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Abstract

Expression quantitative trait loci (eQTLs) are generated by the combined use of
microarray technology to measure gene expression and genetic linkage analysis to

map the expression traits to the genome.

This thesis describes co-expression and quantitative trait transcript (QTT) analysis
carried out on a dataset consisting of thousands of cis- and trans-eQTLs. These were
mapped in 29 rat Recombinant Inbred strains derived from a cross between the
Spontaneously Hypertensive Rat (SHR), a widely used model of the human metabolic
syndrome, and the normotensive Brown Norway (BN). Gene expression data from
four tissues relevant to the metabolic syndrome and cardiovascular disease were

analysed: fat, kidney, adrenal gland and left ventricle.

By systematically applying a rigorous statistical methodology to the eQTL dataset, a
consistent, distinct correlation structure was observed. Co-expression of groups of
transcripts linked to a common region of the genome, referred to as trans-eQTL
clusters, was investigated. Some of these cluster-forming groups were found to
remain significantly correlated after the effect of genotype was accounted for, and

functionally enriched.

An example of successful application of QTT analysis to the dataset is described.

This contributed to the identification of Ogn as a regulator of left ventricular mass in



rodents and subsequent implication of the homologue of Ogn in a related role in
humans. Correlation of a further 103 physiological traits with cis-eQTLs in each of
the four tissues was also carried out; analysis which potentially informs a wide range

of hypotheses concerning relevant phenotypes.

Together, the findings described here demonstrate the utility of a systematic
computational approach using correlation-based methodologies in combination with
appropriate statistical techniques to inform the genetic analysis of complex traits.
These findings indicate the importance of understanding potential confounding
factors in eQTL analysis, as well as the potential of the eQTL approach to stimulate

gene discovery.
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Chapter 1: Introduction

1.1 Complex traits

Many of the commonest and costliest diseases, particularly in the Western world, are
at least partially genetically determined, but cannot be explained by the inheritance of
a single locus (i.e. they are not monogenic). Instead, the development and progression
of such diseases as cancer, cardiovascular disease and diabetes are influenced by the
interaction between genetic, developmental and environmental factors (Churchill et

al., 2004). Therefore, these conditions are referred to as ‘complex traits’.

The discovery of genes underlying complex traits is one of the biggest challenges
facing researchers in the post-genomic era, and success in this area promises
considerable improvements in medical knowledge and correspondingly in human
health. However, the aetiologic complexity of these traits is such that progress in this

area has, up until recently, been very slow (Yagil and Yagil, 2006).

1.1.1 The Metabolic Syndrome

A relationship between complex metabolic and physiological disorders including
hypertension, dyslipidaemia, and insulin resistance was identified by Gerald Reaven
in 1988, and termed Syndrome X (Reaven, 1988), or the ‘Insulin Resistance
Syndrome’ (IRS). As described then, in its original form Syndrome X included (1)

resistance to insulin-stimulated glucose uptake; (2) glucose intolerance; (3)
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hyperinsulinemia; (4) increased very-low-density lipoprotein (VLDL) triglyceride;
(5) decreased high-density lipoprotein (HDL) cholesterol; and (6) hypertension
(McLaren, 1997). It was suggested that the presence of this syndrome in an individual
is a significant risk factor for cardiovascular disease (CVD), and by the 1990s the
name ‘metabolic syndrome’ was adopted to describe the condition (Ferrannini, 2007).
Reaven did not include central obesity as part of his original definition of Syndrome
X. Later, modified definitions such as the NCEP:ATP 11l and WHO definitions
(Lakka et al., 2002), and the American Heart Association criteria (Grundy et al.,
2004) provided new descriptions of the metabolic syndrome that included abdominal
obesity in addition to increasing the specificity of definitions of components in

Reaven’s original criteria.

Although there is substantial evidence for links between the components of the
metabolic syndrome and increased risk of CVD, there is some debate over the utility
of the designation of the described combination of risk factors as a syndrome
(Grundy, 2006; Kahn et al., 2005; Reaven, 2005). The facts that the described
symptoms cluster together within individuals, and that they are associated with CVD,
are however not in dispute — nor is the utility of rodent models which replicate
features of the human metabolic syndrome, such as the Spontaneously Hypertensive

Rat (SHR) (Aitman et al., 1997).
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1.1.2 Hypertension

Hypertension can be defined operationally as an adult individual with a blood
pressure of 140/90 mmHg or greater (Binder, 2007). As well as forming part of the
criteria for diagnosis of the metabolic syndrome, hypertension is in and of itself a
serious public health problem, with a prevalence of up to 40% in western populations
(Zhu and Cooper, 2007). It arises as a consequence of a complex interplay between
genetic and environmental factors. Estimates suggest that around 30% of the
population variance can be accounted for by genetic variation (Zhu and Cooper,
2007). However, due to the numbers of different genes and pathways involved, the
heterogeneity of the condition’s actiology, the high frequency of hypertension in the
population, and the small effect size of causative genes, the identification of genetic
variants involved in increasing risk of hypertension is not straightforward (Wellcome

Trust Case Control Consortium, 2007)

In particular, because hypertension is so prevalent and the relative importance of
genetic and environmental factors, such as diet and physical activity, is unclear and
itself variable, the study of the genetics of hypertension in humans has proven
refractory to even modern genetic strategies (Wellcome Trust Case Control
Consortium, 2007). The use of animal models in laboratory conditions —i.e. a
controlled environment — simplifies the investigation somewhat by minimising non-
genetic variation. Rodent models such as the SHR, which is an inbred strain in which,

as the name suggests, almost 100% of individuals spontaneously develop high blood
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pressure (Okamoto and Aoki, 1963), are a valuable resource for the study of the

genetics of hypertension and related disorders.

1.1.3 Insulin Resistance

The term ‘insulin resistance’ refers to the defects in insulin action that are observed in
the metabolic syndrome and other disorders, specifically defects in insulin action on
carbohydrate and fat metabolism, such as glucose uptake and suppression of lipolysis
(McLaren, 1997; Reaven, 1988). A common accompaniment of insulin resistance is
hyperinsulinaemia, which has frequently been assumed to be a compensatory
response, to maintain homeostasis of carbohydrate and fat metabolism. The aetiology
and pathology of insulin resistance are still quite poorly understood, but the syndrome
has been linked to numerous serious diseases including cardiovascular disease, type 2

diabetes and neurodegenerative disorders (Biddinger and Kahn, 2006).

The direct link between insulin resistance and type 2 diabetes, a disorder which is
becoming increasingly prevalent across the world (Stumvoll et al., 2005), is of
particular interest in the context of the metabolic syndrome since it suggests an inter-
relationship between these conditions, obesity and cardiovascular disease. Links
between insulin resistance syndromes and cardiovascular disease have been identified
in 40-60% of coronary heart disease (CHD) patients (Aitman, 2001; Nathan et al.,
1997). This means that genetic risk factors identified for insulin resistance syndromes

may hold the key to improving our understanding of the causes not just of type 2
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diabetes, but of cardiovascular diseases as well; in the context of the metabolic

syndrome.

Type 2 diabetes, also referred to as non-insulin dependent diabetes, is diagnosed by
the presence of high-levels of glucose in the bloodstream (hyperglycaemia) (Stumvoll
et al., 2005). The occurrence of hyperglycaemia is a consequence of decreased insulin

sensitivity as well as defects of B-cell function (Monnier et al., 2008).

1.1.4 Cardiac Hypertrophy

Hypertrophic enlargement of the ventricular wall through growth of individual
myocytes is the heart’s primary response to stressful physiological stimuli (Lorell and
Carabello, 2000). Such enlargement, particularly of the left ventricle, occurs
beneficially to health as a result of athletic exertion (Hill and Olson, 2008), but also
pathologically as a response to increased blood pressure (Wilkins et al., 2004). It is a
powerful predictor of cardiovascular disease, independent of other risk factors
including the metabolic syndrome (Wagner et al., 2004). In particular, compensatory
cardiac hypertrophy is part of a well-characterised path to heart failure (Liew and

Dzau, 2004), as part of a process called ‘left ventricular remodelling’.

It is hoped that gaining an improved understanding of the processes that occur during

the early stages of heart failure will lead to progress in the development of new

treatments. This incorporates the study of genetic variation that influences
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hemodynamic hypertrophy (e.g. (Cerutti et al., 2006)), and variation in left
ventricular mass (LVM) that occurs independent of hypertension (Petretto et al.,

2008)

1.2 Genetic Analysis of Complex Traits

The genes responsible for most of the more common monogenic diseases have been
identified. However, because complex traits come about as a result of an interplay
between multiple genetic and environmental factors, and each genetic locus involved
explains only a small part of that interplay (Mott, 2006), studies aiming to identify
contributory genes have often drawn a blank. The need for very large sample sizes
and stringent case-control study design, and the difficulty of controlling for lifestyle
factors, has made the discovery of complex trait genes in humans a formidable

proposition (Glazier et al., 2002; Risch and Merikangas, 1996).

The approaches used in the effort to elucidate the genetic basis of complex traits have
undergone many changes in the recent past and will continue to do so. The
foundation upon which the varied methodologies are built is, however, consistent —
the relating of region(s) of the genome with phenotypic variation. The two widely
used methods of doing so are linkage analysis, used to generate quantitative trait loci

(QTLs), and association analysis.
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1.2.1 Genetic Markers

Genetic markers are regions of the genome that are variable, or polymorphic, between
the populations under investigation. There are several types of genetic marker; the
two that are most commonly used for linkage analysis are microsatellites (also known
as simple sequence repeats (SSRs)) and single nucleotide polymorphisms (SNPs). A
variation on SNP markers is the single functional polymorphism (SFP). Microsatellite
markers are variable in length between strains or individuals, whereas SNPs and SFPs
are variable in sequence. The genetic markers used in the study described in this

thesis are microsatellite markers.

1.2.2 Quantitative Trait Loci (QTLS)

A quantitative trait is a phenotypic characteristic that varies in a quantifiable manner,
such as blood pressure, waist circumference and left ventricular mass. The mapping
of quantitative traits to the genome in the form of QTLs by linkage analysis has been
performed in humans and in model organisms for many years. QTL mapping was
carried out in the SHR and BN parental strains prior to the commencement of the
work described in this thesis (Hubner et al., 2005); these QTLs are henceforth
referred to as the physiological QTLs (pQTLs). As of 2005, almost two thousand
QTLs had been mapped to the mouse genome (Flaherty et al., 2005), 708 QTLs had
been mapped in the rat, and just over one thousand in humans (de la Cruz et al.,
2005). QTL mapping has formed the first stage of the process of identification of

numerous complex trait genetic loci (Cervino et al., 2005). Recombinant Inbred (RI)
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strains (described in detail in 1.4), in particular, have enabled large numbers of QTLs
to be localised (Flaherty et al., 2005). However, having identified a QTL interval, the
next step - the isolation of the contributory gene has proven to be much more
challenging. By 2005, only around 20 genes were identified from the thousands of

rodent QTLs that had been mapped (Flint et al., 2005).

1.2.3 Genome-wide Association Studies (GWAS)

Genetic association analysis makes use of historical recombination to compare two
groups (for instance, cases and controls) for the relative frequency of occurrence of a
genetic trait such as a SNP. Typically, a p-value is found to assess the significance of
the association of the phenotype with each SNP, although Bayesian methods that can
quantify the probability of association are also suitable for use (Stephens and

Balding, 2009).

The increased availability of sequencing has enabled the frequencies of genetic
variants to be compared across the whole genome between large samples of cases and
controls, an approach referred to as a Genome-wide Association Study (GWAS)
(Kruglyak, 2008). The advent of GWAS has increased the rate of gene identification
in higher mammalian complex traits dramatically. As of May 2008, almost 100
contributory loci for nearly 40 complex traits have been identified (Manolio et al.,
2008). This has been made possible thanks to the availability of the International

HapMap resource (Morton, 2008); large, well-characterised sets of clinical samples;
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and the ability to genotype hundreds of thousands of markers, usually single
nucleotide polymorphisms (SNPs) in samples classified according to a trait of interest

(Wellcome Trust Case Control Consortium, 2007).

Although GWAS is an important innovation and has enabled several novel complex
trait loci to be identified, the importance of the contribution to disease research made
by rodent models has not diminished. GWAS have succeeded in identifying genomic
regions — which can be large as a consequence of linkage disequilibrium (Lusis et al.,
2008) — explaining only a sm