 0.969 0.0385 3.85E801
S_VLDL_L 0.00537 0.919 80.0408 0.622 80.00806 8.57E801
S_VLDL_PL 0.0233 0.661 80.0317 0.7 0.00715 8.73E801
S_VLDL_TG 80.0616 0.268 80.104 0.208 80.0748 1.05E801
VLDL_D 80.045 0.406 80.118 0.187 80.0646 1.63E801

VLDL_TG_eFR 80.0818 0.147 80.155 0.0706 80.104 2.74E802
VLDL_TG 80.0882 0.117 80.147 0.0816 80.106 2.32E802
XL_HDL_CE 0.0262 0.632 0.134 0.107 0.0589 1.98E801
XL_HDL_C 0.0134 0.806 0.124 0.135 0.0469 3.04E801
XL_HDL_FC 80.00124 0.982 0.113 0.178 0.0321 4.78E801
XL_HDL_L 0.00736 0.89 0.119 0.153 0.0397 3.76E801
XL_HDL_PL 0.00482 0.927 0.115 0.162 0.0371 4.05E801
XL_HDL_TG 80.12 0.0384 80.0258 0.749 80.0877 6.17E802
XL_VLDL_L 80.00385 0.947 80.033 0.677 80.0141 7.64E801
XL_VLDL_PL 80.0457 0.435 80.0509 0.526 80.0475 3.15E801
XL_VLDL_TG 80.00975 0.867 80.0517 0.512 80.0246 6.00E801
XS_VLDL_L 80.0245 0.652 80.102 0.208 80.0485 2.82E801
XS_VLDL_PL 80.00666 0.903 80.091 0.263 80.0328 4.69E801
XS_VLDL_TG 80.061 0.281 80.112 0.157 80.0783 8.95E802
XXL_VLDL_L 80.123 0.0393 80.0555 0.473 80.0978 3.85E802
XXL_VLDL_PL 80.143 0.0192 80.073 0.316 80.114 1.48E802
XXL_VLDL_TG 80.12 0.0415 80.0623 0.435 80.0997 3.54E802
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Figure 4.9: QQ plot for the top associated lipids

This figure shows the genomic inflation factors for the top four lipids in NFBC 1966.
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Table 4.8 Chromosome 12 wide inflation factors observed for the top four CNV-

associated lipids (univariate meta-analysis, Table 4.2) in NFBC 1966 and NFBC 1986.

Inflation factors using two di↵erent methods for correcting for batch e↵ects PC projec-

tion approach and LRR variance as covariate, is reported.
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Figure 4.10: Heatmap for association with lipids in the TSPAN8 gene in NFBC
1986

Here, the metabonomic lipids are represented in the X axis and probes within the
TSAPN8 gene are shown in the Y axis. The probe at location chr12: 69809401 is

shown in marked in red.
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Figure 4.11: Heatmap for association with lipids in the TSPAN8 gene in NFBC
1966
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Figure 4.12: Box plots for normal and deletion copy

Box plot for the top four metabonomic lipid phenotypes found associated with CNV
at chr12: 69809401 after meta-analysis of NFBC 1966 and NFBC 1986. Left and
right columns correspond to NFBC 1966 and NFBC 1986 respectively. Box plots
for phenotype measurement of deletion copy are marked in red and phenotypes of
samples without deletion are marked in grey and a red and grey line marks their

respective means of metabonomic phenotypes.
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4.4.5 Multivariate analysis

Joint e↵ect of multiple lipid phenotypes I carried out the multiphen based multi-

variate analysis on the meta-analysis results of NFBC 1966 and NFBC 1986 for 90 com-

mon metabonomic phenotypes at chr12: 69809401 (Table 4.9, 4.17). The results from

the joint-model with backward selection process indicated that a core set of 4 lipids are

significantly associated with the CNV at chr12: 69809401 (joint p-value=1.33E-06), The

top three phenotypes identified from the multivariate model M VLDL C, M VLDL TG

and S HDL TG were also significant in univariate association results (corrected). The

joint-model with no variable selection for all the 90 phenotypes together was 3.8E-06

(Table 4.9, 4.17). In NFBC 1986, for the CNV at chr12: 69812860 (6th exon) I found

L HDL PL (Phospholipids in large HDL) to be the top associated lipid through multi-

variate variable selection method (p-value=1.14E-02). In the same or nearest possible

probe location in NFBC 1966, I again found strong association patterns for HDL or for

its metabonomic sub-categories.
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Chapter 4. CNV and metabonomics

Table 4.9 Results from multiphen association approach with 1) joint-model (all lipid

phenotypes) and 2) multiphen joint-model with variable-selection (subset of pheno-

types), for common probes in the coding-regions of the TSPAN8 gene, including the

lipid-associated region chr12 69809401.
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Table 4.10 Association of CNV at chr12:69812681 in NFBC 1966 using multi-variate,

multi-variate with variable selection and LRR based methods.
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4.4.6 Validation using raw intensity

T2D association In the DESIR T2D cohort, the probe nearest to CNVR5583.1 lo-

cated at chr12: 69824577, the probe rs1798089, was found to be nominally associated

with T2D with p-value of 5.55E-06 (Table 4.11, 4.12). Probes at chr12: 69809401

(rs1051334) and chr12: 69812681 (rs2270588) were also found to be nominally associ-

ated with T2D with p-values of 3.32e-07 and 1.24e-05 respectively. I further highlight

that the WTCCC CNV study design did not cover the lipid-associated region I analysed

in details here (chr12: 69809401-69812861). Hence, this finding also promises to be a

novel T2D-associated locus which is also further indirectly confirmed by the LD results.

Lipid association I have further replicated some of the association of CNVs with

metabonomic and lipid phenotypes. At chr12: 69809401 location, on meta-analysing

results from NFBC 1966 and NFBC 1986 I found 10/90 lipids to be nominally asso-

ciated at a p-value threshold of 0.05 and further three lipids replicating from the uni-

variate meta-results (M VLDL TG, M VLDL PL and M VLDL L) and two lipid phe-

notypes (M VLDL TG and M VLDL L) from meta-multivariate results of NFBC 1966

and NFBC 1986 (Table 4.11). These results indicated some degree of consistency in the

association results from univariate, multivariate and LRR based methods. This gives

more confidence to the results presented here.
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Figure 4.13: Heatmap for association with lipids in the TSPAN8 gene in NFBC
1986 using raw intensity
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Table 4.11 Lipids found associated with CNV at chr12 69809401 are reported after

meta-analysing LRR intensity based association Pvalues from NFBC 1966 and NFBC

1986. Multiphen association approach with 1) joint-model (all lipid phenotypes) and 2)

multiphen joint-model with variable-selection (subset of phenotypes) using two di↵erent

batch-e↵ect based correction methods (PC projection approach and LRR variance as

covariate) is reported.
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Figure 4.14: Heatmap for association with lipids in the TSPAN8 gene in NFBC
1966 using raw intensity
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Table 4.12 Association of LRR intensity with T2D disease outcome. The association

results were adjusted for gender and batch e↵ects using LRR PC based method.
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4.4.7 LD results for TSPAN8

The Wellcome Trust CNV study reported the best tagging SNP for CNVR55831 to be

rs1705261 with r2 = 0.998. In NFBC 1986, I have reported a similar observation where

the same SNP rs1705261was found to be in high LD with r2 = 0.958 for a probe within

CNVR5583.1 (probe hg1869819889) (Table 4.13). Further, in NFBC 1986 the best

tagging SNP for the CNV at chr12: 69809401 was found to be the probe hg181269809383

with r2=0.939 located at chr12: 69809383. In NFBC 1986, the probe at chr12: 69809401

was in LD with CNVR55831 (probe hg181269819889) with r2=0.623. I observed that

within a 12 kb window there were several CNVs, which were found to be in high LD

with CNVR5583.1, suggesting a LD block in that region. However, LD results for NFBC

1966 was not significant with no probes having r2 (between CNV-SNP) greater than

0.1. This negative result could be due to the lack of probe coverage within and around

CNVR5583.1.
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  hg18_12_69809380

  hg18_12_69809383

  chr12_69809401

  chr12_69809413

  rs2270587
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Figure 4.15: TSPAN8 LD plot in NFBC 1986

LD heatmap showing the r2 values for the NFBC 1986 cohort, where r2 was calculated
between total number of copies of the CNV and the B allele from the SNP genotype
calculated by cnvHap. LD r2 for the CNV at chr12: 69809401 and the best tagging

SNP probe within CNVR5583.1 is indicated by a black circle
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Table 4.13 LD results in NFBC 1986 (genotyped on the Illumina Cardio Metabochip).

LD was calculated between the number of copy number from HMM model and no of B

allele for all probes within or around CNVR5581 using a regression model. All probes

where LD r2> 0.5 is reported.
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4.4.8 Association with glucose stratification

In accordance with the earlier published classification, I divided the NFBC cohorts into

three categories based on fasting blood glucose levels. This included non-diabetics (glu-

cose concentration of 5.6 mmol/L or less), pre-diabetics (glucose concentration between

5.6mmol/L and 6.9mmol/L) and diabetics (glucose levels > 6.9 mmol/L). Based on this

classification there were 7 diabetics and 31 diabetics in NFBC 1966 (Table 4.14). To

increase power in association analysis (especially in NFBC 1986 for the diabetics co-

hort), I pooled the data from NFBC 1966 and NFBC 1986 together and then carried

out my association analysis. The stratified results show strong association patterns in

the non-diabetics population (N=7230).

The top associated lipid I found is a sub-category of VLDL (S VLDL L, p-value=7.65E-

09. The earlier reported top lipid M VLDL FC was found to be associated with p-

value=2.48E-07. In the pre-diabetics cohort, there was a strong trend for association

in sub-categories of VLDL lipids, with 5/7 VLDL lipids associated with p-value < 0.05

(N=1062), but the association p-values were much weaker. In the diabetics cohort

though the sample size was very small (N=38), I still found association for at least 3

VLDL sub-categories at a p-value threshold of 0.05. These results indicate the presence

of VLDL association in all three categories (diabetics, pre-diabetics and non-diabetics)

and further suggests the possibility that TSPAN8 CNVs are indeed a true susceptibility

variant for T2D. But these results need to be further explored using larger samples sizes,

especially for the pre-diabetics and diabetics cohort.
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Chapter 4. CNV and metabonomics

Table 4.14 Stratified association of CNVs at chr12: 69809401 with metabonomic lipid

phenotypes. Here, the phenotype stratification was based on the fasting glucose levels.

Classification was done using the following criteria: Non-diabetics (glucose concentration

of 5.6 mmol/L or less), pre-diabetics (glucose concentration between 5.6mmol/L and

6.9mmol/L) and diabetics (glucose levels > 6.9 mmol/L)
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Chapter 4. CNV and metabonomics

4.4.9 Association with PC projection

Confounding factors like batch e↵ects are a major problem in genetic association studies.

To address this problem, I implemented a new approach to account for batch e↵ects by

first calculating genome wide LRR PCs using a fast iterative procedure (described in

chapter 3) and then projecting out these top PCs from our CNV association model.

The main di↵erence here is that in this association model, the PCs were projected out

of the outcome variable not used as covariates, like in the epilepsy analysis (Table 4,5,

4.9, 4.17). Using this approach, I was successful in replicating the CNV associations

I reported earlier, and was further able to reduce genomic inflation factor. Using this

approach seems to be promising and I obtained good concordance with the LRR-variance

method (when used a covariate). I still further need to do a genome-wide analysis for

determining the proper number of PCs to use in the association model.
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Figure 4.16: Forest plot of top meta p-values

Forest plot showing the beta and standard errors in NFBC 1966, NFBC 1986 and the
meta analysis results.
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4.4.10 Association with lipids at chr12: 69812860

I further discovered and report here a CNV in the 6th exon of the TSPAN8 gene in

NFBC 1986 (rs2270587) with an allele frequency of 0.013, which also showed a strong

trend in association with lipids. The top lipids associated for this CNV was found to be

M VLDL FC (Free cholesterol in medium VLDL) (P=6.54E-04) (Table 4.10). In NFBC

1986, the multivariate model with variable selection a joint p-value= 2.19E-04. The top

lipid associated using the LRR PCs projection approach method was HDL, but this time

a di↵erent sub-category was obtained (S HDL L, p-value= 1.14E-04).

In NFBC 1966, there was a trend in association with HDL sub-categories at chr12:

69812681 using all the association approaches described here (univariate p-value=1.14E-

02 for L HDL PL), multivariate (p-value= 6.07E-05) (Table 4.10). Despite the lack of

consistency for all probes in the three cohorts analysed, there seems to be an indication

of HDL association near the 6th exon of TSPAN8 gene using univariate, multivariate

and LRR PC projection association methods. I also underline that the British and

NFBC cohorts are di↵erent populations and this might be a real possible reason for why

the association level do not match completely at the same genomic location.
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Chapter 4. CNV and metabonomics

Table 4.15 Association of CNV with metabonomic lipids in the 6th exon of TSPAN8

gene in NFBC 1986. Replication in NFBC 1966 is reported for same or nearest probe

possible. Results from multiphen association approach with 1) joint-model (all lipid

phenotypes) and 2) multiphen joint-model with variable-selection (subset of phenotypes)

are reported for CNVs characterized through a) cnvHap derived expected genotypes b)

LRR raw intensity.
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Chapter 4. CNV and metabonomics

4.4.11 Association with lipids at CNVR5583.1

Only NFBC 1986 had a probe within CNVR5583.1 located at chr12 69819889 (probe

hg181269819889). The top lipid associated at this locus was S VLDL PL (free choles-

terol in small VLDL, p-value= 5.39E-03) and 25 lipids were associated at a p-value

< 0.05 (Table 4.16). However, none of these univariate results survived multiple-testing

threshold. I further report that the top lipid associated in this case is similar to the

association of top lipid at chr12: 69809401, with weaker association p-values.
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Table 4.16 Association of CNV (deletion) with lipid phenotypes for probes within or

nearest to CNVR5583.1 in NFBC 1966 and NFBC 1986.
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4.4.12 Multivariate analysis joint association and joint associa-

tion with variable selection

Table 4.9 and Table 4.17 gives the multiphen based p-values for joint-model and for

joint-model with variable selection for all probes within the TSPAN8 coding regions

in NFBC 1966 and NFBC 1986. The joint-model p-values and joint-model p-values

with variable selection results are fairly consistent in showing the positive associations

but it can be observed that the p-values obtained with variable selection are usually

much smaller than the joint-model p-values when all the variables are considered in

the model. One probable reason for this could be that the non correlated and non

associated phenotypes considered in the model can decrease the overall parameter fit in

the model when in reality only a subset of the phenotypes are actually associated with

the outcome. In these cases, results from the joint-model with variable selection can be

closer to reality and give more accurate results. One such possible scenario is at chr12:

6983529 locus lying in the start codon of TSPAN8 in NFBC 1966 and NFBC 1986 where

the overall joint-model p-value was found to be 1.99E-41, but on variable selection the

overall p-value and joint p-value increased giving a joint p-value= 1.04E-50 (Table 4.9,

4.17).

The other advantage of the backward variable selection process I implemented is that

it can filter out only the most relevant variables from all other correlated variables and

thus giving only a small and best possible subset of phenotypes driving the association.

This can be quite advantageous when experimental follow up of phenotypes is expensive

and limited by the available resources. However, when there is a prior knowledge that

all phenotypes have some e↵ect on the outcome then the joint-model might prove to be

more accurate than the joint-model with variable selection. But the variable selection

process is a time consuming process and performing this step for all the probes genome

wide can take a very long time. In such cases the joint-model with all the phenotypes,

which is much faster to run, can be a proxy analysis approach for very large regions or

genome wide coverage. This step can then pick up regions of interest before applying a

variable selection process.
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Chapter 4. CNV and metabonomics

Table 4.17 Results from multiphen association approach for cnvHap derived proba-

bilistic genotypes with 1) joint-model (all lipid phenotypes) and 2) multiphen joint-model

with variable-selection (subset of phenotypes) are reported for CNVs in the TSPAN8

coding region for NFBC 1966 and NFBC1986 separately. Two di↵erent approaches for

correcting batch-e↵ects using LRR PC projection method and LRR variance as covariate

is reported.
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Chapter 4. CNV and metabonomics

4.4.13 NFBC1966 PennCNV results

PennCNV calls for NFBC 1966 was generated using recommended settings. Six samples

showed heterozygous deletions encompassing chr12: 69809401 CNV and the CNVR5583.1

region.

Figure 4.17: Heatmap results for association using PennCNV
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4.4.14 LD results for NFBC 1966

No probes were found to be in LD with chr12: 69809401 CNV or CNVR5583.1 with

r2 > 0.5, hence LD results for NFBC 1966 is not reported.
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Figure 4.18: Manhattan plot of SNPs within the TSPAN8 gene
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Figure 4.19: Manhattan plot of SNPs within the TSPAN8 gene in NFBC 1966
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4.5 Missing data

While doing normal regression rows containing missing values are usually removed. This

can limit the amount of information and if significant number of data points are missing

and this could lead to a loss of power. There are usually four accepted mechanisms

which can theoretically lead to missingness in a given dataset.

• Missing completely at random

• Missing at random

• Missingness that depends on the missing value

• Missingness that depends on unobserved predictors

In the first case, the probability of missingness is the same for all units and removing

data may not a↵ect inferences, unless power is a↵ected to a large extent. In the second

case, the probability of missingness of a variable depends only on the available informa-

tion. If the variable of interest is missing at random, then the probability of missingness

depends only on the other fully recorded variables. For the last case the missingness

depends on the unobserved predictors. In this case the missingness may not be random

anymore and this can predict missing values. Another interesting instance is when the

missingness may depend on the missing value itself. For example if a variable predic-

tor’s probability of missingness increases with its value or vice versa. In general, it is

impossible to predict that the data is missing at random so it may lead to estimates

with larger standard errors and biases. There are two approaches for modelling miss-

ing data namely joint-modelling (JM) [243] and fully conditional specification (FCS)

[244]. Joint-modelling specifies a multivariate distribution for missing data and then

draws imputations from conditional distributions. Fully conditional specification speci-

fies multivariate imputation model on variable by variable basis by a set of conditional

densities for each incomplete variable. FCS starts with initial imputation and then draws

imputations by iterating over conditional densities, usually 10-20 is su�cient. FCS is

used to JM when no suitable distribution can be found. In my analysis, I used chained

equations for imputing data. It is chained because it can be used as a concatenation

of univariate procedures. The method executes m-streams in parallel and generates one

imputed data set for each of them. In this multivariate method instead of filling each

missing value, this approach fills each of the missing-values with a set of plausible values.

193



Chapter 4. CNV and metabonomics

These are then combined together for the main analysis and it is probably closer to the

actual uncertainty in the missing values.
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4.6 CNV analysis in LCE3C-LCE3B

Background : Psoriasis occurs in a person when the body starts making skin cells

in an accelerated way. Skin cells are usually replenished every three to four months,

but in psoriasis it happens every three to four days. This results in build-up of patches

which is a common symptom of psoriasis. Although the exact mechanism is unknown,

it is related to the body immune system. The immune system in this case attacks the

healthy skin cells by mistake. Psoriasis also has a known genetic element, however the

exact role of genetics remains unclear upto now. Some recent studies have indicated

that the late cornified envelope (LCE ) gene within the epidermal di↵erentiation com-

plex on chromosome 1 is associated with psoriasis in European populations [245]. This

study replicated associations of deletions in the LCE3C LCE3B gene with psoriasis and

reported strong LD for three SNPs with the CNV. They further characterized a GGA

deletion haplotype strongly associated with psoriasis [246].

LCE3C-LCE3B association with metabolomics In my preliminary analysis, I

found that, similarly to the TSPAN8 gene there was a strong trend in association with

lipids near the LCE3C-LCE3B region (Figure 4.22, 4.23, 4.24). In particular, I found

association between urea and CNVs in the LCE3C-LCE3B region in NFBC 1966. In-

terestingly, urea is also a known treatment for psoriasis. Another interesting fact is

that there is also a known link between psoriasis and Crohns disease, and there have

been earlier reports of elevated levels of urea in patients with Crohns disease [247]. The

association of CNVs in the general population with urea in LCE3C-LCE3B region is

thus an exciting observation, which can perhaps relate urea regulation and susceptibil-

ity to psoriasis and Crohn’s disease. These results are similar to the results I reported

for the TSPAN8 gene in this chapter and will require further analysis for confirmation.

In addition. These results again underline the power of characterizing genomics (or

other omics a well) for normal populations, which can reveal important information for

diseases susceptibility. Replication of this association in other cohorts and functional

follow-up studies remain to be done.
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Figure 4.20: QQ plot for urea in NFBC 1986
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Figure 4.21: Manhattan plot for urea in NFBC 1986
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Figure 4.22: Heatmap for association with lipids near the LCE3C gene in NFBC
1986
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Figure 4.23: Heatmap for association with lipids near the LCE3C gene in NFBC
1966
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Figure 4.24: Heatmap for association with lipids near the LCE3C gene in joint
analysis of NFBC 1966 and NFBC 1986

201



Chapter 4. CNV and metabonomics

−1

−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

1hg
18

_1
2_

69
80

93
80

, c
hr1

2:6
98

09
38

0

hg
18

_1
2_

69
80

93
83

, c
hr1

2:6
98

09
38

3

ch
r12

_6
98

09
40

1, 
ch

r12
:69

80
94

01

ch
r12

_6
98

09
41

3, 
ch

r12
:69

80
94

13

rs2
27

05
87

, c
hr1

2:6
98

12
86

0

rs1
70

52
61

, c
hr1

2:6
98

13
91

3

rs1
49

53
81

, c
hr1

2:6
98

15
99

5

hg
18

_1
2_

69
81

98
89

, c
hr1

2:6
98

19
88

9

hg18_12_69809379, chr12:69809379

hg18_12_69809380, chr12:69809380

hg18_12_69809383, chr12:69809383

chr12_69809401, chr12:69809401

chr12_69809413, chr12:69809413

rs2270587, chr12:69812860

rs1705261, chr12:69813913

rs1495381, chr12:69815995

−0.25 −0.33

0.81

−0.22

0.69

0.63

−0.03

0.73

0.6

0.58

0.02

0.35

0.28

0.15

0.6

−0.45

0.46

0.52

0.52

0.15

−0.1

0.09

0.26

0.13

0.2

0.49

0.37

−0.14

−0.22

0.75

0.72

0.76

0.52

0.11

0.53

0.1

Figure 4.25: Correlation matrix plot showing the LD between the lipid associated
region chr12:69809401-69812861 and CNVR5583.1 in NFBC 1986

202



Chapter 5

CNV Association with Gene

Expression

5.1 Introduction

In this chapter, I have analysed the e↵ect of CNVs on gene expression. This relationship

is known to play an important role in regulating gene products and phenotypes. Such

association approaches try to find the regulation of gene expression by SNPs and in

our case CNVs. It does not look directly into the association with any of the disease

traits or phenotypes but nonetheless results from such an analysis can indirectly reveal

important information on diseases [248]. Most GWAS studies have found that the SNPs

or CNVs associated with diseases do not seem to act through changes in the protein levels

hence the mediation through regulation of gene expression remains a strong possibility.

To test and further prove such an e↵ect it will require further reanalysis of earlier

GWAS candidate SNPs in light of eQTLs or CNV-eQTLs. To enable such an approach,

underlines the rationale of my analysis presented here. In addition disease susceptibility

has also been found to be tissue specific eg. variants associated with obesity where

expression has been found to be mainly present in the adipose tissue [249, 250]. This

observation mandates studies like ours where we aimed to find the association of CNVs

with gene expression simultaneously in multiple tissues.
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I have divided this chapter into two sections. In the first section, I have presented

results from an association analyses of CNVs with gene expression in di↵erent brain

regions from the UK brain expression consortium (UKBEC) project [251]. In the first

few sections of this part, I have reviewed some of the background information and recent

developments in the field of transcriptomics and highlight their important role in shaping

human phenotypes and disease outcomes. These include some of the studies and findings

from tissue and population specific analysis reported earlier. I have also discussed some

of the current NGS approaches for transcriptomics and further discuss methods for

association of gene expression with CNVs. In the second part of this chapter, I have

presented some of the methods for carrying out association using simple linear models in

Java. Such models can be generalized and can also include approaches for CNV-eQTL

analysis. In addition I have performed some test analysis on the graphics processing

unit (GPU) through the Java interface (jcuda) and further discuss how this can help

in developing linear models through the GPU technology. This kind of framework if

successfully built and perfected can perhaps be deployed in the future for analysis of

large-scale omics data in a time e�cient manner.

5.2 Section 1: CNV association with gene expression

5.2.1 Gene expression and phenotypes

All cells in an organism have the same DNA code but these cells are themselves quite

di↵erent from each other. One of the main reasons behind this observed phenomenon

is due to the expression of di↵erent RNA molecules in di↵erent cells. RNA molecules

vary in quantity as well as quality (type), which gives rise to various di↵erent cellular

characteristics. This variation has also been associated with various diseases outcomes

like cancer [252]. An in-depth analysis and characterization of such variation and di↵er-

ences between di↵erent cells remain a crucial aspect to be addressed for the realisation

of personalised medicine and for curing diseases. Most GWAS studies rely on the static

nature of DNA and try to find its association with various phenotypes. However, this

static DNA translates into lots of intermediate molecular steps which can vary with time,

environmental and cellular factors. Usually, the link between the DNA and disease phe-

notype takes place through such molecular mechanisms but the current analysis methods

are usually agnostic to such factors. In addition, complex disease phenotypes are often
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associated with multiple variants of modest e↵ect size detected indirectly through LD.

One way to address this issue is to disentangle the true causal variant by finding out its

e↵ect on gene expression [248, 253]. This will allow finding how the variation in the reg-

ulatory regions is a↵ecting the phenotypes and perhaps also find other associated traits

[254, 255]. This will also allow taking into consideration the way regulatory elements

act in a tissue specific manner, which can help in characterizing the disease association

traits in greater details. In the future, these details need to be unravelled in order to pin

point the true causal factors for diseases and developing targeted cure for them. Further,

e↵orts for large-scale integrated analysis of biomarkers and gene expression will also help

in identifying in greater details the molecular mechanisms and pathways through which

the disease manifestation takes place.

5.2.2 eQTL studies

In genomics, eQTL studies try to find the e↵ect of genomic variants like SNPs on gene

expression and are sometimes referred to as genetics of gene expression [256]. Systematic

analysis through these studies has led to the discovery of many regulatory elements

and their location, tissue specificity of expression and further contribution of cis and

trans elements. cis-elements are currently defined as SNPs associated with expression

(refers to CNVs for this analysis) which are located near the gene and are most likely

to be located within 100 kb of transcription start site (TSS) of their respective genes.

While trans-elements are distal SNPs or CNVs which are located farther away and

sometimes can also be located on a di↵erent chromosome. Both cis and trans elements

have their own characteristic features on expression and can manifest influence in a

complex manner [257]. Some studies have shown through expression profiling of cis

elements that proximal TSS which are involved in RNA-polymerase-II recruitment can

lead to subsequent transcription regulation which has greater influence on expression

than the distal elements. On the other hand, trans-elements have weaker e↵ect compared

to cis-elements but they can cumulatively explain greater heritability [258]. Thus, we

see that though the cis and trans elements can confer di↵erent levels of influence they

can be equally important from a functional point of view.

RNA molecules are much harder to characterize than DNA molecules due their dy-

namic nature and diversity. This complicates eQTL analysis. To address this, current
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studies have increasingly tried to analyse eQTLs based on condition [259] and tissue

specificity [260] in the first instance. One of the advantages of looking into the degree

of sharing of eQTLs across various conditions and tissues to allow the determination of

regulatory elements. This analysis often applies network-based architectures [261] and

several results through such methods have shown that there can be up to 50% sharing of

eQTLs between di↵erent tissues [262]. Another study found that even if the eQTLs are

shared at a statistically significant level in similar tissues their mean expression varies,

hence indicating the importance of integration of results across various tissues as well

[263]. Some studies have also shown the condition specific eQTLs where the degree of

sharing of eQTLs across di↵erent conditions allows the estimation of regulatory elements

and also further build various disease models from it. The ENCODE study concluded

that about 69-80 % of the cis-eQTLs can be cell specific, even amongst closely related

cells [264]. They also indicated that enhancers are likely to be tissue-specific but sim-

ilar across di↵erent lineages. To this end, several studies have found 50% sharing of

cis-eQTLs between adipose and blood tissues [265]. These findings show the complex

nature of RNA biology and the importance of taking into consideration tissue type,

conditions and related features during analysis.

5.2.3 CNV eQTL studies

CNVs have known implications in Mendelian disorders as well as for complex diseases

outcomes with polygenic causes. They are also known to a↵ect gene expression and

metabolic traits in mice [266] and humans. The landmark study for CNVs by the

Wellcome Trust found several CNVs associated with T2D and Crohns disease but their

overall conclusion was that common CNVs are unlikely to have a causal role for common

diseases. They also reported that since there is strong LD between common CNVs and

SNPs, their association with disease outcomes have already been explored indirectly

through earlier GWAS analysis [76]. Some examples include a 20 kbps deletion with

r2 = 1 with a SNP which was shown to be associated with Chrons disease [267]. The

deletion in this case was found to be the actual causal-variant. Another such example

is the NEGR1 gene where SNPs as well as a 43-kb deletion were found to be associated

with severe obesity [268]. Despite the WTCCC results there have been several other

studies which have pointed out that the role of common CNVs should not be overlooked.

CNVs have known e↵ect on gene expression through dosage e↵ect and can manifest as

complex disease phenotypes at the molecular level, as I describe earlier. This is further
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corroborated by the fact that most CNVs lie in the non-coding part of the genome

and their possible e↵ect on phenotypes through gene expression remains plausible. One

particular study looked specifically into the overlap of common CNVs and eQTLs and

reported several important conclusions and observations for CNV-eQTLs. This includes

results showing that CNVs are enriched in the eQTL regions in a significant way and

further found that out of the 3600 CNVs reported by the WTCCC study, about 1306 of

them had at least one eQTL SNP in that region [269]. They report that CNVs which

are less well tagged by SNPs (r2 < 0.3)) contain about 44% of the SNP-eQTLs and are

further enriched for reproducible trait associations. They further add that CNV which

have functional e↵ects are enriched for cis-eQTLs and are not usually well tagged by

SNPs. Lastly, we should keep in mind that, of all the CNVs discovered by the WTCCC

study, about 60 % of them were discarded since they could not be assigned to any specific

copy-number class. These facts and results suggest that a deep characterization of the

relationship of CNVs and eQTL regions still remain unknown.
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Figure 5.1: Previous reports of SNP eQTLs on chromosome 4

The region shown above contains a chromosome 4 duplication which is also one the
top CNV-eQTLs reported later
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5.2.4 Population specific gene expression

Current genomic findings for diseases and other human traits are mainly based on Eu-

ropean populations. However, for full functional characterization of such variants they

also need to be analysed in other populations. Population specific LD patterns, physi-

cal traits and susceptibility to diseases are well known problems to be addressed in the

current genomic community. Many eQTL studies and other methods for characteriz-

ing gene expression have been helpful in characterizing such inter-population di↵erences

[270]. Though earlier studies have been mainly restricted to reference samples from the

Hapmap study in the past, but at present it is now increasingly becoming more impor-

tant to take into consideration the genomic variations existing across other populations

as well. Data and results from the 1KG project which currently has sequenced samples

from about 21 di↵erent populations can prove to be a useful resource in this purpose

[105].

5.2.5 RNA-Seq

All DNA in our cells have two di↵erent alleles, one from each parent. Mutations or dif-

ference in any one of these alleles can directly lead to di↵erence in the RNA expression.

Some of the current research has shown that allele-specific transcripts are abundant in

the cell, hence suggesting the possibility that some of this allelic-imbalance can have

e↵ect on disease outcomes as well [271]. In addition, integration of allele-specific ex-

pression from RNA-Seq and linkage-analysis has shown that about 20% of the trans

regulators have allelic imbalance on target genes [263]. The earlier technology based on

micro-arrays was not able to disentangle this allelic imbalance and can only quantify the

total expression, irrespective of the allelic-di↵erences. The development of the RNA-Seq

technology can now accurately quantify RNA at a higher resolution as well as di↵eren-

tiate the allele-specific e↵ects. In addition, haplotype-specific isoform information can

be further derived from it. Some of the applications of such allele-specific expression

aims to test whether one of these alleles is associated with higher or lower levels of gene

expression or in analogy with SNPs, to characterize the heterozygous vs homozygous

allele-specific expression. Sequencing approach through RNA-Seq works in a similar way

as other DNA sequencing methods. RNA is first extracted and pre-processed and then

shredded into millions of fragments. These fragments are then amplified and mapped

back to a reference genome. There are usually two options of mapping the RNA-Seq.
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This can either be the phased personal genome of the person being analysed or the

publicly available reference genome. Both these approaches consist of two main areas:

transcript reconstruction and mapping the transcripts back to the reference. This step

poses several big statistical and computational challenges and at present is confounded

by several factors. Some of these include di↵erence in the source of the RNA, noise due

to incomplete processed RNA and problems in PCR due to high GC content. Counter-

intuitive to the notion that deep sequencing might be better, it should be kept in mind

that many of these problems increase with the depth-coverage, hence care should be

taken in designing the experiments and analysis [272].

Figure 5.2: RNA-Seq results for expression around DRD5 in 3 di↵erent populations

A strong CNV-eQTL for the DRD5 is reported in the results later. Here the X axis
is genomic location and the Y axis is the expression score (log scaled) for British

(GBR), Yoruba in Ibadan, Nigera (YRI) and Toscani in Italia (TSI)
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5.2.6 Methods for eQTL analysis

Present methods for associating gene expression with genotypes can involve billions of

association comparisons, which can make such analysis for large datasets computation-

ally prohibitive [8]. Due to this limitation, large-scale eQTL analysis has remained

limited till now. At present many statistical methods are available for calculating the

association metrics and some of these include linear models, ANOVA, GLMs, mixed

models and also Bayesian methods [273]. The possibility of applying multivariate meth-

ods to determine simultaneous e↵ect of all SNPs on expression profile of an individual

also remains to be explored. Some of the current methods used for eQTL analysis are

plink [274], R/qtl [275] and fastMap [276]. But most of these methods face the problem

of computational bottlenecks, and can sometimes take enormous amount of time to run

for large-scale studies.

Matrix eQTL software The matrix eQTL software was initially published as an

ultra-fast method for doing eQTL analysis [8]. Some of the recent versions have also

been developed for multi-tissue comparisons and these methods are planned to be used

for several large-scale consortium. The general approach implemented in the eQTL soft-

ware is to first test for each gene-SNP pair and then correct for multiple testing. For

association, first a simple linear model is solved and then a test statistics is calculated.

Final results are reported after checking if the test statistics exceeds a particular signif-

icance level. Matrix eQTL gains its speed by doing the computationally most intense

part of the algorithm in terms of fast matrix-multiplications. It first splits the main

large data matrix consisting of all SNPs and gene expression into chunks of 10k ⇤ 10k

sub-matrices and then carries out the association analysis on these sub-matrices. Test

statistic is calculated only for values which are above a certain threshold level, thus

further saving running time. The matrix multiplication routine is implemented using

BLAS (Basic Linear Algebra Sub programs), which has a running time of O(n3). For the

matrix multiplications routine, several alternative methods have been developed which

have lower running time complexity O(n2.76) [277], but for practical issues these are

not widely used at present.
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5.3 UKBEC Analysis

The UK Brain Expression consortium was set up to study the regulation and alter-

native splicing of gene expression in the human brain [251]. This consortium initially

collected brains from 134 subjects who were free from any kind of neuro-degenerative

disease. For each individual, twelve di↵erent brain regions were extracted for further

detailed analysis using expression-profiling approaches. These included array and se-

quencing based mRNA quantification methods. Array-based analysis has already been

done and in the future RNA-Seq based profiling is also planned. Genotyping of the

same individuals was done on two Illumina platforms (described later). Using the ma-

trix eQTL software, a SNP and CNV-eQTL analysis was done. In this chapter, I have

focussed on the CNV-eQTL analysis. An overall detailed analysis plan is shown in Figure

5.3.

5.3.1 Materials and Methods

For all study subjects, tissues samples from the central nervous system were collected

by the Medical Research Council (MRC) sudden death tissue bank, Edinburgh, UK and

the Sun health corporation, USA. Fresh tissues samples were removed from the brains

and were extracted during autopsy. These were next immediately flash frozen. After a

detailed examination by a doctor, all samples had been declared as neuropathologically

normal. A detailed review of the samples and procedures has been made in an earlier

review [251]. For each sample ten di↵erent brain regions were extracted. These included

cerebellar cortex (CRBL), frontal cortex (FCTX), hippocampus (HIPP), medulla (in-

ferior olivary nucleus), occipital cortex (OCTX), putamen (PUTM), substantia nigra

(SNIG), thalamus (THAL), temporal cortex (TCTX) and intralobular white matter

(WHMT). Expression-profiling and association analysis were done for all regions sepa-

rately as well as by pooling the data together.
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Figure 5.3: Overview of UKBEC association analysis

Source: http://ukbec.wordpress.com/
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RNA extraction and processing A brief review of the RNA processing and geno-

typing is presented here. RNA was first extracted from the di↵erent post-mortem human

brain tissues. This was based on a single-step RNA extraction procedure using custom

miRNeasy kit. Quality check for the RNA was done using 2100-bio-analyzer and RNA

6000-Nano-kit. Next, hybridization was done using A↵ymetrix Exon 1ST-arrays follow-

ing the manufacturers instructions. After hybridization, arrays were scanned using cus-

tom A↵ymetrix GeneChip-scanner-3000-7G and visually inspected. Pre-processing was

done using the robust multi-array average (RMA) normalisation and log-transformed

using the A↵ymetrix power-tools. After applying metrics like detection above back-

ground (DABG), the probes were re-mapped to the reference human genome (hg19).

The analysis was restricted to 292k probes having proper gene names. In addition,

probes which were not catalogued as common European SNPs (MAF > 0.01) or indels

(1KG interim-phase-v3) were also excluded. After this, expression levels for 26k genes

were calculated using the winzorized mean signal (below 10 % and above 90 %) for all

probes sets corresponding to each gene. The final expression data were adjusted for

gender, batch e↵ects and source. DNA samples were also extracted from the brain tis-

sues for genotyping. This was done on two chips which included the Illumina Infinium

Omni1M quad custom chip and the Illumina Immunochip. After this step, scanning was

done using iScan-Illumina and the generated data was imported and analysed through

the Illumina genome studio software. In genome studio, further QC measures based on

European ancestry and call-rate  95 % were applied. Finally, checks on gender, cryptic

relatedness, autosomal heterozygosity rate and monomorphic SNPs were applied. The

HWE disequilibrium p-value threshold was set to 1E-4.

5.3.2 Results

In this section I present some of the preliminary results from a pilot CNV-eQTL analysis

done on all UKBEC samples. This analysis was done jointly with my colleagues in Kings

College London. At present I am in the process of independently replicating some of

these initial hits in other cohorts and in addition trying to implement an alternative and

more robust method for performing CNV-eQTL association. This approach is based on

raw intensity signals. In the following section, I have presented some of the CNV-eQTL

hits from our initial analysis which survived initial filtering criteria based on 1 % FDR,

and were further deemed as potential candidates for validation.
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CNV segment at chr1:54557270-54560027 This CNV lies within the TCEANC2

gene (transcription elongation factor). There are lots of other genes flanking this region.

This CNV also has a cis-eQTL with TCTX region with the DHCR24 gene which is

800 kb away. The DHCR24 gene has been found to have reduced expression in TCTX

of patients with Alzheimers disease. Further, this CNV has trans-eQTL with 21 other

genes but mostly for TCTX. Functional analysis using DAVID tool (http://david.

abcc.ncifcrf.gov/) did not reveal anything interesting.
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CNV segment chr4:10239590-10240170 This CNV lies on chromosome 4 intergenic-

region. There are five genes around this CNV out of which three of them have signifi-

cant cis-eQTLs namely ZNF518B, DRD5 and CLNK. Results from Uniprot show that

ZNF518B has known involvement in transcriptional regulation. DRD5 (Dopamine re-

ceptor D5) is a strong candidate, expressed in the neurons of the limbic region of the

brain. CLNK (cytokine-dependent hematopoietic cell linker) has known role in im-

munoreceptor signalling.

The chromosome 4 CNV was found to have large number of trans-eQTLs. There were

67,882 trans-eQTLs out of which 94 % had FDR < 1%. The best trans-eQTL with

this CNV was found to be CACNA1A (calcium channel, voltage-dependent, P/Q type,

alpha 1A subunit) in Substantia Nigra and average-all category with FDR < 2.04e�11.

CACNA1A is involved in a variety of calcium-dependent processes, including muscle

contraction and functions as a neurotransmitter. The next best trans-eQTLs were found

to be MMP16 and GRIA4. GRIA4 is a glutamate-receptor excitatory neurotransmitter

in the brain and has been linked to schizophrenia.

Figure 5.4: Chromosome 4 duplication region in UKBEC and NABEC
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Figure 5.5: Chromosome 4 duplication in Thousand Genomes CEU samples

Figure 5.6: LD plot in UKBEC around DRD5
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Figure 5.7: RNA-Seq results from The 1000 Genomes CEU population for samples
having duplication at DRD5

The intensity of the blue colour above the genomic location on the X axis is directly
correlated to the total number of reads mapped to that location.
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CNV at chr6:29275507-29341623 We found three di↵erent CNVR spanning this

region. This CNV has a cis-eQTL with OR5V1 gene in hippocampus only. Also, no

trans-eQTLs was found.

CNV at chr18:41978081-41981339 This CNV lies in an intergenic region. The

nearest gene was found to be SETBP1 (SET binding protein 1) located about 1.6 Mb

away and this CNV has a cis-eQTL associated with frontal cortex. This CNV also has a

cis-eQTL with SYT4 (synaptotagmin IV) which has a cis-eQTL in frontal cortex and is

known to be involved in calcium ion exocytosis. There were 213 trans-eQTLs associated

with the frontal cortex and some with average-all category. A DAVID analysis showed

that the best p-value for enrichment of 0.0212 with phosphoprotein (p < 1E � 8) and

alternate splicing (p < 1E � 6)

Figure 5.8: Ensembl plot of the region around chromosome 4 duplication

Source: http://www.ensembl.org/index.html
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5.4 Section 2: CNV-eQTL methodology development

In the following sections, I have explored some preliminary background theory and results

for linear models currently used in genomic studies. I have specifically discussed the

association framework in such studies in light of matrix algebra. I have further explored

some of the software implementation of such matrix routines which includes the GPU

framework for computation and some specific highly optimized scientific libraries in Java.

5.5 Graphics processing unit (GPU)

Graphics processing units (GPU) are a recent parallel computing architecture which can

deliver up to 1 teraflops (TFLOPs) of computing power on a single desktop computer.

The Compute Unified Device Architecture (CUDA) [278] developed by Nvidia is a gen-

eral data programming model which helps programmers to use the GPU architecture

without delving into the instruction set details for GPUs. Alternately, the recently de-

veloped openCL provides a standard for common computing model not only for GPUs

but also for other platforms like multicore and many core platforms from Intel.

The commonly used CUDA framework presents a heterogeneous programming model,

where the GPU parallel hardware is used in conjunction with the CPU. In this case,

the CPU decides the barrier of synchronization and requires no direct involvement from

the user. The current GPU applications using frameworks like CUDA are designed in

such a way that the compiler and the run-time can control about the parallelism. This

framework allows for parallelism at an unprecedented scale and when applied for scien-

tific computations, this can lead to several orders of improvement in the computational

time. One possible application of this method lies in eQTL analysis, where current

computation time for even modest datasets can take up to hours or days.

The matrix eQTL software developed is a powerful method which has been able to

decrease this computation time by several orders of magnitudes. The main performance

improvement for this software comes from the speed of matrix multiplication operation

by using the BLAS routine. In the following sections,my aim is to use the GPU architec-

ture for solving normal equations through matrix algebra. The use of normal equations

can prove to be a powerful method for calculating association between two variables
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of interest and can be further extended to machine learning problems like predictions.

Similar to matrix eQTL approach, I plan to use the BLAS library. In this work I have

used a version of a customized BLAS library for GPU known as CUBLAS provided by

Nvidia. Jcuda is a Java wrapper made for the Nvidia CUDA and CUBLAS libraries,

and I use this jcuda library [279] for obtaining the results presented in the following

sections.

Figure 5.9: Overview of GPU acceleration framework

Source: http://www.nvidia.com/

5.6 Linear systems and matrix algebra

Huge datasets can take up lots of space can take up large amount of time for processing.

Nowadays, this phenomenon has been popularly referred to as the big data problem.

The big data issue is also currently prevalent in the current genomic studies and is likely

to increase with the advent of NGS data and deep phenotyping through several omics

approaches.

However, for analysing such kind of datasets in general one of the most common problem

is to find a relationship between two variables X and Y and this can be interpreted as

fitting a line through a set of data points. One simple form of this relationship is

also known as the linear equation. This linear relationship idea can further easily be
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interpolated to prediction problems in machine learning. In machine learning, there is

usually a prior training step for determining the parameters of a model (which can be

linear) and this is used to predict unknown observations. In the following sections, I

have described some of the simple basic steps involved in finding parameters of a linear

model. The linear model can be understood and can be solved through several domains in

mathematics including vectors and 3D geometry, numerical analysis and matrix algebra.

I have mainly described the the matrix algebra aspects of the linear model. This also

happens to be the most common routine in current software implementations.

In linear algebra and statistics, one of the most important operations is matrix fac-

torization which decomposes a given matrix into its canonical form. This process of

producing the right-hand side product of canonical matrices is also called ”matrix fac-

torization”. This concept has very important applications in linear algebra, applied

statistics and also engineering. The objective of matrix-decomposition involve two main

purposes ’computational convenience’ and ’analytical simplicity’. One common current

scientific application is that it is not possible to create a pragmatic solution in an explicit

way for problems involving matrix operations such as matrix inversions, solving linear

systems, finding matrix determinants and least square fitting. Thus, one approach is

to convert the di�cult matrix computation problem into several easier steps. Some of

the common issues arising from this are solving triangular systems or diagonal systems.

One method is to convert the matrix into some kind of lower order or lower rank canon-

ical form, which then can reveal the inherent nature of the matrix. This can help in

interpreting their meaning. In the next section, I have reviewed some of the common

methods for matrix decomposition.

5.6.1 Methods for matrix decomposition

In the following section, I have described some of the basic theory behind matrix decom-

position. This background helps in understanding their algorithmic implementation.

Singular value decomposition For a matrix A ✏Rm⇥n, there exists orthogonal

matrices U = (u1, ....um)✏Rm⇥m,V = (v1, ....vn)✏R
n⇥n and a diagonal matrix

X

=

diag(�1, ...�p)✏R
m⇥n with p = min(m,n), such that A = U

X

V T , and �1 > �2... >
�p > 0
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SVD decomposition helps in revealing many intrinsic properties of a given matrix in

numerically stable manner.

LU and Cholesky decomposition The basic problem in linear algebra is often

to find the following solution x = A�1b. One of the easier method of solving this

system is through LU decomposition. LU decomposition is defined as follows. Let

there be a matrix A✏Rn⇥n and all the leading principal minors be det(A(1 : k, 1 :

k)) 6= 0, k = 1, ...n � 1, then there exists a lower triangular matrix L with diagonal

elements all equal to one and a unique upper triangular matrix U such that A = LU

and det(A) = u11u22...unn. If matrix A has additional properties the LU decomposition

will have particular forms. Cholesky decomposition is referred to as follows. If matrix

A✏Rn⇥n is symmetric positive definite, then there exists a unique lower triangular

G✏Rn⇥n with positive diagonal entries such that A = GGT . Here G is referred to as

Cholesky triangle.

Householder reflections If v✏Rn is a nonzero vector and a n-by-n matrix P can be

expanded as

P = I � 2vvT /vT v

then this expansion is called the Householder reflection or Householder matrix or House-

holder transformation. The vector v is called the Householder vector.

Gram-Schmidt orthogonalization For matrix A = (a1, ...an)✏R
m⇥n , there exits

a linear independent set of vectors obtained by subtracting from the projections of ak

onto ai(i < k). Using an adequate normalization, we can gradually orthogonalize A to

an orthonormal set Q = (q1, ...qm) as follows

q1 = a1/r11 r11 = ||a1||

q2 = (a2 � r21q1)/r22 r21 = xT2 r22 = ||a2� r21q1||2
... = ... ..

qk = (ak �
k�1
X

i=1

rikqi/rkk) rik = qTi ak, rkk = ||ak �
k�1
X

i=1

rikqi||2
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Here qk =
k
X

i=1

and A is the product of Q and upper triangular R = (rij). This process

is called the Gram-Schmidt orthogonalization process.

QR decomposition For a matrixA✏Rm⇥n, there exists an orthogonal matrixQ✏Rm⇥m

and an upper triangular matrix R✏Rm⇥n such that

A = QR

Some of the above theorems can be used to derive the proofs for QR decomposition in-

cluding Householder reflection, Givens rotations, and Gram-Schimdt orthogonalization.

I avoid going into details for these steps.

5.6.2 Least squares solution

In overdetermined systems, for the equation Ax = b with data matrix A✏Rm⇥n and

vector b✏Rm with m > n, there is no exact solution, if b is not an element of range(A).

The goal of least squares (LS) fitting problem is to find x✏Rn minimizing J = ||Ax� b||.

If A does not have full column rank then the solution to the LS fitting is not unique,

i.e if x minimizes J, then x + z, z✏null(A) is also a solution. If A has full column

rank then the unique least squares solution xLS is given by the pseudo inverse xLS =

(ATA)�1AT b. As I mentioned before, inverse of a matrix is not easy to compute and

is more conveniently solved by QR, LU and SVD decomposition.

5.6.3 Linear regression in matrix form

I this section, I review the linear equations in matrix form. Equation 5.1 is the general

linear equation commonly used

Yi = �0 + �1X1 + ✏1 (5.1)
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where

✏i ⇠
iid N(0,�2) (5.2)

Equation 5.1 can be rewritten in matrix form as follows
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(5.4)

In equation 5.3, Xnx2 is the design matrix, �nx1 is the vector of parameters, ✏nx1 is

the error term and Ynx1 is the response vector.

Parameter estimation One popular method for estimating parameters in equation

5.3 is the least squares estimate. For equation 5.3, we want to minimize the squared

residuals ✏ = Y �X� :

�✏2 = [✏1✏2...✏n]

2
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6
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...

✏n
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7

7

7

7

5

= eT e (5.5)

Minimizing ✏T ✏ = (Y �X�)T (Y �X�) requires di↵erentiating and setting the deriva-

tives equal to 0, this provides the solution

b = (XTX)�1XTY (5.6)

In equation 5.5, (XTX)�1XT is also called the hat matrix. The hat matrix helps

convert the response values to the predicted values of Y
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Ŷ = Xb

Ŷ = X(X0X)�1X0Y

Ŷ = HY (5.7)

Using multivariate theorem it can be shown that the above framework can also be

extended to multiple regression problems. Once a least squares estimate is determined,

a statistical test, e.g. F-test, can be used to calculate p-values and to determine if any of

the explanatory variables can be used to model the response variable in a significant way.

Another commonly used metric is the R2, which is used to determine the proportion of

variation in the response variable explained by the explanatory variables.

Variance-covariance matrix In general for any set of variables U1, U2, ..., Un the

variance-covariance matrix is defined as

�2{U} =

2

6

6

6

6

6

6

4

�2{U1} �{U1, U2} ... �{U1, Un}

�{U2, U1} �2{U2} ... ...

... ... ... �{Un�1, Un}

�{Un,U1} ... �{Un,Un�1} �2{Un}

3

7

7

7

7

7

7

5

(5.8)

Here �2{Ui} is the variance of Ui and �{Ui, Uj} is the covariance of Ui and Uj . This

matrix has an important role in determining the correlation structure between variables.

When variables are uncorrelated, the covariance is 0. The variance-covariance matrix

of uncorrelated variables will be a diagonal matrix since all covariances are 0. When

variables are independent they will also be automatically uncorrelated. But it should be

kept in mind that it is possible to have variables which are dependent but uncorrelated

since correlation only measures linear dependence.
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5.7 Results

Matrix multiplication is an important step for doing correlation analysis for any given

two variables and for calculating the hat matrix in the normal equations. In this section, I

have presented some of the preliminary results comparing the GPU and CPU operations.

Figure 5.11 shows a plot comparing GPU vs CPU time for matrix multiplication. It can

be seen that for matrix size of up to 600x600, the CPU time is better than GPU. The

reason for this is though the actual computation time for the GPU is faster than the

CPU by several magnitudes, there is an overhead for copying the data from CPU to

the GPU chip. Due to this overhead, for smaller matrix sizes the computation time is

better for CPU than GPU. But once the matrix size gets bigger (> 700x700), then the

GPU outperforms the CPU by up to 9 times. This speed up is comparable to the results

reported by the matrix eQTL paper. Since the time for matrix multiplication almost

scales exponentially for the CPU, as the matrix size increases, the time for GPU will

also get better. This makes an ideal solution for analysis of large-scale datasets.

Matrix inversion is an important step for various scientific computations, including

for regression and matrix decomposition analysis. In this section, I have compared

the matrix-decomposition times for CPU and GPU for various matrix sizes. Figure

5.12 shows a plot comparing CPU vs GPU time for matrix inversion. Unlike matrix

multiplication the time for CPU is consistently better than GPU in this case for matrix

size up to 4096. However, on closer examination reveals that for matrix size 500x500 the

CPU is better than GPU by 3.73 times, but for matrix size 4096x4096, the gap is only

2.64 times. From the graph we can see though CPU is performing better but the gap is

slowly decreasing. Thus it can be reasonably argued that for higher matrix sizes, GPU

speed will eventually be better than CPU, but for lower matrix sizes the computational

overhead for copying data from CPU to GPU hinders the speed up. An online research

through discussion forums confirms this and it is reported that the real speed up of GPU

for matrix inversion is only observed for matrices greater than 10Kx10K. A test-harness

and improvement of the codes and algorithms remain to be done in the future. I also

report some benchmarking results for various matrix operations done purely in Java and

implemented through a modified JAMA Java library packages. This includes various

results for linear solvers (Table 5.3), matrix decomposition (Table 5.4) and times for

matrix inversions (Table 5.5). These results can help for developing various routines

and algorithms GPU in conjunction with various other Java libraries.
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Figure 5.10: GPU configuration

Device query results for the GPU chip used to obtain the results for the following
sections
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Figure 5.11: CPU vs GPU matrix multiplication time

Figure 5.12: CPU vs GPU matrix inversion time
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Table 5.3: Comparison of LU decomposition

Matrix Size No of trials LU method Time

10 1000000 LUDecompositionAlt 1757
LUDecompositionNR 2799

100 2000 LUDecompositionAlt 1345
LUDecompositionNR 2754

1000 3 LUDecompositionAlt 1774
LUDecompositionNR 3556

Table 5.4: Comparison of QR decomposition

Decomposing size 40X10

100000 column 1271
tran 1306
pivot 1381
block 1886

Decomposing size 400X100
400 column 2076

tran 2208
pivot 2097
block 7069

Decomposing size 4000 X1000
1 column 5391

tran 5623
pivot 5385
block 6524

Table 5.5: Comparison of time for matrix inversion

Inverting size 10 for 1000000 trials Time

LU 3329
LU NR 3343
Ops 5358

Inverting size 100 for 1000 trials
LU 1425

LU NR 1436
Ops 2087

Inverting size 1000 for 3 trials
LU 4060

LU NR 3950
Ops 5068
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5.8 Future work

My main objective in the long run is to create a highly optimized linear model for

association in large-scale omics studies, such as sequencing studies. To do that, I will

need to address the main computational bottlenecks which usually narrow down to

multiplication and inversion of large matrices. Once I addressed these problems, I will

further need to create additional methods suited for application, but this is not discussed

here and left as future work.
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Conclusions and future work

In this thesis I have analysed approaches for CNV association with a wide spectrum of

phenotypes encompassing several omics domains. This analysis has led to the discovery

of several novel CNV associations with phenotypes. These findings thus confirm the

underlying importance of CNVs not only for investigating disease outcomes but also for

their regulatory role at the molecular level. I have also explored several novel statistical

approaches for improved CNV detection, correcting for batch e↵ects and variable selec-

tion for metabonomic phenotypes. Due to time and other limitations, the broad scope

of this thesis has been analytical in nature in order to prioritize best candidate CNVs

associated with phenotypes which can be taken forward for validation.

For methods like the clustering based CNV detection and the variable selection approach

applied for the metabonomic data, an empirical proof for the justification of using such

approaches and further comparison to gold standard data and other methods still need

to be done in the near future.

6.1 Discussion for CNV analysis in Epilepsy

This chapter explores the role of CNVs and its association with epilepsy susceptibility

and prognosis using several novel analytical frameworks implemented in cnvHap. Some

of these approaches included multi-platform integration for finding phenotype associa-

tions and adjusting for genotyping platform-based batch e↵ects for reducing inflation.

The multi-platform capability for finding associations has important implications. On
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testing this approach in the WTCCC CNV datasets I was successful in reproducing the

earlier reported CNV-phenotype associations. This not only confirmed that such an

approach can work but also opens up the possibility to re-analyse many of the previous

datasets. This implies we can re-analyse previously genotyped datasets for numerous

disease-phenotype outcomes to discover new associations. One such possibility may

include associating two diseases with known overlapping phenotypes, which might re-

veal common genomic variations between the two, as already undertaken for single-SNP

analyses [280]. Further, a PCA analysis of associated CNVs may also reveal some in-

teresting visualizations. In our study the application of these approaches has suggested

several novel CNVs associations with epilepsy susceptibility and treatment response.

The top CNVs associated with susceptibility represent biologically important candi-

dates like SLC31A1 and NLGN1. We postulate that in light of some of the previous

findings, that these CNVs may have important functional role for epilepsy. However,

more research is needed to untangle these overlapping causal factors and possible traits

between these two diseases. The CNV in the NLGN1 gene is another interesting can-

didate from our susceptibility analysis. While NLGN1 is a known gene for autism and

given that about 30% of autism patients have seizures, this corroborates the hypothesis

that these two diseases may share common aetiology. There have been several other

recent studies which have reported important functional mechanism of the NLGN1 and

how this gene can cause seizures in rats. Results from our drug-response analysis also

show a promising candidate CNV in the WWOX gene.

Again in this case, I found several previous reports where a deletion in the exonic re-

gion of this gene in rats was shown to cause seizures. Further the WWOX CNV has

strong validation through sequencing data. The presence of consistent CNV-breakpoints

and good separation in the clusters with greater than 50% reciprocal overlap with the

sequencing CNV-breakpoints, lends a degree of confidence that these results are real

and worthy of laboratory validation. In the future, one other important step would

be to characterize the WWOX CNV in di↵erent populations from the 1KG project.

Expression profiling of this gene in multiple tissues and multiple individuals may shed

more light into its population specific functional characteristics and e↵ects on pheno-

types. Further, a global CNV-map, specific for epilepsy patients can also be a useful

resource for the scientific community. Several studies have highlighted that for several

neuro-psychiatric diseases like autism, there is an increased global burden of CNVs in

the patients. It will be interesting to explore for epilepsy whether such a burden of
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Figure 6.1: RNA expression values for the WWOX gene

These values are from the ten di↵erent regions of the brain obtained from the UKBEC.
Some regions of brain have higher expression profiles than the other. This included
the hippocampus region which lies in the middle range of expression boxplots. These

di↵erences can reveal tissue specificity and further functional role for WWOX.

CNVs exists. In addition, approaches like a global CNV analysis through network-based

approaches can reveal the pathway dynamics of these variants. An integrated analysis

of CNVs, expression and phenotype remains a promising avenue to be explored in the

future. I further highlight that future studies like ours can open up new avenues for bet-

ter prognosis and medication for epilepsy and ultimately leading to better medication

and lifestyles for the patients.

6.1.1 Future directions

In the latter sections of chapter 3, I have explored some of these initial e↵orts for applying

clustering for CNV detection. In future, I indicate that the best way forward will be

to leverage the power of multiple clustering algorithms to derive the final partition of

high quality clusters. Some of the approaches to do this will be to use di↵erent partition

algorithms and combine them using several approaches based on like median partition
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based methods, voting-based method, co-association based methods and graph-based

methods. All these ideas are related to the concept of ensemble clustering.

 

UNCLASSIFIED 
DATA 

Partition 1 

Partition 2 

Partition 3 

FINAL 
PARTITION 

CLUSTER 
ALGORITHM 1 

CLUSTER 
ALGORITHM 2 

CLUSTER 
ALGORITHM 3 

Figure 6.2: Merging clustering algorithms

Here the same clustering approach can be run multiple times to obtain di↵erent
partitions or di↵erent clustering methods can be merged to obtain the final partition
of the data. Special methods are needed to derive the final partition from the di↵erent

results. Such an approach has the potential to show improved results.
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6.2 Discussion for CNV analysis in metabolomics

The successful association, replication and validation of CNVs in the exonic regions of

the TSPAN8 gene with high-throughput metabonomic and lipid phenotypes in Finnish

and British populations is a novel finding. These findings add new information to the

current understanding of the role of lipids in T2D. Further, the strong LD structure of

CNVs around CNVR5583.1 and the overlap of these CNVs with exonic regions suggest

a causal role of these lipid-regulating CNVs in the pathogenesis of T2D.

From my association analysis, I found that multivariate approaches using multiple

phenotypes showed stronger signals for associations when compared to univariate ap-

proaches. This confirms multiphen original finding that multivariate approaches can

prove to be more powerful than univariate approaches for association studies. Also, I

found that increasing the sample size by pooling NFBC 1966 and NFBC 1986 data to-

gether, the association signals increased 6 folds. However, I do caution that multivariate

analysis variable selection process is a crucial step since having nonrelevant predictors

in the model can dilute association results to some extent. I also conclude from my

association results that for common diseases like T2D, the genetic risk for susceptibility

can be accounted by two or more genomic structural variants like CNVs present in a

single gene, regulating multiple phenotypes simultaneously. This indicates the presence

of pleiotropy at the molecular metabolic level. These lipid findings also confirm the

already well-established link between dyslipidemia and T2D.

In accordance with the ENCODE results [264], I suggest that phenotypic characteri-

zation should also be done at the molecular level like gene expression or metabonomics.

This can help in ascertaining the role of genetic variants for complex diseases like T2D

at deeper levels. These results also indicate the necessity of phenotypic characterization

of di↵erent cohorts being done comprehensively in order to make use of the increased

power of multivariate association approaches for discovering causal variants.

I observed that results from NGS projects like the 1KG can provide rich resources

for insilico validation of genomic structural variations like CNVs and a reference for

comparing allele frequency inferred though genotyping platforms in di↵erent population

cohorts. Analysing the sequencing results, I found CNVR5583.1 to be present in all 17
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di↵erent populations from the 1KG project, but the strong lipid regulating CNV located

at chr12:69809401 was present in the form of heterozygous deletion in 11 populations

and as homozygous deletion in 2 other populations. These findings indicate that, in

addition to the association of these CNVs with T2D disease outcome and lipids, there

might be population-specific susceptibility as well. For CNVR5583.1, I found a trend

in association with lipids but replication and meta-analysis was not possible due to the

lack of consensus in the of probe locations across the di↵erent genotyping chips. Hence,

the e↵ect of CNVR5583.1 on lipids needs confirmation.

I also highlight that some important issues related to CNV segmentation results in

matured and widely used CNV calling algorithms like PennCNV and cnvHap. Although

both these algorithms detected CNVs at chr12: 69809401 and CNVR5583.1, the CNV

breakpoints from these algorithms when compared to the NGS results show that several

smaller CNVs are being merged as one long CNV segment. The main reason for this I

believe is variation or sparsity in the probe density across di↵erent genotyping platforms.

This a↵ects the breakpoint annotation for CNV calling algorithms. In this situation the

ascertainment of allele frequency in the cohorts probably becomes inaccurate, since one

or more CNVs having di↵erent allele frequencies might get merged together. I believe

that compared to other CNV calling algorithm, cnvHap probe-by-probe calling approach

(where each probe is treated independently) for reclustering intensity data, while calling

CNVs and using expected CNV genotypes for association, might circumvent this problem

to some extent. However, I believe that the best solution for this problem could be

the future possibility of imputing CNV breakpoint information from NGS platforms

onto genotyping arrays for more accurate determination of CNV segments and allele

frequency.

Results from the WTCCC results concluded that the role of common CNVs is unlikely

to contribute greatly to the susceptibility of common diseases, but I would like to point

out that the design of the genotyping arrays used by the WTCCC study has no probes

covering the region chr12: 69164368- 69819067. Thus the WTCCC study did not cover

the region from 5th - 8th exon of the TSPAN8 gene and hence missed the lipid regulating

CNVs, which I have reported here. I believe that disease susceptibility can be manifested

in a complex manner (at several levels like molecular, expression or methylation patterns)

and hence there is a need for characterizing the role of common CNVs in light of greater
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coverage through high-density genotyping platforms, NGS, and multiple phenotypes.

The variation in disease susceptibility across di↵erent populations also needs to be taken

in consideration. This can perhaps help in the better ascertainment of the role of genetics

for complex diseases like T2D.

Lastly, I echo to the current opinion that, apart from analysing omics of disease

specific cohorts, there is also a need for characterizing the normal control population in

details. Comparing omics results from the normal population can provide novel insights

into the genomics, transcriptomics or metabonomic signatures, that confer healthiness

in an individual or have protective features against diseases like T2D. In light of these

findings, I suggest my results possibly indicate some metabonomic signatures for T2D. I

further add that there is potential of integrating baseline characteristics of metabonomic

with other omics data, which in the future has the potential to accurately diagnose and

treat disease. This also holds the promise of creation of new avenues of gene therapy

and molecular diagnosis for T2D.

6.3 Discussion for CNV association with gene expres-

sion

The analysis results presented in chapter 5 are preliminary. I will need to replicate these

findings. Some possibilities for replication are several other cohorts where expression

profiling and genotyping have been done with the same samples. These include a study

from [281] which used the similar expression-array for a smaller sample size (n=84) and

for tissues from frontal cortex (only one brain region analysed). The NABEC study [282]

used a di↵erent expression array but larger sample size (n=304) and two brain regions

(cerebellum and frontal cortex) for each individual. Lastly, another study with large

sample size (n=1490) by [283] looked for eQTLs in monocytes. Monocytes are di↵erent

cell types from the brain and it will only count as a partial replication.

At present the duplication at chromosome 4 which I described earlier in this chapter,

seems to be a strong hit. I successfully validated this CNV in the 1Kg data as well.

Given that this CNV also has lots of trans-eQTLs, it remains a potential candidate

for follow up-studies. We could also potentially carry out an additional analysis to find
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regions of the genome where eQTLs are shared not just in di↵erent brain tissues but with

other tissues in the body as well. This might help us determine a new metric to measure

tissue similarity which can prove to be a useful resource in the field of transcriptomics.

At present, I am processing the data from NABEC and hope to replicate some of our

preliminary results. NABEC has data for only two tissues and hence tissue-specific

replication may not be possible. In this scenario, I might follow an alternate strategy

and use the NABEC as the primary discovery cohort and then replicate the top hits in

UKBEC.

There are several open questions in eQTL analysis which I aim to address in the future.

One possibility is a multi tissue network analysis of eQTLs for UKBEC and NABEC

datasets. This can perhaps show the enrichments of eQTLs in the CNV regions and

perhaps I can replicate some of the other reports that the presence of eQTLs in CNV

regions is non random. Further, more such an analysis in the light of multiple tissues

and pathway analysis can shed more light on the underlying RNA biology. Another

possibility to be explored is to analyse regions of homozygosity (ROH) and the nature

of expression in them.

In the end, I will like to conclude that these analyses in the light of NGS results can

further help in better understanding and characterizing the true nature of relationship

between RNA expression and genomic variations like CNVs and SNPs.
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6.4 Conclusions

This work also lays an important background work for some novel future work in the

area of CNVs applicable to the datasets analysed in this thesis. As we saw in the earlier

chapters for epilepsy and psoriasis, there is an overlap of associated genomic variants

for more than one disease. In addition, I have indicated that there was a possibility of

association of CNVs in the TSPAN8 gene with obesity. These results indicate that there

might be an inherent common aetiology for diseases like epilepsy, psoriasis and diabetes.

In this scenario, a pathway-based analysis or other multivariate approaches which can

incorporate several variants into a single model might be ideal and may shed more light

into the true mechanistic causes for the disease.

Common disease common variant hypothesis and CNVs The Wellcome Trust

study for common CNVs and common diseases concluded that common CNVs are un-

likely to play a major role in the pathogenesis of common diseases, except for T2D and

Crohn’s disease [76]. They reported two common CNVs - CNVR5583.1 and CNVR2647.1

to be strongly associated with T2D and Crohn’s disease, respectively.

Based on the results from this thesis, I concur with the Wellcome Trust CNV analysis,

that for T2D, a common CNV in the 3rd exon of the TSPAN8 gene (CNVR5583.1) is

strongly associated with the disease outcome. For CNVR5583.1, I further report its

association with lipids in two Finnish populations. In addition to this confirmation, I

have discovered and reported a new low frequency (< 5%) CNV variant to be associated

strongly with T2D and also associated this CNV with large proportion of lipid pheno-

types. These results highlights the role of common CNVs in regulating lipids levels in

humans also a↵ecting disease outcome at the same time. In chapter 3 and 4, I again

discovered and reported two examples of common CNVs, WWOX and DRD5 which

were not associated with disease outcome like in the normal GWAS setting, but were

found to be associated with other phenotypes such as epilepsy drug response and gene

expression. These results indicate that common CNVs have some influence (modest

e↵ect size) in the pathogenesis of common disease but may have greater influence at the

molecular level such as expression and drug regulation. In this scenario, their role can-

not be completely ignored and should be re-characterized in light of improved methods
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for detecting small and common CNVs and associating them high resolution molecular

phenotypes such metabolomics and gene expression.

Current focus in genomic studies is further shifting from common variants towards

rare variants, due to the limited success of common disease common variant hypothesis.

Pathway models become more attractive in this setting since pathway models can capture

multiple rare variants acting through common pathways leading to disease manifestation.

Analysis of rare variants alone without taking the pathway into consideration may not

reveal the underlying biology behind the disease, hence making therapeutic approaches

more di�cult. Pathway models for CNVs and SNPs together and their dosage e↵ects

are still limited in the current genomic studies and need to be explored in the future.

We also saw with example of Crohns disease where the true causal variant was a CNV

and it was in perfect LD with surrounding SNP. A haplotype analysis taking both the

SNPs and CNVs into a single model showed stronger association patterns. Now with

the advent of high density genotyping chips there has been development of matured

methods for calling SNPs and CNVs from these platforms. However, a joint association

framework for combined SNPs and CNVs on a haplotype level is limited. This will

require a calibrated metric for characterizing SNPs and CNVs on a genome wide level

and perhaps my proposed clustering based method can prove to be useful to this end.

Most of the GWAS analysis done in the last decade has centred on European popula-

tions. An in depth analysis to find out how these findings translate to other populations

still remains to be done. Now as sequencing and genotyping become cheaper and more

widely used around the world a multi-population disease model can emerge. Medical

diagnosis and treatment can be based not only on the personal level but also at the pop-

ulation level, where targeted medication can be developed for di↵erent ethnic groups.

At present, the cost of sequencing is decreasing faster than predicted by Moores law.

In addition, several other high throughput technologies are catching up fast in terms of

fidelity and cost, thus heralding a data surge in the omics field. This will not only al-

low better characterization of biomarkers and bio-molecules associated with diseases but

will perhaps allow building models for predicting disease susceptibility for individuals.

Integrated model for genomic variants with multiple omics like metabonomics, transcrip-

tomics and proteomics can be built using deep learning methods. These approaches can

make the concept of personalized medicine closer to reality.
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In the immediate future much work needs to be done as a follow-up to the di↵erent

analyses reported in this thesis. This includes replication of the WWOX CNV with

increased power in the Australian cohort and perhaps a sequencing based validation

approach for some of the other CNVs like NLGN1, which were found associated with

epilepsy susceptibility. In the metabonomics chapter, I focussed on the coding regions

in the first instance. Analysis in the TSPAN8 gene region was also hindered because of

the lack of common probes between NFBC 1966 and NFBC 1986.

Interestingly, some CNVs present in the intronic regions also showed strong association

signals and one of these CNVs was also found to be nominally associated with obesity. A

targeted genotyping or sequence based analysis for the TSPAN8 gene in NFBC cohorts

and other diabetes cohort has the potential to reveal novel associations of CNVs and

SNPs with lipids. The fact that SNPs in the TSPAN8 gene has also been found to

be associated with diabetes in earlier GWAS, this corroborates the possible causal role

of our reported CNVs in the pathogenesis of type 2 diabetes. The association of the

Psoriasis CNV in the LCE3B -LCE3C gene with urea is most interesting and warrants

further investigation. This association with urea adds further proof to the already known

relationship between psoriasis and Crohns disease. First, that urea levels have been

found to be high in patients with Crohns disease and ,second that urea is used as a

treatment for psoriasis. This association shows preliminary molecular basis for these

two diseases but needs stronger experimental validation.

The results from the UKBEC analysis show much promise for the chromosome 4 duplica-

tion and its association with gene expression. I have already made preliminary e↵orts in

order to further characterize this CNV and the expression profile from the 1000 genomes

project data. This CNV was successfully validated in the 1KG data and further repli-

cated in the separate North American Brain Expression Consortium dataset (NABEC).

However, replication of the CNV-eQTL still needs to be done in NABEC and the 1KG

data. Replication in several other cohorts as well as an analysis using the NABEC study

as the discovery cohort is needed. I also plan to carry out a loss of heterozygosity anal-

ysis for these datasets which can shed light on whether CNV-eQTL has been conserved

through selection. I have plans to further develop methods for CNV-eQTL analysis for

sequencing based data. To this end, I have already successfully tried out some fast ap-

proaches through the Java interface to the GPU and got some positive results. As we

saw, for performing eQTL analysis can be computationally prohibitive and often infea-

sible to carry out on a desktop computer. GPU based approaches remain a promising
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solution to tackle this problem.

Amongst the future work discussed above, I would prioritize the follow up of the

WWOX CNV most. This would include replication of this CNV in the Australian

cohort with more power to replicate the association in the SANAD cohort. My second

priority would be to replicate the DRD5 association with gene expression. Given the

uniqueness of these two analysis, when complete it would enable some possibility of

publication, indicating the positive or negative findings.

6.5 Original contributions

Following are the novel contributions made for CNV association approaches in the field

of omics data in humans:

• Novel candidate genes identified for epilepsy susceptibility and drug remission.

• First application and real GWAS demonstration of cnvHap multiplatform integra-

tion capability for the epilepsy and the WTCCC aCGH datasets.

• Parameter optimisation of cnvHap, implemented improvements in the cnvHap al-

gorithm - addition of new features added like removal of missing data, modification

in the clustering model for chromosome X results.

• Novel idea of possible application of clustering based approach for detecting CNVs

on a probe by probe basis from high-throughput genomic data.

• Application of a novel iterative PCA based approach for calculating PCs for geno-

typing intensity values at genome wide scale and further using these PCs in the

association model to reduce inflation.

• Definition of new phenotype for T2D based on metabonomic signatures.

• Development and application of a novel backward-selection based approach for

variable selection which selects a minimum set of uncorrelated predictors.

• Identification of the role of CNVs in T2D and psoriasis through metabonomics

data.
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• Identification of novel CNV-eQTL loci in the UKBEC study and their characteri-

zation through NGS data for DNA and RNA.

• Revision of current aspects related to methods for CNV-eQTL work.

• Display of preliminary work for creating association models through the GPU

framework.
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[237] Beatriz Valcárcel, Peter Würtz, Nafisa-Katrin Seich al Basatena, Taru Tukiainen,

Antti J Kangas, Pasi Soininen, Marjo-Riitta Järvelin, Mika Ala-Korpela, Timo-

thy M Ebbels, and Maria de Iorio. A di↵erential network approach to exploring

di↵erences between biological states: an application to prediabetes. PloS one, 6

(9):e24702, 2011.

[238] Paul F OReilly, Clive J Hoggart, Yotsawat Pomyen, Federico CF Calboli, Paul

Elliott, Marjo-Riitta Jarvelin, and Lachlan JM Coin. Multiphen: joint model of

multiple phenotypes can increase discovery in gwas. PLoS One, 7(5):e34861, 2012.

[239] Patrick Breheny, Prabhakar Chalise, Anthony Batzler, Liewei Wang, and Brooke L

Fridley. Genetic association studies of copy-number variation: should assignment

of copy number states precede testing? PloS one, 7(4):e34262, 2012.
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bard, Roderic Guigó, Jennifer Harrow, Paul Bertone, RGASP Consortium, et al.

Assessment of transcript reconstruction methods for rna-seq. Nature methods,

2013.

[273] Timothée Flutre, Xiaoquan Wen, Jonathan Pritchard, and Matthew Stephens. A

statistical framework for joint eqtl analysis in multiple tissues. PLoS genetics, 9

(5):e1003486, 2013.

[274] Shaun Purcell, Benjamin Neale, Kathe Todd-Brown, Lori Thomas, Manuel AR

Ferreira, David Bender, Julian Maller, Pamela Sklar, Paul IW De Bakker, Mark J

Daly, et al. Plink: a tool set for whole-genome association and population-based

linkage analyses. The American Journal of Human Genetics, 81(3):559–575, 2007.
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Appendix A

Lipid Names

Table A.1: Abbreviations of metabonomic lipids 1

Lipid Name Symbol

Cholesterol esters in medium LDL M-LDL-CE
Concentration of medium LDL particles M-LDL-P

Cholesterol in small LDL S-LDL-C
Concentration of small LDL particles S-LDL-P

Cholesterol in very large HDL XL-HDL-C
Free cholesterol in very large HDL XL-HDL-FC
Phospholipids in very large HDL XL-HDL-PL
Triglycerides in very large HDL XL-HDL-TG

Cholesterol esters in very large HDL XL-HDL-CE
Concentration of very large HDL particles XL-HDL-P

Cholesterol in large HDL L-HDL-C
Free cholesterol in large HDL L-HDL-FC
Phospholipids in large HDL L-HDL-PL

Cholesterol esters in large HDL L-HDL-CE
Concentration of large HDL particles L-HDL-P

Cholesterol in medium HDL M-HDL-C
Free cholesterol in medium HDL M-HDL-FC
Phospholipids in medium HDL M-HDL-PL

Cholesterol esters in medium HDL M-HDL-CE
Concentration of medium HDL particles M-HDL-P

Triglycerides in small HDL S-HDL-TG
Concentration of small HDL particle S-HDL-P

Apolipoprotein A-I ApoA.I.
Apolipoprotein B ApoB.

Apolipoprotein B / Apolipoprotein A-I ApoB.ApoA.I
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Table A.2: Abbreviations of metabonomic lipids 2

Lipid Name Symbol

Phospholipids in extremely large VLDL XXL-VLDL-PL
Concentration in extremely large VLDL particles XXL-VLDL-P

Phospholipids in very large VLDL XL-VLDL-PL
Triglycerides in very large VLDL XL-VLDL-TG

Concentration of very large VLDL particles XL-VLDL-P
Cholesterol in large VLDL L-VLDL-C
Free cholesterol in large L-VLDL-FC

Phospholipids in large VLDL L-VLDL-PL
Triglycerides in large VLDL L-VLDL-TG

Cholesterol esters in large VLDL L-VLDL-CE
Concentration of large VLDL particles L-VLDL-P

Cholesterol in medium VLDL M-VLDL-C
Free cholesterol in medium VLDL M-VLDL-FC
Phospholipids in medium VLDL M-VLDL-PL
Triglycerides in medium VLDL M-VLDL-TG

Cholesterol esters in medium VLDL M-VLDL-CE
Concentration of medium VLDL particles M-VLDL-P

Cholesterol in small VLDL S-VLDL-C
Free cholesterol in small VLDL S-VLDL-FC
Phospholipids in small VLDL S-VLDL-PL
Triglycerides in small VLDL S-VLDL-TG

Concentration of small VLDL particles S-VLDL-P
Phospholipids in very small VLDL XS-VLDL-PL
Triglycerides in very small VLDL XS-VLDL-TG

Concentration of very small VLDL particles XS-VLDL-P
Free cholesterol in IDL IDL-FC
Phospholipids in IDL IDL-PL

Concentration of IDL particles IDL-P
Cholesterol in large LDL L-LDL-C

Free cholesterol in large LDL L-LDL-FC
Phospholipids in large LDL L-LDL-PL

Cholesterol esters in large LDL L-LDL-CE
Concentration of large LDL particles L-LDL-P

Cholesterol in medium LDL M-LDL-C
Phospholipids in medium LDL M-LDL-PL
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Appendix B

Linear systems

Consider a m ⇤ n (m equations with n variables) system of linear equations

Ax = b (B.1)

If A is not singular and if m = n, then Eq. A.1 is referred to as fully determined system.

If m < n, then it is said an under-determined system and if m > n, then it is said to be

a over-determined system.

Solving fully determined systems

When m⇤n system of linear equations with A not singular and m = n, then there exists

a unique solution. The solution is given by

(A�1A)x = A�1b (B.2)

when re-arranged gives

x = A�1b (B.3)
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This can be solved using two simple steps

1. invert matrix A

2. premultiply the vector b by A�1

However, this process is hardly ever used in practice. Some direct methods work by

using Gaussian elimination which simply rearranges the matrix A. The main steps are

1. Transform the system of equations into triangular form

2. Solve the triangular set of equations through a series of variable substitutions

One of the main problems is that both sides Equation B.3 is modified and the system

is forced into triangular form. This would require repetitions of the entire procedure if

we want to solve Equation B.3 with a new b vector every time. The LU decomposition

solves this issue by capturing intermediate states of A as the transformation to triangular

form progresses. This makes the operations on A independent from of b and this allows

Equation B.3 to be solved for many di↵erent b vectors.

The main steps in LU factorization produces a lower triangular matrix L and upper

triangular matrix U such that

LU = A (B.4)

Substituting equation B.3 into B.4 gives

(LU)x = b (B.5)

and by associate the factors we get

L(Ux) = b (B.6)
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There are e�cient algorithms for solving triangular systems e.g. forward substitutions

for lower triangular systems and backward substitutions for upper triangular systems.

Equation B6 suggests an algorithm for solving equation B.6 which we define vector y

such that

y = Ux (B.7)

Substituting Equation B.7 into B.6 yields

Ly = b (B.8)

Since b is known and L is lower triangular, Equation B.8 can be solved for y by forward

substitution. Once we get y, equation B.8 can be solved for x by back substitution.

To summarize:

1. Compute LU decomposition of A

2. Solve equation B.8 for y by forward substitutions

3. Solve equaiton B.7 for x by back substitutions

Solving under-determined systems

A m ⇤ n system of linear equations where m > n (or m = n and A is singular) is under-

determined. Under-determined systems have q linearly independent families of solutions

where

q = n� r

and

r=rank(A)
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The value of q is referred to as the nullity of matrix A. The q linearly dependent

equations in A are the null space of A. Solving an under-determined set of equations

which usually narrows down to solving a fully determined r ⇤ r system (known as range

of A) and adding this solution to any linear combination of the other q vectors of A.

The numerical procedure which solves this problem is known as SVD which constructs

a set of orthogonal bases for the null space and range of A.

Solving over-determined systems

A system of m⇤n linear equations with m < n is overdetermined. There are more equa-

tions than there are unknowns. Solving this equation is tantamount to reducing the

system to an m ⇤m problem and then solving the reduced set of equations. A common

technique for constructing reduced set of equations is the least-squares approach. The

least-squares equations are derived by pre-multiplying B.1 by AT

(ATA)x = AT b (B.9)

Equation B.9 is also known as the normal equations of the least squares solution. The

least squares approach minimizes the di↵erences between the left and right side of the

Equation B.1.

Computational complexity of linear systems

The decomposition algorithm for solving linear equations is motivated by the compu-

tational ine�ciency of matrix inversion. In this case, the matrix in normal equation is

rarely solved by inverting as a dense matrix requires

2n3 +O(n2)

floating point operations. Whereas LU decomposition requires

2

3
n3 +

1

2
n2 +

1

6
n
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2

3
n3 +O(n2)

operations. Computing x from the factorization requires

2n2 + n

or

2n2 +O(n)

floating point operations, which is equivalent to the product A�1b. Thus solving linear

system of equations by matrix inversion requires approximately three times the number

of operations than LU. In case of sparsity of A, inversion destroys this whereas LU

preserves the sparsity. Special cases of LU exist for solving sparse matrices.
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2. Adaikalavan Ramasamy, Daniah Trabzuni, Sebastian Guel, Vibin Varghese, Colin

Smith, Robert Walker, Tisham De, Lachlan Coin, Rohan de Silva, Mark R Cook-

son, et al. Genetic variability in the regulation of gene expression in ten

regions of the human brain. Nature Neuroscience, 2014.
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regions associated with Type 2 Diabetes. Manuscript under preparation
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