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Abstract

The Metabolic Syndrome (MetS) is a common disorder characterized by obesity and abnormal lipid

and carbohydrate metabolism.  Although not a disease in itself, MetS leads to markedly increased

risk  of  developing  type-2  diabetes  (T2D)  and  cardiovascular  disease  (CVD).   MetS,  and  its

component traits, are influenced by a complex interplay of multiple factors including modifiable

environmental variables and inherited genetic predisposition.  These envirogenomic relationships

are yet to be completely elucidated and are likely to vary among different populations.  

The Norfolk Island (NI) community is an isolated population whereby the majority of inhabitants

are  direct  descendants  of  18th  century  European Bounty  Mutineers  and  Polynesian  (Tahitian)

women, who relocated to NI from Pitcairn Island in 1856.  Due to it's geographic separation from

mainland Australia the NI population grew in isolation from other communities, which has resulted

in a  characteristic  gene  pool  with  features  including  reduced genetic diversity  and Polynesian

admixture.  There is also a very well documented family history that has been used to establish a

large multi-generational pedigree.  Genetic isolates such as this can provide a powerful resource

for studies of genetically influenced conditions, as their pedigree structure and size can provide

improved inheritance information content and statistical power.  To date, the prevalence or risk of

MetS, CVD and T2D, have not been formally examined in the NI population, nor has there been

research specifically focusing on the genetic susceptibility of MetS in this population.  

The  aim  of  this  research  was  to  identify  genomic  factors  associated  with  MetS  and  related

disorders in the isolated population of NI.  The first chapter outlines the key concepts behind MetS

and population genetics, and introduces the NI population.  Initial research demonstrated that the

NI  cohort  exhibits  increased risk  and  genetic  heritability  of  CVD  related  traits,  such  as  blood

pressure and lipids.  It was also previously demonstrated that the NI pedigree has the statistical

power to detect genomic components of these traits through linkage analysis approaches.  By

utilising novel statistical and bioinformatic routines this thesis explored multi-layered genomic data

and associations with MetS in the NI cohort.  This involved integrating data for 500 core-pedigree

individuals genotyped for ~600000 SNPs using the Illumina Human 610-Quad BeadArray platform,

as well as gene expression data for ~23000 transcripts for 330 individuals using the Illumina Human

HT-12 BeadArray platform.  With the addition of rich clinical phenotype information, this genomic

data provided the backbone for gene mapping experimentation.
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Chapter 3 details the reconstruction and validation of the NI pedigree which was not only crucial to

the success of this study but provides a foundation for future disease mapping and association

studies utilising the NI population.  The identification of clinical endophenotypes that exhibit 'large'

genetic components, combined with the observation of increased prevalence and risk of MetS,

CVD and T2D compared with mainland Australia, verified the NI cohort as a suitable population to

detect genomic markers of complex disease.  A range of population genetic approaches, including

genome-wide and locus-specific admixture and inbreeding estimates (Chapter 4), established that

the NI cohort exhibited a unique genomic structure, which showed associations with MetS related

traits.  

Pedigree based genomewide association (GWA) routines were used to interrogate clinical  trait

associations.  Chapter 5 describes a highly significant association with serum bilirubin levels on

chromosome 2 in the UDP-glucuronosyltransferase gene family, which plays an important role in

the metabolism of bilirubin (P<1.87x10-16)).  In line with previous literature, it was observed that

individuals  with  increased  serum  bilirubin  exhibited  significantly  reduced  risk  of  metabolic

disorders.   A logistic regression model  revealed a significant interaction between T2D risk  and

bilirubin  concentration;  28%  risk  reduction  (OR:  0.72,  95%  CI:  0.57-0.91,  p-value:  0.005).   A

stepwise  multivariate  approach  identified  2  SNPs  (rs274027,  rs6725478),  as  significant  risk

modifiers. After adjustment for genotype, the model predicted a 30% reduction in T2D risk with

increasing  bilirubin  concentrations  (OR:  0.70,  95%  CI:  0.53-0.89,  p-value:  0.0001).   This

identification of a potential biomarker for T2D risk may be useful in early disease detection of T2D

and/or dietary intervention strategies.

Expression quantitative trait loci (eQTL) mark genomic areas which may influence gene expression.

As such these loci have the potential to be directly affected by environmental factors and are good

candidates  as  metabolic  risk  factors.  In  Chapter  6  genome-wide  transcript  levels  of  blood

lymphocytes  in  330  individuals  were  investigated  and  pedigree-based  heritability  analysis

identified 1712 significantly heritable transcripts (P<0.05) with heritability values ranging from 0.18

to 0.84 (median=0.32); 270 eQTLs were identified by genome-wide association of these heritable

transcripts.   These  were  tested  for  association between metabolic  endophenotypes  (ie.  blood

lipids, blood pressure and body fat indices)  revealing multiple associations (P<0.01), including 12

previously associated with CVD related traits..  Trait vs eQTL regression modelling identified four
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CVD-risk  candidates  (NAAA,  PAPSS1,  NME1,  PRDX1)  all  with  known biological  roles  in  disease

(P<0.05)  but  not  identified previously  in  the  literature  as  associated  with  CVD and  MetS.   In

addition, we identified several genes previously associated with CVD-risk traits, including MTHFR

and  FN3KRP (P<0.05).   These  loci  could  underlie  CVD  risk  in  NI,  and  several  of  these  may

potentially serve as early markers of metabolic risk within this population.

Many  heritable  metabolic  risk  traits  can  show  correlations,  suggesting  the  presence  of

pleiotropically acting genes.  GWA focused on composite metabolic traits, rather than single gene

effects,  may  reveal  such  genes,  which  would  otherwise  remain  undetected;  this  concept  was

explored in Chapter 7.  An unsupervised principal components analysis on a set of 37 metabolic

endophenotypes  identified  13  composite  phenotypes,  9  of  which  showed  significant  genetic

components (h2=0.20-0.55, P<0.05).  GWA of the most heritable, Component 3, identified a set of 3

robustly associated SNPs (rs1396315, rs2221660, rs10754303) on chromosome 1p22.2 (P<1x10 -11).

These  SNPs  were  identified  as  predictors  for  increased  CVD-risk,  and  if  replicated  in  larger

population(s) have the potential to be developed into clinical  biomarkers.  The overall  findings

provide convincing evidence for a major pleiotropic effect locus at chromosome 1p22.2 influencing

CVD risk in NI.  

The  research  completed  in  this  thesis  provides  additional  knowledge  regarding  the  underling

genetic relationships influencing development of MetS and related disorders in the NI population.

It is expected that this information will also be more broadly applicable to the understanding of

metabolic dysfunction as well as CVD and T2D risk in the general mainland Australian population.

This  research  builds  upon  previous  work  in  the  NI  cohort  and  highlights  the  importance  of

integrative genomic analyses in identifying genes that play potential roles in complex diseases.

Collectively, these integrated genomic data analyses provide compelling evidence for novel genes

of  strong biological  importance to CVD traits  and metabolic  dysfunction.   There  is  also strong

evidence that genomic markers identified from this project could form the basis of new diagnostic

tools,  which  may  allow  for  more  personalized  treatment  of  MetS  and  related  metabolic

dysfunctions, thus helping reduce the burden of diabetes and associated disorders.  The findings of

this research have the potential to directly benefit the health of the NI population in terms of

direct feedback and consultation, whilst at the same time making advances in the understanding of

the genetics of complex metabolic disorders which is of benefit to the scientific community as well

as potential at-risk patient groups.  
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Chapter 1: Introduction

1.1 Preface

This chapter provides an introductory overview of the four important components that underlie

this thesis:

Part1: The Metabolic Syndrome and General Metabolic Dysfunctions

An overview of the Metabolic Syndrome and other core elements of metabolic dysfunction.  This

section  reviews  the  clinical  definitions  and  diagnosis,  core  components  and  current  genomic

understanding for Metabolic Syndrome and related traits.

Part 2: Population Genetics: Concepts and Disease Gene Mapping

Population genetics explores the distribution of allelic frequency and gene interaction, and how

this is affected by various selective mechanisms.  This is an important concept when considering

the study of disease genetics and the power of isolated populations for disease gene mapping

approaches.  Important population genetics concepts are detailed in this introductory section.

Part 3: The Norfolk Island Genetic Isolate

This  section introduces the population isolate of  Norfolk  Island,  the study participants for  this

thesis, including the unique history that has defined the population as it is today.  Details of the

pedigree and current research to date are outlined.

Part 4: Aims and Significance of this Research

An overview of the study question, hypothesis, main aims and significance of this research.
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Part 1: The Metabolic Syndrome and General Metabolic Dysfunction

1.2 Definition

Metabolic syndrome (MetS) is a chronic disorder generally characterised by comorbid obesity and

abnormal  metabolism  of  lipids  and  carbohydrates  (eg.  hypercholesterolemia  and  insulin

resistance).   The  term MetS  is  thought  to  have  been first  documented  during  Reaven’s  1988

Banting Lecture  (Reaven,  1988),  and is  also known as syndrome X,  Reaven’s syndrome, insulin

resistance syndrome, and CHAOS (Coronary artery disease, Hypertension, Atherosclerosis, Obesity,

and Stroke).  The disorder represents a major public health problem because it markedly increases

risk of developing Type-2 diabetes (T2D), cardiovascular disease (CVD) and associated morbidity

and  mortality  e.g.  kidney  failure,  heart  attack  and stroke.   Previous  work  suggests  that  MetS

confers a 3-5 fold increased risk of T2D and a 1.7-1.9 fold increased risk in CVD  (Ford, 2005a;

Cameron, 2010).  

Due to the complex nature of MetS the exact mechanisms of the interacting pathways involved in

this disorder have yet to be fully elucidated.  The most important factors that are suggested in

development of MetS are:

• Weight

• Genetics and Epigenetics

• Endocrine disorders, such as polycystic ovary syndrome in women of reproductive age.

• Aging

• Sedentary lifestyle, i.e., low physical activity and excess caloric intake.

A number of markers of systemic inflammation, including C-reactive protein (Sakkinen et al., 2000;

Ford, Ajani & Mokdad, 2005), are often increased, as are fibrinogen, interleukin 6 (IL–6), Tumor

necrosis  factor-alpha  (TNFα),  and  others  (see  Figure  1.1 for  an  overview  of  possible  MetS

mechanisms).  Some have pointed to a variety of causes including increased uric acid levels caused

by dietary  fructose.   The four  component traits  of  MetS  are  suggested to  be;  obesity,  insulin

resistance, dyslipidemia, and hypertension.
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1.3 The central features of MetS

To understand the exact mechanisms of MetS and the complex interaction pathways of its related

traits, it is important to understand the core components that contribute to the development of

the  syndrome.   There  are  currently  four  factors  deemed  most  important  for  the  onset  and

development of MetS; central obesity, insulin resistance, dyslipidemia, and hypertension.  

1.3.1 Obesity

Central, or visceral, obesity is one of the key factors in the development and progression of MetS,

as well as numerous other complex disorders, i.e. CVD and T2D (Grundy, 2004; Shoelson, Herrero

& Naaz,  2007).   It  is  common for  there  to  be  a  development  of  visceral  fat,  after  which the

adipocytes (fat cells) of the visceral fat increase plasma levels of Tumour Necrosis Factor-alpha

(TNFα) and alter levels of a number of other substances (e.g., adiponectin, resistin,  Plasminogen

activator inhibitor-1 (PAI-1) [Figure 1.1]).  TNFα has been shown not only to cause the production

of inflammatory cytokines but possibly to trigger cell signalling by interaction with a TNFα receptor

that may lead to insulin resistance  (Bastard  et al., 2006; Nieto-Vazquez  et al., 2009; Hajri  et al.,

2011).  Until recently, adipose tissue was considered to be only a passive tissue for the storage of

excess energy in the form of fat.  It is now recognised as an important endocrine organ which

appears to produce several substances with endocrine, paracrine and autocrine activity ((Kershaw

& Flier,  2004) [see Figure 1.1 for possible roles of adipose tissue in MetS]).   There is growing

evidence that substances secreted by adipocytes are important determinants of insulin resistance,

and ultimately MetS, through hormonal effects or local effects on the adipocyte (Tso et al., 2008).
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Figure 1.1: Schematic diagram of the metabolic syndrome (MetS) with suggested mechanisms and
resultant disorders.  The role of abdominal adipose tissue as a key factor in the development of
MetS is highlighted (Harwood, 2012).

ALT, alanine aminotransferase; CRP, C-reactive protein; CVD, cardiovascular disease; HDL-C, high-
density lipoprotein cholesterol; IL-6, interleukin-6; LDL-C, low-density lipoprotein cholesterol; PAI-
1, plasminogen activation inhibitor; TNF-α, tumour necrosis factor-alpha; TRIG, triglycerides.



1.3.2 Insulin Resistance

Insulin resistance is a physiological condition where the hormone, insulin, becomes less effective at

lowering glucose (blood sugar)  levels.   Depending on dietary conditions, the increase in blood

glucose may raise levels outside the normal range and cause adverse health effects (Reaven, 1993).

Certain cell types such as fat and muscle cells require insulin to absorb glucose.  When these cells

fail to respond adequately to circulating insulin, blood glucose levels rise.  The liver helps regulate

glucose levels by reducing its secretion of glucose in the presence of insulin.  This normal reduction

in the liver’s glucose production may not occur in people with insulin resistance (Reaven, 1993).

Insulin resistance in muscle and fat cells reduces glucose uptake, whereas insulin resistance in liver

cells results in reduced glycogen synthesis and storage and a failure to suppress glucose production

and release into the blood.  Insulin resistance normally refers to reduced glucose-lowering effects

of insulin.  However, other functions of insulin can also be affected.  For example, insulin resistance

in  fat  cells  reduces  the  normal  effects  of  insulin  on  lipids  and  results  in  reduced  uptake  of

circulating  lipids  and  increased  hydrolysis  of  stored  triglycerides  (Reaven,  1993).   Increased

mobilization of stored lipids in these cells elevates free fatty acids in the blood plasma.  Elevated

blood  fatty-acid  concentrations  (associated  with  insulin  resistance  and  T2D),  reduced  muscle

glucose uptake, and increased liver glucose production all contribute to elevated blood glucose

levels  (Reaven, 1993).  High plasma levels of insulin and glucose due to insulin resistance are a

major component of the metabolic syndrome  (Grundy  et al., 2004).  If an individual has insulin

resistance, more insulin must be secreted by the pancreas to maintain normal blood glucose levels.

If  this  compensatory  increase  does  not  occur,  blood glucose concentrations  increase and T2D

occurs (Figure 1.1).
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1.3.3 Dyslipidaemia

Dyslipidemia is a term used to explain an abnormal (increased or decreased) amount of lipids in

the blood.  The most commonly profiled lipids are: elevated total cholesterol (TC); elevated low-

density lipoprotein cholesterol (LDL-C), and low high-density lipoprotein cholesterol (HDL-C).  In

many developed countries, the majority of dyslipidemias are hyperlipidemias; elevation of blood

lipids (TC and LDL), often due to diet and lifestyle (80%), although familial disorders (20%) are also

important contributors  (Durrington, 2003; Smith, 2007).  Dyslipidemia is a major risk factor for

cardiovascular disease, one of the leading causes of death worldwide (Laslett et al., 2012).  Lipid

and lipoprotein abnormalities are common in the general population, and are a modifiable risk

factor for metabolic disease due to their influence on atherosclerosis  (Thompson, 2004).   Many

patients with MetS and CVD have mixed dyslipidemia (high LDL-C and low HDL-C blood measures),

which is also commonly seen in patients with T2D, thus not surprisingly, the prolonged elevation of

insulin  levels  can  lead  to  dyslipidemia  (Smith,  2007).   A  recent  study  in  a  randomised  rural

Australian population reported a prevalence of dyslipidemia (Total Cholesterol > 5.5 mmol/L or on

lipid-lowering treatment) to be 48% (Janus et al., 2010).  

1.3.4 Hypertension

Hypertension, or high blood pressure, is a cardiac chronic medical condition in which the systemic

arterial blood pressure is elevated (Carretero & Oparil, 2000).  Hypertension is classified as either

primary  (essential)  hypertension  or  secondary  hypertension;  ~90–95%  of  cases  are  termed

"primary hypertension", which refers to high blood pressure for which no medical cause has been

found  (Carretero & Oparil, 2000).  The remaining 5–10% of cases (secondary hypertension) are

caused by other conditions that affect the kidneys, arteries, heart, or endocrine system.  Persistent

hypertension (generally defined as >140/90 mmHg) is one of the risk factors for stroke, myocardial

infarction, heart failure and arterial aneurysm, and is a leading cause of chronic kidney failure.

Moderate elevation of arterial  blood pressure leads to shortened life expectancy.  Dietary and

lifestyle changes are effective intervention methods the can greatly improve blood pressure control

and decrease the risk of disease, although drug treatment may prove necessary (and is common)

in patients for whom lifestyle changes prove ineffective or insufficient (Glandt & Raz, 2011).
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1.4 Clinical Diagnosis of MetS

The major reason for clinically defining MetS is that it aids in identifying individuals that are at high

risk of developing CVD and T2D.  Thus it was a logical extension for respective expert groups to

produce diagnostic criteria.  Although MetS had been defined in terminology since 1988, it wasn’t

until 1999 that the first clinical diagnostic guidelines were created; one set by the World Health

Organisation  (WHO, 1999), the other by the European Group for the Study of Insulin Resistance

(EGIR)  (Balkau & Charles, 1999).  During the following years several new criteria were put forth,

most  notably  from  the  US  National  Cholesterol  Education  Program  Adult  Treatment  Panel  III

(NCEP/ATP III)  (NCEP, 2001; Grundy  et al., 2004) and the International Diabetes Federation  (IDF,

2006).  The result was that there were multiple sets of guidelines for the clinical diagnosis of MetS,

all with slightly different requirements.  It can be clearly seen that all criteria consist of the core

components of the metabolic syndrome; all  include measures for central obesity, hypertension,

dyslipidaemia, and insulin resistance/hyperglycemia.  They are differentiated mainly by the specific

cut-points used, as well  as the fact  that several  of  the criteria stipulate an obligatory trait.   A

summary of five criteria and their specific guidelines and cut-points can be found in Table 1.1.  
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Table 1.1: Comparison of five MetS clinical diagnostic criteria
Minimum criteria for diagnosis Diagnostic Traits

WHO 
(WHO 1999)

Presence  of  T2D,  impaired  glucose
tolerance, impaired fasting glucose or
insulin  resistance,  AND two  of  the
following:

• Central obesity: WC > 90cm (male);
85cm (female); or BMI > 30 kg/m2
• Hypertension: BP ≥ 140/90 mmHg
• Dyslipidemia:   TG  ≥  1.695mmol/L
and/or  HDL-C  ≤  0.9mmol/L  (male),  ≤  1.0
mmol/L (female)
• Microalbuminuria: urinary albumin
excretion ration ≥ 20µg/min or  albumin to
creatinine ratio ≥ 30mg/g

EGIR
(Balkau   et al.,   1999)

Requires insulin resistance defined as
the  top  25%  of  the  fasting  insulin
values among non-diabetic individuals
AND two or more of the following:

• Central obesity:  WC ≥94cm (male);
≥80cm (female)
• Hypertension: BP  ≥140/90  mmHg
or antihypertensive medication
• Dyslipidemia: TG  ≥2.0mmol/L
and/or  HDL-C  <1.0mmol/L  or  treated  for
dyslipidemia
• Fasting  plasma  glucose ≥
6.1mmol/L

NCEP/ATP III
(NCEP 2001; Grundy
et al.,   2004)

Any three or more of the following: • Central  obesity: WC  ≥102cm
(male); ≥88cm (female)
• Hypertension: BP ≥130/85mmHg or
use of hypertension medication
• Dyslipidemia:   HDL-C  <1.0mmol/L
(male); <1.3mmol/L (female)
• Elevated TG: ≥1.7mmol/L
• Elevated  fasting  glucose:
≥5.6mmol/L  or  use  of  medication  for
hyperglycemia

IDF
(IDF 2006)

Central  obesity(defined  as  WC  with
specific cut-offs, OR BMI > 30 kg/m2),
AND any two of the following:

• Hypertension: SBP  >130mmHg  or
DBP  >85mm/Hg,  or  previously  diagnosed
hypertension
• Dyslipidemia:  HDL-C  <1.03mmol/L
(male); <1.29mmol/L (female)
• Elevated TG: <1.7mmol/L
• Fasting  plasma  glucose:
>5.6mmol/L or previously diagnosed T2D

“Unified”
(Alberti   et al.,   2009;
Eckel   et al.,   2010)

Any three or more of the following: • Central obesity: Population-specific
and country-specific WC definitions
• Hypertension: BP ≥130/85mmHg or
use of hypertension medication
• Dyslipidemia:  HDL-C  <1.0mmol/L
(male);  <1.3mmol/L  (female)  or  drug
treatment for reduced HDL-C
• Elevated  TG: >1.7mmol/L  or  drug
treatment for raised TG levels
• Fasting glucose: ≥5.6mmol/L or use
of medication for hyperglycemia
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1.4.1.1 World Health Organisation Criteria (WHO 1999)

The  World  Health  Organisation  (WHO)  was  the  first  foundation  to  develop  clinical  diagnostic

criteria for MetS.  The WHO definition requires the presence of T2D, impaired glucose tolerance,

impaired fasting glucose or insulin resistance alongside any two of the other traits for diagnosis of

MetS (Table 1.1).

1.4.1.2 EGIR Criteria (Balkau et al., 1999)

The EGIR defined their own clinical definition of MetS shortly after the publications of the WHO

criteria,  as  it  was  their  belief  that  insulin  resistance  was  the  core  defining  factor  in  the

development of MetS.  Therefore the core requirement for the EGIR was insulin resistance defined

as the top 25% of the fasting insulin values among non-diabetic individuals, along with any other

two traits.  This criteria also excluded individuals with diagnosed T2D.

1.4.1.3 Updated NCEP/ATPIII Criteria (NCEP 2001; Grundy et al., 2004)

In 2001 the NCEP/ATPIII published its own set of guidelines for the clinical diagnosis of MetS.  This

was  the  first  MetS  definition  to  not  have  a  defined  obligate  trait,  taking  a  less  glucocentric

approach compared with the WHO and EGIR.  The NCEP/ATPIII definition requires the presence of

any  three  or  more  of  the  five  defining  traits:  central  obesity,  raised  blood  pressure,  raised

triglycerides, low HDL-C, and fasting hyperglycaemia.  The definition was updated in 2004 by the

American Heart Association and National Heart, Lung and Blood Institute (AHA/NHLBI) with slight

adjustments to several of the cut-off points (Grundy et al., 2004).

1.4.1.4 International Diabetes Federation Criteria (Alberti et al., 2005; IDF 2006)

The IDF criteria was created in an attempt to update the previous clinical MetS diagnostic tools.

This set of traits selected for the IDF definition was very similar to previous criteria, with small

adjustments applied to specific cut-points (i.e. the cut-points selected for HDL-C, TRIG, GLU and

hypertension were set to those defined by the updated NCEP/ATPIII).  The biggest change came in

the form of a measure for central obesity being recognised as the most important factor in the

development of MetS.  As such the IDF definition requires that central obesity be met before MetS
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can be diagnosed.  The measure used for central obesity in this case was waist circumference (WC),

which was also present in several of the other foundations criteria.  It was identified by the IDF

that previous MetS clinical definitions had questionable applicability to different ethnic groups,

particularly obesity measures (WHO 2004).  This issue was addressed by IDF including population

and ethnic specific cut points for WC, using measures available from research at the time, with the

objective of updating in light of future studies (Table 1.2).  The IDF definition requires increased

WC and any two or more of the other traits.  Alongside the NCEP/ATPIII, the IDF definition of MetS

has become the most commonly used by clinicians in the last 5 years.

Table  1.2: Current  Recommended  Waist  Circumference  Thresholds  for  Abdominal  Obesity  by

Organisation

Recommended Waist Circumference Threshold for
Abdominal Obesity

Population Organisation (Reference) Men Women
European-heritage IDF (Grundy et al., 2005) ≥94cm ≥80cm
Caucasian WHO (WHO, 1999) ≥94cm (increased risk) ≥80cm (increased risk)

≥102cm (still higher risk) ≥88cm (still higher risk)

United States AHA/NHLBI (ATP III)*
(NIH, 1998) ≥102cm ≥88cm

Canada Health Canada (Khan et al., 2006) ≥102cm ≥88cm

European European Cardiovascular Societies
(Graham et al., 2007) ≥102cm ≥88cm

Asian (including Japanese) IDF (Grundy et al., 2005) ≥90cm ≥80cm
Asian WHO (Hara et al., 2006) ≥90cm ≥80cm

Japanese Japanese Obesity Society
(Oka et al., 2008)

≥85cm ≥90cm

China
Cooperative Task Force
(Matsuzawa et al., 2002) ≥85cm ≥80cm

Middle East, Mediterranean IDF (Grundy et al., 2005) ≥94cm ≥80cm
Sub-Saharan Africa IDF (Grundy et al., 2005) ≥94cm ≥80cm
Ethnic Central and South American IDF (Grundy et al., 2005) ≥90cm ≥80cm
NZ Maori (Rush, Crook & Simmons, 2009b) ≥103cm ≥98cm

*Recent AHA/NHBI guidelines for metabolic syndrome recognise an increased risk for CVD and diabetes at waist-
circumference  thresholds  of  ≥94cm  in  men  and  ≥80cm  in  women  and  identify  these  as  optional  cut  points  for
individuals or populations with increased insulin resistance.
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1.4.1.5 Unified Criteria (Alberti et al., 2009; Eckel et al., 2010)

As noted above and in Table 1.1, the available diagnostic criteria are slightly different; for example

the WHO, EGIR and IDF definitions all state that a critical trait, such as central obesity or insulin

resistance,  be  met  before  an  individual  can  be  classified  as  having  MetS.   In  contrast  the

NCEP/ATPIII criteria requires a combination of 3 or more of 5 traits to result in a clinical diagnosis

of MetS.  Having this variety in criteria has resulted in much confusion and disparity over the last

decade as, worldwide, clinicians have been left to determine which tool to use.  This disparity in

clinical  criteria means that individuals  diagnosed under one criterion,  may not be classified as

having MetS when tested with another of the alternatives.   Previous studies have investigated

MetS  prevalence  in  groups  using  multiple  criteria,  and  have  reported  that  depending  on  the

guidelines used the resulting prevalence can vary significantly (Koehler et al., 2007; Chateau-Degat

et  al.,  2008;  Gemalmaz  et  al.,  2008;  Wasir  et  al.,  2008;  Ervin,  2009;  Hydrie  et  al.,  2009;

Koutsovasilis et al., 2009; Athyros et al., 2010; Ford, Li & Zhao, 2010; Ravikiran et al., 2010).  This

has resulted in a distinct lack of continuity of MetS diagnosis as results from studies using different

criteria cannot be compared.  

In light of this, there has been much discussion calling for a unification of criteria, with the ultimate

goal being a set of guidelines that are universally accepted and employed for clinically diagnosing

MetS.  This goal was finally realised when several of the larger organisations came together to

reconcile the differences between two of the most widely used criteria, the IDF and NCEP/ATP III

(Alberti et al., 2009).  The major difference between these two criteria was the fact that the IDF

utilised central obesity (WC) as an obligatory trait, whereas this was optional in the NCEP/ATP III.  It

was  decided  that  the  final  tool  would  maintain  the  structure  of  the  NCEP/ATP  III  guidelines;

meeting any  three or  more results  in a  MetS diagnosis.  However  a  change was introduced in

regards to the WC measure, with the IDF guide forming the basis using population and ethnic

specific cut-points (Table 1.2).  This was considered an important step as many studies illustrate

that it is not a one-size-fits-all situation when considering WC and disease association; for example

South-East Asian populations require lower WC cut points for disease association than Europeans

(Oka et al., 2008; Sato et al., 2008). 
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1.5 MetS – the controversy, is there a need for MetS classification?

There  has  been  much  controversy  about  the  definition  and  utility  of  MetS  as  a  recognised

syndrome (Kahn et al., 2005; Kahn, 2008).  Many of the arguments have stemmed from the fact

that there have been numerous clinical definitions, and a lack of control over which was being

used by clinicians and researcher alike.  As detailed in the previous section this is now a moot point

in light of the newly developed harmonised criteria.  However other aspects of MetS as a construct

are still hotly debated, with the two most prominent arguments being:

1. whether MetS is no more than a sum of its parts.

and:

2. whether having MetS as a clinical diagnostic is no better, or even worse, at predicting risk of

T2D or CVD compared to a disease-specific risk assessment tool.

Several other pros and cons for having a clinical diagnosis for MetS are summarised in Table 1.3:

(Cameron, 2010).  While a clinical diagnosis of MetS might not yield the same accuracy of T2D and

CVD risk prediction as specific tools, there is great benefit in having a classification that can catch

warning signs before actual onset of these disorders.  For example, T2D can remain undetected for

years  and  diagnosis  is  often  made  from  associated  complications  or  incidentally  through  an

abnormal blood or urine glucose test.  This fact greatly supports the need for MetS classification, in

order to give clinicians the ability to identify at risk individuals, and also educate patients about

potential risks and ways to avoid onset (i.e. early lifestyle interventions).

Ultimately MetS identifies a subgroup of patients with shared pathophysiology who are at high risk

of developing T2D and CVD.  With further consideration of the central features of MetS and their

complex  relationships,  better  understanding  of  the  underlying  pathophysiology  and  disease

pathogenesis may be achieved.  A comprehensive definition for the metabolic syndrome and its

key  features  would  facilitate  research  into  its  causes  and  hopefully  lead  to  new insights  into

pharmacologic and lifestyle treatment approaches, as well as providing a beneficial tool for early

prediction of T2D and CVD.
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Table 1.3: Suggested positives and negatives of MetS classification

Pros Cons

• Diagnosis  of  MetS  does  not  require  age,  so  can

identify young people  as  being at  high  risk,  unlike

most risk equations (i.e. The Framingham equation is

not directly applicable for those below 35yrs)

• MetS is a dichotomous trait, so allows measurement

of changes in the proportion of a population at high

risk over time

• The  concept  of  MetS  is  useful  for  explaining  to

patients why the component conditions are all linked

• A clinical  diagnosis  of  MetS is  simpler  to  calculate

than a complex risk equation

• MetS is related to a 3-5-fold greater risk of diabetes,

and a 1.7-1.9-fold greater risk of CVD

• Unlike  specific  risk  predication  equations,  MetS

diagnosis  may  be  particularly  useful  for  long-term

risk prediction

• Several major risk factors for both diabetes and CVD

are not included in clinical MetS definitions (i.e. age,

smoking, diet, physical activity, alcohol consumption)

• The  different  combinations  of  abnormalities  confer

different levels of risk

• Measurement of glucose alone may be just as good

for diabetes risk prediction

• The metabolic syndrome may not be a risk factor that

is independent of its component parts

• Cut-points for obesity in different ethnic groups not

based on sound evidence

Note: table has been adapted from Cameron (2010)
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1.6 Prevalence

Having so many different clinical criteria available makes it difficult to compare MetS prevalence

statistics between studies, however this should begin to change as researchers and clinicians start

to adopt the harmonised definition.  Until recently, the IDF and updated NCEP/ATPIII have been

accepted as the most relevant MetS diagnostic criteria – both also allow for ethnicity adjustment

by implementing waist circumference cut-offs.  Under the IDF diagnostic criteria the prevalence of

MetS in Australia has been identified as ~30% (Cameron et al., 2007), while in the USA ~39% of the

population are suggested to be affected (Ford, 2005b).  For a Chinese population MetS prevalence

was estimated at 30.5% using the NCEP/ATPIII definition  (Zuo  et al., 2009), while in a Japanese

population prevalence has been calculated at 16.4% for men and 9.4% for women using the IDF

with refined waist circumference  (Oka  et al.,  2008).  Using a modified IDF criteria Asian Indian

MetS  prevalence  has  been  estimated  at  49.2%.   A  recent  review  discusses  a  more  global

population prevalence (Potenza & Mechanick, 2009).

It is clear that there is a discrepancy between classification methods and also ethnicities.  At this

stage  there  is  a  paucity  of  prevalence  data  according  to  new harmonised  criteria.   However,

prevalence  statistics  employing  and  comparing  the  new  criteria  are  starting  to  be  published

(Athyros et al., 2010; Ford et al., 2010).  Using this harmonised criteria Ford et al., have estimated

that  the  prevalence  of  MetS  in  American  adults  is  34.3%.   When  adjusted  for  ethnic  waist

circumference it was found that African American males had a lower MetS prevalence compared to

white  and  Mexican  males,  while  white  females  had  a  lower  prevalence  compared  to  African

American and Mexican females (Ford et al., 2010).  Much more research has to be undertaken into

MetS  and the  harmonised  model  to  start  to  build  a  reliable  prevalence  profile  for  numerous

populations.

Currently there is very limited MetS prevalence data available for Polynesian populations.  One

study which discusses appropriate waist cut-offs for Maori and Polynesian ethnic groups estimated

that MetS prevalence in NZ Maori using the IDF definition was 27.8% (Rush et al., 2009b).  Data

available for the prevalence of key MetS traits within Maori and Polynesian populations (Abbott,

Scragg & Marbrook, 2001) indicates that they are more at risk of developing MetS than European

populations, a generally supported finding  (Lee  et al.,  2008).  It  is reported that prevalence of
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metabolic  traits  (obesity,  T2D,  CVD,  hypertension,  etc.)  is  greatly  increased  in  Polynesian

populations compared to Europeans, with obesity as much as 10 times higher (Abbott et al., 2001).

It is expected that this is due to differences in the genetic background of Polynesians as well as

exposure to Western lifestyle.  Noting this, it is highly likely that there is an underlying genetic

component for MetS in Polynesian populations.

1.7 Genetic Components of MetS

An individual’s risk of developing MetS is thought to be influenced by the complex interplay among

multiple factors including modifiable variables (eg. biochemical, clinical and environmental) and

inherited  genetic  predisposition.   “Envirogenomics”  is  the  study  of  why  individuals  respond

differently to environmental exposures based on their genetic makeup, and how this influences

their  susceptibility  to disease.   For  many common conditions,  a  patient’s  health  outcome (eg.

disease  onset,  response  to  treatment)  is  influenced  by  a  combination  of  both  genetic  and

environmental factors.  These envirogenomic relationships are yet to be completely elucidated for

the  majority  of  complex  disorders,  including  MetS,  and  are  likely  to  vary  among  different

population subgroups.  Thus, identifying the genetic factors associated with MetS will be important

for achieving the goals of; a) better understanding the underlying pathology of the disorder and b)

developing personalised profiles that are clinically useful  for  predicting response to treatment.

Such outcomes should help reduce the incidence of MetS and in so doing reduce the growing

burden associated with T2D, CVD and associated morbidities and mortalities.

1.7.1 Factor analysis

There are numerous studies that attempt to describe the underlying components of MetS by using

exploratory statistical  methods  (Arya  et al.,  2002; Hanson  et al.,  2002; Ford, 2003; Shen  et al.,

2003; McCaffery et al., 2006; Pladevall et al., 2006; Huang et al., 2008; Zuo et al., 2009; Pang et al.,

2010).  The statistical methods that these studies employ are principle components analysis (PCA)

and factor analysis.  Briefly, the purpose of these two methods is two-fold; 1) data reduction and 2)

detection of structure in the relationship between variables.  Both PCA and factor analysis reduce a

complex data set by representing the number of total variables by a smaller number of underlying

variables, known as factors or components.  This then allows the exploration of previously hidden
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relationships or underlying structure among the variables.  So in essence these data reduction

techniques are taking the individual variables/traits which underlie MetS and are attempting to

explore ‘hidden’ relationships within the data.

Most  of  these  studies  extracted  between 2-4  principle  components  or  factors,  suggesting the

presence of an underlying mechanism for MetS.  Common factors between studies seem to be a

component for  body size (consisting of  variables such as BMI,  weight,  WHR, body fat),  a lipid

component  (cholesterol,  LDL-C,  HDL-C),  and  in  most  cases  a  separate  component  for  blood

pressure  (SBP and DBP).   Several  studies  have also examined the heritability  of  these derived

components  in  an  attempt  to  discover  genetic  associations  with  MetS  factors.   Kraja et  al.,

investigated heritability of 4 composite factors in differing ethnic groups (Kraja et al., 2005).  Of the

4 factors the researchers discovered that two in particular  exhibited high heritability across all

tested populations; the component loaded with obesity related variables (H2 0.47-0.66), and the

component loaded with lipid variables (H2 0.35-0.54).

1.7.2 Individual components of MetS

It is continually debated as to whether there is a genetic basis to MetS.  One way of examining this

is  by looking at  the heritability of  the baseline components that  are thought  to influence the

development of MetS.  The heritability coefficient estimates the amount of phenotypic variance

that  is  compatible  with  genetic  inheritance  across  generations,  and  is  a  population-specific

measure.  In Table 1.4 a summary of commonly reported MetS related trait heritability values are

displayed from a review by Teran-Garcia & Bouchard (2007).   It is also highlighted in this review

that  it  is  important  to  note  that  ethnicity  can  impact  on  heritability  scores  (Teran-Garcia  &

Bouchard,  2007).   Differences  in  body  size,  body  composition  and  fat  distribution  have  been

reported between Europeans,  NZ Maori,  Polynesians  and Asian Indian groups  (Rush,  Freitas &

Plank, 2009a).  It is suggested that the differences result from ethnic-specific relationships between

body fatness and BMI, no doubt resulting from a mixture of varying genomic backgrounds and

environmental conditions.  Any genomic difference that is attributed to phenotypic change would

be  reflected  in  differing  heritability  estimates  between population groups.   For  a  comparison,

estimated trait heritabilities for the NI population are shown in Chapter 3 (Table 3.3).
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Table  1.4:  A summary of  reported heritability  estimates  for  individual  MetS components  and

comparison with those in NI population.

Phenotype Estimated heritability (%)

Body composition
   BMI 25-60
   Body fat 25-40
   Abdominal obesity 40-55
   Weight NA

Insulin/glucose
   Fasting glucose 10-75
   Fasting insulin 20-55
   Insulin resistance or T2D 46-90

Lipids
   Triglycerides 25-60
   LDL-cholesterol 25-60
   HDL-cholesterol 30-80
   Total cholesterol 50-60

Blood pressure
   Systolic BP 20-70
   Diastolic BP 10-50
   Hypertension 50
   Hemostasis-related traits 20-60
   Microalbuminuria 30

Note: table adapted from Teran-Garcia and Bouchard (2007).  NA, data is unavailable.
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1.7.3 MetS linkage studies

Genetic linkage is the tendency of certain loci or alleles to be inherited together. Genetic loci that

are physically close to one another on the same chromosome tend to stay together during meiosis,

and are thus genetically linked.  Linkage studies use DNA markers to identify a chromosome or

chromosomal  regions  that  may be associated with disease.   Using genetic linkage provides an

indication of  the genetic location of  disease related traits  and phenotypes.   There  have  been

numerous  linkage  studies  conducted  to  explore  the  genetics  of  MetS  over  the  last  15  years.

(Kissebah  et  al., 2000;  Arya  et  al.,  2002;  Loos  et  al., 2003;  McQueen  et  al., 2003;  Olswold &

Andrade 2003; Tang et al., 2003; Cai et al., 2004; Langefeld et al., 2004; Ng et al., 2004; Edwards et

al., 2005; Kraja et al., 2005b; Lehman et al., 2005; Ng et al., 2005; Bowden et al., 2006; Hoffmann

et al., 2007; Edwards et al., 2008; Kraja et al., 2008; Hoffmann et al., 2009; Tam et al., 2010).  A

thorough review of MetS genome-wide linkage studies can be found in Teran-Garcia and Bouchard

(2007), several studies of note are described below.

• Suggestive MetS linkage on 1q21-q25 (LOD=4.50) in the Hong Kong Family Diabetes Study

has been identified using the NCEP/ATPIII definition (Ng et al., 2004).

• Linkage analysis of MetS derived principle components was carried out in the HERITAGE

Family  Study  (Loos  et  al.,  2003).   Suggestive  linkages  with  LOD  score  above  2  were

identified on 10p11.2 and 19q13.4 in European-centric and 1p34.1 in African-centric.

• Ethnic variation in genetic linkage has been identified in a scan of the GENOA, HyperGEN,

and SAPPHIRe studies (Kraja et al., 2005).  Again principle components were derived from

MetS traits and linkage resulted in LOD score greater that 2 for: 13q31.3-32.2, 20p12.2 and

20p12.1 in African-centric, 11q13.3 and 21q21 in European-centric,  and 3q22.1, 5q35.2,

6p23, and 8p23.3 in Asians.  A distinct lack of linkage was noted in the Hispanic population

scanned (Kraja et al., 2005).

• A bivariate linkage analysis was conducted in a large set of Mexican-American pedigrees

which  resulted  in  the  biggest  LOD  score  (4.51)  being  identified  at  7q11.23  and  was

associated with a component trait of HDL-C and insulin factors (Lehman et al., 2005).
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1.7.4 Current GWAS information for MetS related traits

A genome-wide association study (GWAS) involves rapidly scanning genetic markers (commonly

SNPs)  across the genomes of  many individuals  to identify genetic variations associated with a

disease/trait of interest.  In recent years numerous GWAS of obesity and T2D related traits,  in

mostly outbred Caucasian populations, have been performed and results catalogued in the GWAS

database: www.genome.gov/gwastudies (Hindorff et al., 2009).  A search of this database in 2010

for traits associated with obesity (eg. BMI, waist circumference, adiposity) and T2D (eg. diagnosed

T2D,  fasting  glucose  levels)  identified  n=124  SNPs,  representing  n=72  genes,  that  have  been

robustly  associated  with  these  traits  (ie.  P<1×10-5 and  replication  in  independent  cohort).

Importantly, significant overlap in the SNPs and genes for obesity and T2D traits (not included in

the 124 count) was observed implying at least some commonality in genetic susceptibility to MetS.

Revisiting the search for MetS in the GWAS database in 2013 reveals only 3 recently published

articles, indicating that either; a) there is still little work being done in terms of genetic association

studies and MetS, or b) that the complexity and 'obscure' diagnosis of MetS (along with population

variances etc.) make it a difficult 'beast' to study.  This appears to be the case as the listed GWAS

studies have applied approaches in such a way as to maximise success in being able to detect or

potentially account for some of the underlying trait covariances or genetic pleiotropic effects that

exist within MetS patients.  Work in a large Finnish cohort replicated previous association at the

APOA1 gene cluster with lipid traits which are strongly correlated with MetS  (Kristiansson et al.,

2012),  however  they were unable  to find any loci  directly associated with MetS.   Following a

similar statistical approach as outlined in their previous MetS linkage work, Kraja  et al., explored

the use of a bivariate approach to detect underlying pleotropic effects.  Again only a small amount

of  the  overall  covariance  in  the  examined MetS-related  traits  could be explained by  common

genetic variants (Kraja et al., 2011).  A MetS GWAS in Indian Asian men identified both novel and

previously associated variants with a variety of traits, which showed a high affinity with MetS yet

there was no evidence for underlying common genetic effects (Zabaneh & Balding, 2010).

1.7.5 Identified MetS risk loci

Moving from the genetic mapping of possible MetS loci there has been significant progress in the

last  few years in pinpointing the location of  specific risk  genes.   Many studies have identified
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common SNPs which appear to be associated within increased susceptibility to MetS.  A recent

study  has  implicated  AKT1 [also  called  protein  kinase  B  (PKB)]  polymorphisms  in  four  study

populations  (Devaney  et al., 2011).  The SNP discovery program identified genotype/phenotype

associations with fasting glucose and insulin levels as well as predisposition for the development of

MetS in the study populations.  Interestingly, there were no common polymorphisms within AKT1

itself,  yet  several  were  identified  in  intron  regions  and  upstream  of  the  gene.   The  most

polymorphic region was a 12kb section upstream of AKT1, in which two common haplotypes were

discovered.  These haplotypes (H1 and H2) are defined by three SNPs found to be in tight linkage

equilibrium  (rs1130214,  rs10141867,  rs33925946).   The  study  showed  that  the  H1  haplotype

associated with elevated risk of MetS in both males and females  (Devaney  et al.,  2011).   This

appears to be one of the strongest candidates (at this stage) for susceptibility vairaint(s) for MetS

and/or insulin resistance.  Research into the functional importance of these SNP haplotypes has

been conducted and reported (Harmon et al., 2010).

Acetyl-CoA carboxylase beta (ACC2) plays a key role in fatty acid synthesis and oxidation pathways.

Several SNPs within ACC2 gene have been identified as being associated with an increased risk of

MetS (Phillips et al., 2010).  One of the polymorphisms found to influence MetS risk, rs4766587,

was also discovered to be modulated by dietary fat. 

Other genes/loci that have been associated include:

• Variations  within  the  Human  Urea  Transporter-2  (HUT2)  region  are  suggested  to  be

associated with MetS in Asian populations (Tsai et al., 2010). 

• Aldosterone can effect both blood pressure and glucose metabolism, MetS and associated

traits identified associations with SNPs which reside inside the aldosterone synthase gene,

CYP11B2 (Bellili et al., 2010).

• Extensive research has also gone into exploring the role of adiponectin genetics, and its

involvement  in  MetS  (Yang  &  Chuang,  2006;  Yang  et  al.,  2007;  Ferguson  et  al.,  2010;

Henneman et al., 2010; Kihara, 2010; Hajri et al., 2011).
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1.7.6 Copy Number Variants and MetS

Molecular research has come far in determining the contribution of genetics to MetS and other

complex  disorders,  but  only  a  certain  portion  of  the  heritability  has  been  attributed  to  SNPs

(alleles).  Recently, multiple studies have identified numerous regions of the genome that have

undergone structural rearrangements such as insertion, deletion, duplication and translocation.

Distributed throughout the genome these alterations result  in abnormal  numbers of  copies of

specific DNA sections, and have been collectively termed copy number variants (CNVs) or in some

cases  copy number polymorphisms (CNPs).   The size  of  CNVs can range from one kilobase to

several megabases, and this variation accounts for ~12% of human genomic DNA  (Redon  et al.,

2006).  It is expected that CNVs are likely to be responsible for a certain amount of the unexplained

genetic variance noticed in many complex disorders.  

Several  studies have reported on a possible role of CNVs in MetS development.  Lanktree and

Hegele reported that many CNVs overlap genes important in various metabolic pathways (Lanktree

& Hegele, 2008).  They identified several CNVs which overlapped previous genes associated with

MetS as well as other potential candidate functional genes.  Another study identified several CNV

areas of  interest,  and have developed methods for  utilising CNV analysis  for  studying complex

disorders  (Kristiansson  et al., 2010).  They noted CNV loci in association with MetS and related

traits, with 5p12-q11.2 showing significant suggestive association with MetS in the study group.

The same study identified groups of  individuals  with several  large CNVs in  ANKRD23 (2q11.2),

which has been previously implicated in energy metabolism and insulin resistance.  These findings,

along with the ever increasing amount of GWAS data being generated, will further aid the goals of

elucidating the genetics of complex disorders such as MetS.

21



1.8 Hypothetical Genetic Model of MetS

During the course of this thesis a hypothetical model of MetS genetic predisposition has been

formulated (Figure 1.2).  This model suggests that it is possible that a common gene(s) (or genetic

region) underpins development of MetS, i.e. via pleiotropy.  Pleiotropy describes the genetic effect

of a single gene on multiple phenotypic traits. The underlying mechanism involves the gene coding

for a product that is, for example, used by various cells, or has a signalling function on various

targets.  While there are many examples of genetic components to MetS related traits (such as BP,

BMI, HDL-C), more studies are beginning to identify specific MetS related loci.  This reiterates the

idea that genomic MetS profiles exist and are potentially heritable and can possibly predispose

individuals to complex disorders.   Being able to identify the presence of both pleiotropic effects

and genomic profiles in MetS should allow for accurate risk prediction and thus the development

of treatment and intervention strategies.  
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Figure 1.2: Hypothetical Model of MetS Genetics.  This model has two main elements: Pleiotropy
which explains common genes underlying MetS, and the Genomic Profile, or risk prediction, which
is a set of markers which together explain an increased risk of MetS.



1.9 Treatment and management of MetS

The primary goal in the clinical management and treatment of MetS is to greatly reduce the risk for

T2D and CVD in diagnosed individuals.  The easiest and most effective method of MetS prevention

and treatment is achieved via modifying lifestyle activities.  Recommended lifestyle modifications

include weight loss,  reducing fat  intake, regular exercise (reduced sedentary activities),  quitting

smoking, and lowering alcohol consumption.  It is well established that losing just 10% of excess

body weight lowers blood pressure and improves insulin resistance.  Regular physical activity, such

as brisk walking for 30mins a day, is likely to prevent most instances of MetS as well as greatly

reducing risk of T2D (Lakka & Laaksonen, 2007).  Even after MetS has developed, modest weight

loss (about 5 kg) can reverse some, or all, of its components, thereby reducing its prevalence and

its future incidence (Han & Lean, 2011).  Studies have shown this reversion of MetS components

with increased physical activity differs between groups.  For example Katzmarzyk et al. found that

triglyceride  levels  were  most  beneficially  influenced  by  increased  exercise  in  MetS  patients

(Katzmarzyk et al., 2003), while Camhi et al. identified loss of body fat to be the most significant

(Camhi  et al., 2010).  Yet as these components influence each other and are tightly linked, often

treating one aspect of the metabolic syndrome may help lessen, or even resolve, the other issues.

It is constantly shown that regular exercise can help with weight loss, reduce blood pressure, and

manage  hyperglycemia  and  insulin  resistance.  Factoring  in  a  healthy  diet  alongside  a  regular

exercise  program is  the  basis  of  treating the  metabolic  syndrome and reducing  risk  for  heart

disease, stroke, diabetes, and other medical problems.  

Initially clinicians will suggest the above lifestyle modifications as treatment for people with high

blood pressure and hyperglycemia. However in those individuals where lifestyle modification is

ineffective,  prescribed  medication  is  used  to  lower  blood  pressure  and  modify  lipid  levels.

Generally, the individual disorders that comprise the metabolic syndrome are treated separately.

Hypertension is commonly treated using diuretics and ACE inhibitors, while cholesterol drugs, such

as niacin and statins, may be used to lower LDL cholesterol and triglyceride levels and to raise HDL

cholesterol levels.  However there are several drugs emerging that treat multiple disorders making

them viable options for reducing prevalence of complex diseases such as MetS and T2D.  Orlistat, a

drug which limits the absorption of fats, has been shown to reduce the incidence of metabolic

syndrome  and  of  diabetes  by  30-40%  (Didangelos  et  al.,  2004).   One  of  the  most  popular
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antidiabetic drugs metformin can greatly prevent progression of pre-diabetes, however application

in MetS patients found reversal in only 5% of cases (Nieuwdorp, Stroes & Kastelein, 2007).  Other

agents,  such as PPARg agonists  and GLP-1R agonists,  may also be considered for treatment of

MetS.   GLP-1  is  a  hormone  secreted  in  the  ileum  which  lowers  blood  glucose,  slows  gastric

emptying and promotes satiety.  Liraglutide (a GLP-1R agonist) has been shown to reduce MetS by

up to ~60% and reverse pre-diabetes by 84-96% in patients  (Astrup et al., 2009).  Weight loss in

this group was dose dependant ranging from 4.8kg-7.2kg, and was accompanied by significant

reductions  in  blood  pressure  and  waist  circumference.   In  another  study,  Rimonabant  (a

cannabinoid receptor antagonist) produced clinically meaningful weight loss, significant reduction

of diagnosed MetS (64.8%), and improvements in lipid-cholesterol, glucose, and insulin levels.  This

was maintained in patients over a 2 year period with minimal side effects compared to placebo

(Van Gaal et al., 2005, 2008).

While  these  drugs  have  been shown to  be  effective  in  the  test  cohorts,  there  is  no  absolute

guarantee that this will extrapolate out into wider populations.  Personalising medical treatment

based on the patient’s genomic make-up is a major goal of clinical genetics in the 21st century.

Previously  mentioned,  “Envirogenomics”  is  the study of  why individuals  respond differently  to

environmental  exposures  based  on  their  genetic  make-up,  and  how  this  influences  their

susceptibility to disease.  For many common conditions a patient’s health outcome (eg. disease

onset, response to treatment) is influenced by a combination of both genetic and environmental

factors.  For example, using an individual's “envirogenomic” profile it could be possible to interpret

their response to a particular drug; if it will be effective, not work at all, or even cause adverse

effects.  Another benefit is the possible generation of genomic risk profiles that could aid with

disease  onset  prediction  and  severity,  allowing  personalised  intervention  strategies  to  be

developed.

Personalised medicine and personalised genomics are steadily progressing with the development

of more high-throughput and cost effective genomic technologies.  Along with this rapid growth

and  production  of  genetic  data  has  been  an  increased  resurgence  in  the  field  of  population

genetics, with the emergence of a new 'field', population genomics – the large scale comparison of

genomes  within  and  between  populations.   This  has  major  implications  in  the  mapping  and

identification of disease genes/markers.
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Part 2: Population Genetics: Concepts and Gene Mapping in Isolates

Evolution  is  driven  by  the  amount  of  genetic  diversity/allelic  variation  within  a  population.

Population genetics is at its core the study of both the frequency and interaction of alleles within

and between populations.  This encompasses the effects of the major evolutionary forces that

drive processes such as adaptation and speciation: genetic drift, natural selection, mutation and

gene flow.  These forces act upon a given population and shape the genomic landscapes of its

constituents, and may also contribute to phenotypic variation. 

This section provides an overview of important population genetic and general genomic concepts

and terminology, as well as a brief introduction into population isolates and their use in disease

mapping – a theme that will be built upon throughout the course of this thesis.

1.10 Common Terminology and Concepts

1.10.1 Genomic Principles

Alongside,  and  arguably  underlying  the  principles  of  population  genetics,  are  numerous  core

genomic concepts.  The following section briefly outlines several important genomic principles that

are integral to the foundation of this thesis,  forming the basis of analysis for each of the data

chapters.

1.10.1.1 Single Nucleotide Polymorphisms

Single Nucleotide Polymorphisms (SNPs) are DNA sequence variants that occur at a single base

level (A, T, C, G) and are identified as being variable (polymorphic) either; within a species, or more

commonly, between human chromosomes.  SNP variation is usually population dependent, having

usually been influenced by recombination and other potential events such as genetic bottlenecks,

founder  effects,  etc  (defined in  the  following  sections).   This  allows  the  examination of  allele

frequencies  of  identified SNPs  between populations,  which  is  important  for  tracking  potential

evolutionary events,  and has also led to the important  development of  association testing for
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disease.  Collection of SNP data is usually performed using microarrays which tile thousands to

millions  of  SNPs  per  sample  -  however  this  is  starting  to  change  with  the  advance  of  next-

generation sequencing.   For  this  project SNP data  will  be generated from DNA from the core

pedigree members within the NI population using Illumina technology (Illumina 610quad BeadChip

arrays).  This SNP data will be used for pedigree validation, MetS/CVD GWAS association studies,

and eQTL analysis.

1.10.1.2 Genome Wide Association Study

A typical Genome Wide Association Study (GWAS) involves genotype comparison between two

groups of participants; this is known as the classic case-control GWAS.  The case group are known

to have the disease being tested for association, while the control group do not.  GWAS analysis is

hypothesis free, meaning that there is no predefined hypothesis about a specific gene or locus

being associated with a disorder but the null  hypothesis is that no association exists  (Hardy &

Singleton,  2009).   Microarray  technologies  for  high-throughput  genotyping  of  thousands  to

millions  of  single  nucleotide  polymorphisms  (SNPs)  has  facilitated  the  GWAS  approach  to

identifying genes and/or genomic regions related to disease aetiology.  The general logic of the

GWAS is that SNP array data from case and control groups are compared and SNPs showing large

allele frequency differences indicate  the location of  a  variant  gene that  expresses an aberrant

protein, which disrupts a biological pathway/system and results in disease pathology.  

1.10.1.3 Expression Quantitative Trait Loci

Expression quantitative trait  loci  (eQTL) represent  regions of  the human genome that  harbour

genetic variation that confer a marked effect on transcript expression level; being either proximal

(cis-acting) or distal (trans-acting) to the gene.  It is well established that gene expression levels

exhibit genetic heritability (Petretto et al., 2006; Huang, Ballard & Zhao, 2007).  Many eQTL have

been  mapped  using  markers  such  as  short  tandem  repeats  (STRs),  and  more  recently  single

nucleotide  polymorphisms  (SNPs)  via  dense  genome-wide  arrays.   Genome-wide  association

studies  (GWAS)  have  identified  multiple  SNPs  associated  with  risk  of  common  diseases,  and

attention has now turned to explaining the underlying molecular mechanisms.  The aim of the

genetics of gene expression lies in the identification of loci that associate with disease-specific

26



gene expression.  

1.10.2 Pedigree and Population Genetics 

The following section gives a brief overview of population genetic concepts and terminology that

will be utilised through the entirety of this thesis.

1.10.2.1 Founder Effect

The founder effect describes the establishment of a new population by a few original founders, this

new  population  represents  only  a  small  fraction  of  the  total  genetic  variation  of  the  original

population(s)  (Mayr, 1963).  The new population becomes genetically different from the original

population via reduction of genetic variation due to the now limited gene pool.  As well as being

genetically  different,  founder  effect  populations  may  also  show phenotypic  differences  to  the

original population.   

1.10.2.2 Genetic Bottleneck

A genetic bottleneck arises from a dramatic reduction in population over a short period of time.

The  source of  the bottleneck  can  be either  environmental  (i.e.  a  natural  disaster)  or  through

human activities.  This leads to a reduction in genetic variation, which means that certain alleles

will be fixed and/or lost (extinct) within the population that have undergone the bottleneck.  Due

to the reduced variation, populations that have gone through a bottleneck event are less robust to

changing selective pressures.  The fundamental difference between founder effect and bottleneck

is the fact that the effect/cause of the bottleneck exists for an extended period of time, i.e. unlike a

founder effect situation there is no large expansion and 'widening' of the gene pool in a population

bottleneck.  This can lead to the complete loss of alleles as the gene pool is constantly restricted.

Geography can 'cause'  a  bottleneck to occur,  as  a  small  population become isolated from the

original, larger population. 
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1.10.2.3 Heritability

Heritability is the proportion of the trait variance in the population that is explained by inherited

genetic (or DNA-based) factors.  Heritability is therefore a measure of both the genetic and non-

genetic contributions which explain the overall variance in an observed phenotype.  Heritability is a

population specific parameter and is thus affected by variable properties such as allele frequency,

the effects of gene variants, as well as local environmental conditions (Visscher, Hill & Wray, 2008).

While a heritability estimate in one population is not necessarily expected to be the same in a

different population, studies have found that there are strong similarities, leading to fairly accurate

within  species  predictions  (Visscher  et  al.,  2008).   In  terms  of  the  estimation/calculation  of

heritability, there are two main types; broad-sense heritability (H2) and narrow-sense heritability

(h2).  Broad-sense heritability explains phenotypic variation due to genetic effects which include,

but  are  not  limited  to,  dominance,  epistasis  and  epigenetics,  while  narrow-sense  heritability

explains the variance that is solely additive genetic  (Wray & Visscher, 2008).  In light of this it is

important to note that estimation of h2 does not include phenotypic variance explained by non-

additive genetic inheritance models, such as allelic/genotypic interaction or imprinting.  Popular

software  packages,  such  as SOLAR  and  GenABEL,  calculate  narrow-sense  heritability  using  a

polygenic model, meaning that h2 will  usually be a lower estimate then H2.   Twin studies are a

useful method for estimating heritability of a trait in the population because identical twins share

essentially 100% of their genome.  If a trait exhibits a high heritability it is largely influenced by

genetic factors [eg. height has a heritability of >80%] which means environmental factors have a

relatively modest influence on one’s  height.  Studies of isolated founder populations with well

documented  genealogical  information  are  also  useful  for  the  calculation  and  estimation  of

population based trait heritability (Abney, McPeek & Ober, 2001).  This is attributed to the fact that

the  coefficient  of  relatedness  indicates  the  proportion  of  genes  relatives  share,  and  it  also

increases as more closely related individuals are compared.

1.10.2.4 Inbreeding Coefficient

Inbreeding  describes  the  resultant  offspring  from  matings  between  close  genetically  related

individuals.  This phenomenon leads to the reduction of genetic variation in offspring from inbred

matings  over  time.   The  degree  of  this  genetic  reduction  (an  increase  in  homozygosity)  is

determined by; a) the closeness of the consanguineous relationship, and b) the number of past

28



consanguineous relationships within the same lineage.  The inbreeding coefficient (F) is half the

estimated kinship coefficient between the individual’s parents, and measures the probability that

the two alleles of a gene are identical by descent in the same individual (autozygosity).  It is zero

(or approaching zero) if the individual is not inbred.  Pedigree derived inbreeding (F PED) is estimated

using  the  structure  as  described  by  a  pedigree  file,  and  is  thus  based  solely  on  recorded

relationship information.  Marker derived inbreeding (FMARKER) is estimated from genomic data, this

can  be  from  micro-satellites  or  SNPs,  and  reflects  the  pairwise  genetic  relationship  between

individuals within a study cohort.

1.10.2.5 Identity by Descent

Identity  by  descent  (IBD)  is  a  fundamental  concept  in  genetics  and  refers  to  alleles  that  are

descended from a common ancestor in a base population.  This is a property that is 'exploited' in

genetic  association  studies  in  an  attempt  to  identify  disease  associated  alleles  and  regions.

Linkage, and more recently association, analyses use large matrices of IBD probabilities calculated

from known pedigrees to map disease genes and genomic regions.

1.10.2.6 Identity by State

Identity  by  state  (IBS)  simply  refers  to  alleles  that  are  the same (or  appear  to  be the same),

irrespective of whether they are inherited from a recent ancestor.  IBD is a much more stringent

classification than IBS, with IBD being used historically for linkage and IBS for association analyses.

1.10.2.7 Kinship Coefficient

The  kinship  coefficient  is  a  measure  of  genetic  relatedness  (r)  between  two  individuals.  It

represents the probability that two genes, sampled at random from each individual are identical

(e.g. the kinship coefficient between a parent and an offspring is 0.25).  In a 'completely' inbred

population the kinship coefficient between a given pair of individuals will approach 1.
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1.10.2.8 Admixture

The process of genetic admixture occurs when individuals from previously separated populations

begin interbreeding. Genetic variation occurs locally and as such is enriched within geographical

populations.  The process of selection will determine the level of this variation as well as the fate of

specific  variants.   Over  time  this  means  that  geographically  isolated  populations  will  develop

different  genomic  backgrounds  with  variation  being  advantageously  selected  based  on

environmental conditions and constraints.  Variation that is beneficial for a population will thus

become fixed over time, leading to the formation of alleles that will be observed in one population

but  may  be  missing,  or  at  differing  levels,  in  another;  thus  overall,  admixture  results  in  the

introduction of new genetic lineages into a population.  

1.10.2.9 Locus-specific Admixture

Admixture as previously described represents the genome-wide average of ancestral proportions.

Events  such as  founder effects and genetic drift will  lead to different  admixture estimates  for

different loci, resulting in varying proportions of ancestry at a given locus.  Populations that have

formed from recent admixture will show a mosaic of re-combinational segments derived from one

ancestral population.  The age and extent of the admixture event directly shapes the 'appearance'

and dispersion of these regions of ancestry.  Admixture events which occurred a long time in the

past will result in smaller more distantly spread fragments, while more recent events lead to larger

more frequent segments of locus-specific admixture.  These more recent events also lead to larger

blocks of linkage disequilibrium (LD), as is the case in the Norfolk Island (NI) pedigree (Bellis et al.,

2008b).

1.10.2.10 Linkage disequilibrium

Linkage  disequilibrium  (LD)  is  explained  by  the  occurrence  of  alleles  together  within  a  close

physical proximity more often than not; this structure is called a haplotype.  Lack of, or reduced,

recombination  within  a  chromosomal  region  results  in  a  set  of  markers  (loci)  being  highly

correlated with each other, much more so than they would be by chance.  An example of this is a

marked increase of LD in founder populations; this is due to the consanguinity (inbreeding) that

occurs from a genetic bottleneck, which leads to increased homozygosity.  The overall calculation
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of LD within a population takes into account the observed frequency of a haplotype compared to

its expected frequency within the population.  A population whose haplotype frequency meets the

estimated expected is said to be in linkage equilibrium.

1.11 Use of Isolated Populations for Genomic Studies

Population isolates are sub-populations which arise from a founder effect of a reduced number of

individuals due to a population bottleneck.  Founder population isolates offer several significant

advantages for disease gene mapping of complex traits compared to outbred populations.  Firstly,

the limited number of ancestors minimizes genetic heterogeneity and therefore it is expected that

there will be fewer susceptibility variants, each with greater proportionate effect.  There is also a

reduction in environmental ‘noise’ due to the geographical and cultural isolation, which minimises

the confounding effects of non-genetic variables.  These characteristics have been exploited in the

study of rare genetic disorders caused by single defective genes and can also be advantageous in

complex  disease  gene  mapping  (Peltonen,  Palotie  &  Lange,  2000;  Shifman  &  Darvasi,  2001;

Kristiansson,  Naukkarinen & Peltonen,  2008).   Large extended pedigrees are often suitable for

powerful linkage analysis of complex traits due to the fact that the kinship (relatedness) coefficient

is  much  higher  in  isolated  founder  populations.   A  recent  study  investigating  genome  scan

information  in  a  Hutterite  isolate,  stressed  the  importance  of  good  genealogical  information

(Thompson  et al.,  2010).  This study noted that a failure to take full  pedigree information into

account  can reduce the power to detect linkage,  or  inflate LOD scores and also the failure to

account  for  relatedness  can  affect  association  studies.   Hence  it  is  important  that  good

genealogical information with defined pedigree information is available.  This allows the analysis of

large extended pedigrees and greatly increases the power and accuracy of a gene mapping study.

In addition, a good understanding of local population history is important for evaluating factors

such  as  the  number  of  founders,  population  size,  consanguinity,  immigration,  population

expansion rate and genetic drift.  The best candidate populations for detecting associations with

common genetic variants are believed to be isolates with a small effective number of unrelated

founders  (10-100),  as  this  offers  the  advantage  of  a  smaller  number  of  disease  susceptibility

variants within the test populations compared with outbred populations (Thompson et al., 2010).

Several benefits of isolates versus outbred (unrelated) populations are shown in Table 1.5.
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Table 1.5: A comparison of isolated vs outbred populations benefits in disease mapping.

Benefits of population isolates Benefits of outbred populations
• Higher prevalence for some diseases • More affected people
• More  inbreeding,  amplification  of  rare

alleles and the mapping of recessive genes
• More opportunity for replication

• More uniform genetic background • Markers more polymorphic

• Good genealogical records • Genes  mapped  pertinent  to  more  of
humanity

• Easier to standardise phenotype definitions • More susceptibility variants to be found
• Wider intervals of linkage disequilibrium • Easier to collect
• Closer to Hardy–Weinberg equilibrium
• Less migration and more intact families
• More uniform environment

Note: table adapted from Peltonen et al., (2000)
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Part 3: The Norfolk Island Genetic Isolate

1.12 History of the Norfolk Island population

Norfolk Island is a small volcanic island located in the South Pacific about 1600 km north-east of

Sydney,  Australia  (Figure  1.3).   The Island was  initially  populated  by  the seafaring  Polynesians

during  the  14th/15th  century,  however  their  settlement  was  brief  and  unsuccessful  and  they

moved on.  It wasn’t until 1774 that Captain James Cook rediscovered NI, and it was subsequently

used as  a  British  penal  colony  on  and  off  from 1788  until  1855.   The  history  of  the  current

occupants of NI originates from the events and actions of the Bounty Mutineers.  The mutiny of

the HMS Bounty was led by acting Lieutenant Fletcher Christian, who along with 18 other men

overthrew the captain and remaining crew members, and sailed to Tahiti.  In an attempt to hide

from British retribution, Christian lead 9 Bounty Mutineers (Isle of Man and British Ancestry), 6

Tahitian men (Polynesian Ancestry) and 12 Tahitian women plus a baby girl (Polynesian Ancestry)

to the Pitcairn Islands, where the Bounty was sunk to avoid detection as well as eliminate escape

from the island.  Conflict was rife amongst the small community during the first 3 years of the

settlement of Pitcairn, with numerous murders as well as suicide, leaving all Tahitian men and 7

Mutineers dead.  When Ned Young succumbed to respiratory failure in 1800, John Adams was the

sole  surviving adult  male  on Pitcairn.   Slowly the island's  population continued to  grow,  later

bolstered by three further male European settlers – John Buffett and John Evans in 1823, and G.H.

Nobbs in 1828  (Refshauge & Walsh, 1981).  These three men were the only outsiders to settle

permanently on the island and subsequently they married into the community.  Due to population

growth and the severe dwindling of resources on Pitcairn, the British Government allowed the

Pitcairn Islanders to settle NI, which had recently been abandoned by the British as a penal colony.

On  June  8  1856  the  descendants  of  the  Bounty  Mutineers  and  Tahitian  women  who  were

previously inhabitants of Pitcairn Island were relocated,  with a total  population of 193 settlers

making NI their new home.

Today NI has a population of 1576 permanent residents, with approximately 1200 of these being

adults.  A recent census documents approximately half (N=750) of the permanent population are

descendants  of  the  Pitcairn  founders  (Mathews,  2006).   Until  recently,  strict  immigration and

quarantine laws have severely restricted the settling of new people to the island.  These laws,
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along with  the  sheer  isolation of  the  island  have  resulted  in  a  lack  of  interaction with  other

populations.  
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Figure 1.3: Orthographic map centred on Norfolk Island.  The small island is located in the South
Pacific located between Australia, New Zealand and New Caledonia, about 1600 km north-east of
Sydney, Australia.  A zoomed in view of Norfolk island (in green),  along with the neighbouring
Phillip Island, is portrayed projecting from the map.



1.12.1 The Norfolk Island Pedigree 

The history and genealogy of NI has been extremely well documented by anthropologists on the

island  (Edgecombe,  1999;  Hoare,  1999),  with a  maintained database containing ~6500 people

which spans over 200 years (or ~11 generations).  This detailed genealogy contains nearly every

individual that has contributed to Norfolk’s population, including the original founders, the Bounty

Mutineers and Tahitian women.  The initial data collection and samples for ~600 Norfolk Islanders,

of these 63% (N=377) were found to have links to the original founders (the majority by blood, the

rest by marriage).  Using this available in-depth genealogical information a large multi-generational

Norfolk pedigree has been reconstructed, and later refined (Figure 1.4)(Macgregor et al., 2010).  

In the recent update to the NI pedigree Macgregor et al., highlighted several important statistics.

The main pedigree was found to contain 5742 individuals, with 1503 being consanguineous.  The

average inbreeding coefficient (F) was calculated as 0.044 with a maximum in the population of

F=0.16.  Admixture scores calculated for the NI pedigree indicate that European ancestry is at 88%,

and Polynesian at 12%  (McEvoy  et al.,  2010).  It  is estimated that on average one third of the

genomes of present-day Norfolk Islanders are derived from the initial founders, these being the

European Mutineers and Tahitian females (Macgregor et al., 2010).  

The  years  of  geographic  isolation have  resulted  in  much genetic  homogeneity,  making  the NI

population an ideal resource for examining the genetics of complex disorders such as T2D and CVD.

As part of an established and on-going programme (The Norfolk Island Health Study), the Norfolk

pedigree has been shown to have the statistical  power to be able to detect genes influencing

complex traits (Bellis et al., 2006; Macgregor et al., 2010). 
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Figure  1.4:  Extended pedigree of  Norfolk  Island (N=5742).   Image adapted from Macgregor  et  al.,
(2010).

1.12.2 The Norfolk Island Health Study (NIHS)

In 2000 Griffith University researchers initiated the Norfolk Island Health Study (NIHS).  This study

recruited  601  volunteers  who  each  took  part  in  a  medical  check-up,  filled  out  a  detailed

questionnaire on their health, lifestyle and ancestry, and provided a blood sample for analysis.

This data was collated and analysed, with results made available to the individual participants as

well as an overview of public health outcomes on Norfolk which was provided back to the island

community.   Recently  the  NIHS  samples  (clinical  data  and  DNA)  have  been  used  to  facilitate

research in identifying genes involved in CVD and migraine.  This unique population is thought to

have  advantages  for  epidemiological  studies  because  of  reduced  genetic  and  environmental

diversity, which means disease risk factors should be relatively easy to identify.  

1.13 Genetic Epidemiology of Norfolk Island 

It is well documented that individuals with Polynesian ancestry have increased risk of obesity, CVD

and T2D traits  (Abbott  et al., 2001; Blakely  et al., 2004; Joshy & Simmons, 2006).  By sampling

~50% of  the adult  population (N=600 individuals)  it  has  been shown that  compared with the
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general population of mainland Australia, the Norfolk population has high rates of CVD risk factor

traits, especially obesity, which may be partly attributed to the Polynesian founders of the Norfolk

population (Bellis et al., 2006).  In terms of T2D, reported rates were similar to mainland Australia

(4-8%), although a significantly higher proportion of individuals had fasting blood glucose in excess

of normal range suggesting under-diagnosis of T2D (Bellis et al., 2006).  

1.13.1 Clinical Trait Heritability

The Norfolk pedigree has been shown to have the statistical power to be able to detect genes

influencing  complex  traits  (Bellis  et  al.,  2008b;  Macgregor  et  al.,  2010;  McEvoy  et  al.,  2010).

Research on the Norfolk pedigree has shown that traits for obesity, dyslipidaemia, blood glucose

and hypertension exhibit a substantial genetic component, with heritability estimates ranging from

30% for systolic blood pressure to 63% for low density lipoproteins  (Bellis  et al.,  2006), similar

heritability ranges were documented in a more recent study (Macgregor et al., 2010).  Moreover,

factor analysis has been used to identify “composite” phenotypes with high heritability (Cox et al.,

2009), which suggests common genes underlie Metabolic Syndrome (MetS)-related phenotypes.

Recently  the  pedigree  information  was  used  to  show  that  Polynesian  ancestry  in  Norfolk  is

associated with increased risk of raised BMI, triglycerides and blood pressure  (Macgregor  et al.,

2010). 

1.13.2 Genetic Mapping of Disease in Norfolk Island

To  date  genetic  linkage  analysis  in  the  Norfolk  pedigree  has  successfully  identified  previously

documented regions associated with CVD risk traits, the most significant being for systolic blood

pressure  (SBP)  on chromosome 1 (1p36)  (Bellis  et  al.,  2008a).   This,  along with the identified

presence of high levels of linkage disequilibrium (LD), suggests that the Norfolk isolate has the

potential to be a successful disease gene mapping resource, and that the statistical  power will

improve with additional sample collection (Bellis et al., 2008a, 2008b).  More recently association-

based approaches have  identified genetic markers  for  migraine within  the Norfolk  Population.

Migraine in the NI cohort is much more prevalent than mainland Australia (Griffiths et al., 2009),

and it is thought that there is potentially an underlying genetic predisposition.  A pedigree-based

GWAS identified several SNP markers of interest (Cox et al., 2012), while a targeted pedigree-based

approach identified a region of the X chromosome  (Maher  et al.,  2012).  Ocular dysfunction is

another disease which appears to have an increased prevalence in the NI cohort  (Mackey  et al.,
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2011; Sherwin et al., 2011).  

Recent  power  calculations  further  support  the  utility  of  the  NI  cohort  to  detect  gene-centric

burden effects. Performed calculations assessed the power for detecting an association between

the burden effect of multiple coding variants and a quantitative trait such as BMI. With a sample

size of 500 related individuals and rigorously controlling for the number of genes to be tested

(20,794 genes) to maintain an experiment-wide significance level of 0.05, power calculations show

that we have 80% power to detect associations accounting for as little as 6.5% of the variation in a

MetS-related  phenotype.  Power  was  also  assessed  for  detecting  an  association  between  a

pathway-centric burden effect of multiple coding variants and a quantitative trait such as BMI.

With a sample size of  500 related individuals  and assuming that  there are no more than 200

relevant biological pathways to be tested, power calculations show that we have 80% power to

detect associations for as little as 4.3% of the variation in a MetS-related phenotype.

1.14 Significance of this Study

To date, the prevalence or risk of MetS (by any definition) has not been formally examined in the

NI population, nor has there been any research into specific candidate genes for association to

MetS-related  traits.   It  is  expected  that  the  unique  structure  of  the  NI  population will  aid  in

addressing the issue of missing trait heritability observed in many outbred/case-control studies,

and allow the identification of pleiotropic effects influencing MetS and related traits.  Alongside

this, there is also the observation that Polynesian populations have been repeatedly shown to be

at increased risk of metabolic disorders (Zimmet et al., 1977, 1990; Rush et al., 2002; Khambalia et

al.,  2011),  indicating an increased genomic risk profile.  The general  aim of this research is to

identify genomic risk profiles for predicting MetS in the isolated Australian population of NI.  As a

genomic study population, Norfolk is of interest because:

• there  are  strong  family  groupings  and  well-documented  family  histories,  allowing  the

reconstruction of a multi-generational pedigree,

• the population initially grew in isolation from other communities and as a result exhibits a

relatively homogeneous genetic pool,
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• isolated founder effect communities provide powerful resources for studies of genetically

inherited  conditions,  as  statistically,  their  pedigree  structure  and  size  provide  high

information content and power.

The metabolic syndrome is a comorbid disorder which markedly increases risk of developing T2D

and CVD.  The disorder is generally characterised by centralized obesity with associated insulin

resistance,  dyslipidaemia  and  hypertension.   Metabolic  Syndrome  (MetS)  can  be  clinically

diagnosed using a set of clinical guidelines, such as those specified by the International Diabetes

Federation (IDF).  The prevalence of IDF-defined MetS in Australia is ~30%  and thus represents a

major public health problem which requires research attention.  An individual’s risk of developing

MetS is influenced by the complex interplay among multiple factors including modifiable variables

(eg.  biochemical,  clinical  and  environmental)  and  inherited  genetic  predisposition.   These

envirogenomic relationships are yet to be completely elucidated for MetS and are likely to vary

among different  population subgroups.  Identifying the genomic profiles that accurately  predict

MetS will be important for achieving the goals of a) better understanding the underlying pathology

of  the disorder and b)  developing personalised profiles  that  are  clinically  useful  for  predicting

response  to  lifestyle  modification  and  medication.   Such  outcomes  should  help  reduce  the

incidence  of  MetS  and  in  so  doing  reduce  the  growing  burden  of  T2D,  CVD  and  associated

morbidities and mortalities.

The general objective of the study is to organise and statistically analyse a large body of pedigree,

molecular genetic, clinical and lifestyle data collected from the NI population over a 10 year period

and use advanced bioinformatics techniques to identify genomic signatures (or risk profiles) that

influence  the  development  of  MetS  and  metabolic  dysfunction.   Identifying  the  genetic  and

environmental factors that combine to predict MetS should help to devise ways to personalized

lifestyle modifications and medicines to better treat and prevent the problem.  Thus, it follows that

information derived from this study should serve to eventually reduce the prevalence of MetS and

its underling disorders in Australian population groups.

39



Part 4: Hypothesis, Aims and Expected Outcomes

1.15 The Research Question

“Can advanced genomics technologies be used to identify gene variants associated with Metabolic

Syndrome and related traits using the genetic isolate of Norfolk Island?”

1.16 Hypothesis

In  general,  it  is  postulated  that  the  Metabolic  Syndrome  (MetS)  has  a  substantial  genetic

component  in  Norfolk  Island  (NI)  and  that  GWAS  can  identify  gene  variants  (SNPs)  that  are

associated with MetS in the NI population.  It is also expected that these SNPs can be combined

together  with  other  genetic  factors  (eg.  gene  expression  levels)  to  form  integrated  genomic

signatures  for  better  understanding  MetS  pathology  and  for  accurate  prediction  of  MetS

development in this unique population.

It is therefore hypothesised that:

• MetS has a significant genetic component in NI population.

• The NI isolate should facilitate identification of genetic factors of MetS.

• Integrated  genomic  factors  (SNPs  and  transcripts)  can  be  combined  to  further  the

understanding of disease pathology as well as accurately predict MetS risk.

• MetS has an underlying common genetic pathology.

• This profiling approach should extrapolate out into other populations 

(i.e. mainland Australians).
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1.17 Aims

This  study  aims  to  identify  genomic  risk  profiles  which  underlie  MetS  and  related  metabolic

disorders in the isolated population of NI.  To achieve this goal four major objectives have been

defined:

1. Phenotyping and data integration

To phenotype the NI population for MetS and associated traits including assessment of

progression  over  a  10  year  period  using  the  2009/2010  NIHS  recollection  and

comparing/contrasting to the original 2000NIHS collection cohort.

2. Pedigree validation and reconstruction

Using  the  dense  SNP  genotype  data  for  ~500  core-pedigree  individuals  the  aim  is  to

improve the accuracy of the pedigree by removing errors and reconstructing.  This should

increase the power to detect disease related genes and genomic regions.

3. Genomic Factors

To organise all genomic data collected to date for the NIHS into a unified database, and use

this rich dataset to identify genetic associations with MetS in the NI population.  In-house

methods will  also be developed for extracting and analysing genomic data from varying

Illumina platforms, including: SNPs and eQTLs.

4. Risk Profiling using multi-omics based approaches

To perform advanced bioinformatics modelling on multi-layered genetic data to identify

genomic signatures for predicting MetS risk.
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1.18 Expected Outcomes

Successful  completion  of  this  project  will  produce  new  knowledge  regarding  the  underlying

genomic relationships influencing development of MetS and related disorders.  It is expected that

this  information,  which  should  be  publishable  in  its  own  right,  will  also  be  useful  for  better

understanding CVD and diabetes risk in the general mainland Australian population.  It is hoped

that genomic signatures identified from this project will form the basis of new diagnostic tools for

more personalized treatment of MetS and it's related co-morbidities, and thus help reduce burden

of diabetes and associated disorders.  
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Chapter 2: Materials and Methods

2.1 Preface

The research contained within this thesis has primarily focused on genetic analysis (bioinformatics)

and thus methodologies related to biostatistical genetic analysis software and tools and resources

are outlined within this chapter.  An introductory outline of the software tools and resources used

throughout the thesis will be given.  The chapter aims to highlight the importance of the Norfolk

Island  study  participants  and  the  wealth  of  both  clinical  and  genomic  data  that  is  currently

available in this cohort.  Important methodologies and computational approaches used throughout

the following results chapters are also introduced.  A brief chapter overview is given below:  

• Study Participants: details the Norfolk Island population and sampling collections that have

taken place over a 10 year period from 2000-2010.  

• Genomic  Microarray  Platforms:  outlines  the  high-throughput  genomic  technology  used

throughout this study to generate genomewide SNP and gene expression data sets.  

• Data Integration: explains the multi-layer data sets available for the Norfolk Island project

and how phenotype data was integrated with genomic data.

• Software:  gives an introductory overview of important methodologies and computational

approaches used throughout the following results chapters.  

• Statistical  Methodologies:  explains  in  detail  several  of  the  more  'novel'  statistical

approaches used throughout results chapters.
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2.2 Study Participants

Ethical clearance was granted prior to the commencement of the study by the Griffith University

Human Research Ethics Committee.  Study participants over 18 years of age were recruited via

local  media  announcements.   All  participants  signed  informed  consent  statements  prior  to

inclusion in the study.

2.2.1 The Norfolk Island Health Study

In 2000 Griffith University researchers initiated the Norfolk Island Health Study (NIHS).  This study

initially recruited 601 volunteers who each took part in a medical check-up, filled out a detailed

questionnaire on their health, lifestyle and ancestry, and provided a blood sample for analysis (see

Table 2.1 for an overview of collected phenotypes, an example questionnaire document can be

found in Appendix 1 on the attached CD).  This data was collated and analysed, with results made

available to the individual participants as well as an overview of public health outcomes on Norfolk

which was provided back to the island community.  The first report on the NIHS detailed initial

clinical baseline statistics and risk of CVD within the NI population (Bellis et al., 2006).  Recently the

NIHS  samples  (clinical  data  and  DNA)  have  been used to  facilitate  research  to  identify  genes

involved in CVD (Bellis et al., 2008a; Cox et al., 2009) and migraine (Cox et al., 2012; Maher et al.,

2012).  Summary statistics and prevalence estimates are introduced in Chapter 3.

Table 2.1: Overview of collected NIHS phenotypic information.

Anthropometric Biochemical Additional

Height Glucose Age

Weight Lipids (Cholesterol, HDL, LDL) Systolic and Diastolic Blood Pressure

BMI Triglycerides Specific Disease Information:*

Waist & Hip Circumference Protein (Globin, Albumin, total) • Diabetes

Waist/Hip Ratio Bilirubin • Heart Disease

Percentage Body Fat Liver enzymes (GGT, AST, ALT) • Kidney Disease

Uric Acid, Urea • Migraine

Creatinine • Cancer

Iron,  Sodium,  Calcium,  Potassium,

Phosphate, Chloride, Phosphate

* For additional information see the NIHS questionnaires in Appendix 1 on the attached CD.
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Starting in 2009 and following through 2010, a 10-year follow up study of the health status of the

NI cohort was conducted.  As part of this recent collection, 634 were recruited into the NIHS.

These  individuals  again  attended  medical  check-ups,  completed  detailed  health  and  lifestyle

questionnaires and provided blood samples.  Reconciliation against the 2000 NIHS data identified

59% (N=357) crossover between the 2000 and 2010 NIHS collections, of these 66% (N=250) were a

recollection from the N=377 core pedigree (founder related individuals).  Of the individuals that

were new collections for 2010 (N=277), 47% (N=131) were found to fit to the existing large Norfolk

pedigree (N=~6500), with 69% (N=90) of these found to be directly related (blood relatives) to the

core pedigree (N=377).  A further 146 participants had no apparent tie to the existing pedigree

structure (for a summary see Figure 2.1).   Individuals who were related to, but were not already

contained in the pedigree were entered into the existing genealogy using the Brothers Keeper

database.  The 146 participants that exhibited no identifiable links to the greater pedigree were

entered as unique founders, and documented for posterity (some formed small nuclear families of

their own right)..

2.2.2 The Norfolk Island Eye Study 

Included in Figure 2.1 is summary data for the Norfolk Island Eye Study (NIES).   The NIES is a

collaboration between several Australian institutes to explore the prevalence, severity and possible

genetic associations of ocular traits, such as glaucoma, in the NI population (Mackey et al., 2011;

Sherwin et al., 2011).  The NIES database has been reconciled against the NIHS database allowing

the determination of individuals who crossed over between studies, as well as identification of

additional NI core pedigree members that weren’t collected in the NIHS.  There were a total of 801

participants in the NIES, with 60% (N=481) being enrolled in the NIHS (see Figure 2.1).  It w as also

identified that of the NIES participants not sampled in the NIHS, 188 could be fitted to the larger NI

pedigree.  As part of the NIES a planned GWAS for ocular traits is to be conducted in the future.

Originally 233 individuals across both studies (NIHS and NIES) had available genotype information,

a  further  120  NIES  participants  were  genotyped  using  the  same  Illumina  Human  610-Quad

BeadChip.  This increased the total to n=353 NIES individuals with genotype information and ocular

phenotype data, potentially increasing the power for marker detection in the GWAS.
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2.2.3 Norfolk Island ‘Core pedigree’

The  history  and  genealogy  of  Norfolk  Island  (NI)  has  been  extremely  well  documented  by

anthropologists  on  the  island  (Edgecombe,  1999;  Hoare,  1999),  with  a  maintained  database

containing ~6500 people which spans over 200 years (or ~11 generations).  This detailed genealogy

contains nearly every individual that has contributed to Norfolk’s population, including the original

founders, the Bounty Mutineers and Tahitian females.  The initial 2000 NIHS collected data and

samples for 601 Norfolk Islanders, of these 63% (N=377) were found to have links to the original

founders.   To date  there are  a total  of  881 participants enrolled across both NIHS collections.

Through reconciliation of the 10 year follow up data, an increase in the number of central core

pedigree individuals  was identified.  As  illustrated in Figure 2.1, a core pedigree of  individuals

(N=377) with strong ties to original founders were highlighted within the Norfolk pedigree (Bellis

et al., 2008b).  These individuals were determined to be the most informative in terms of their

genetics, which are directly passed down from the European and Polynesian founders of Pitcairn

Island.   From the 2010 NIHS collection data an additional  90 participants  were determined to

belong to this core pedigree, expanding the number of core individuals by 24% (N=467).  After the

recent reconciliation and integration of the NIES database it was identified that N=152 individuals

are related to core-pedigree.   This further extends the core pedigree of ‘key’ NI individuals to

N=619.  

At the beginning of this thesis genotype information was available for n=285 of the core pedigree

individuals;  genotyping  was  carried  out  using  the  Illumina  Huaman610-Quad  BeadChip  which

contains  620,901  markers  (both  SNP  and  CNV).   After  the  10  year  follow-up  collection  and

integration  of  NIES  data,  a  further  N=215  'newly'  identified  core-pedigree  members  were

genotyped using the same platform.  To date the number of available core-pedigree genotypes

stands at  N=500, covering ~81% of the total  sampled core pedigree members (N=619).  These

additional core-pedigree samples, as well as any new participants to the study, are expected to

significantly increase the statistical power of the Norfolk pedigree as well as future analysis of the

NIHS/NIES data in general.  Reconstruction and validation of the core-pedigree using the available

genotype information is outlined in Chapter 3.  
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2.2.4 The Norfolk Island 'Outgroup'

The previous sections discussed the core-pedigree members in detail.  However, there is also a

fairly  large  group  of  non-founder  related  individuals  who  either  live  on  the  island,  or  are

descendants of those that once did; these people collectively form the NI outgroup. This outgroup

is genetically unrelated (independent) to the core pedigree but is also part of the NIHS and thus

have comparable genotype and phenotype data available for analysis.  A further advantage of the

outgroup is  the fact  that  a large majority  (those living on NI)  have shared many of  the same

environmental  factors  as  the  core-pedigree  members.   The  NI  outgroup  provides  an  ideal

replication cohort for molecular genetic studies carried out on the pedigree member,s as there is

stored genomic DNA for a large proportion of outgroup individuals.  An example of the use of the

NI outgroup (N=534) for a small replication population is demonstrated in Chapter 7.
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the 2008 NIES collection.



2.3 Genomic Microarray Platforms

This  thesis  documents  the  first  integration  of  dense  genome-wide  microarray  data  in  the  NI

population.  Two different types of Illumina microarray were used in this study; genome-wide SNP

data  was  obtained  using  the  Illumina  Human  610-Quad  BeadChip,  Gene  expression  data  was

obtained  using  the  Illumina  HT-12v4  Human  Expression  array.   Both  SNP  genotyping  and

expression  arrays  were  run  by  collaborators  at  the  Department  of  Genetics,  Texas  Biomedical

Research Institute, USA.  All raw data was either transferred from local servers via ftp (file transfer

protocol), or shipped physically via large external storage hard drives (1-2 TB).

2.3.1 Illumina Human610-Quad BeadChip Array

The  Human610-Quad  BeadChip  array  is  a  high  density  SNP  array  from  Illumina  which  was

introduced in 2008.  This array is capable of genotyping  up to 620,901 markers for 4 separate

samples simultaneously.  The Human610-Quad BeadChip offered genome-wide coverage and was

constructed upon variation observed across populations in the HapMap release 23 data.  The tiled

SNPs  provide  89%,  86%,  and  58%  coverage  of  the  European  (CEU),  Chinese  and  Japanese

(CHB+JPT), and Nigerian (YRI) populations respectively – these are markers (SNPs) which exhibited

high linkage disequilibrium in the respective HapMap populations (r2 > 0.8).  On the Human610-

Quad, Illumina was able to tile the SNPs at a median spacing of 2.7 kb (with a mean of 4.7 kb).  As

well as SNPs, this chip included ~60,000 copy number variant (CNV) targeted markers in regions

previously identified to likely contain CNVs.  The SNP content also covers previously identified non-

synonymous SNPs, variation within the MHC region, mitochondrial SNPs, and Y-chromosome SNPs.

Initial  high-throughput SNP genotyping in the NIHS was carried out in late 2008 (n=285).   For

consistency,  the same chip was used for  the additional  genotyping (N=217)  which occurred in

2010/2011.  Dense SNP genotyping information was generated for 502 NIHS individuals using the

Human610-Quad  BeadChip,  and  all  data  (including  'raw'  Illumina  idat  files)  were  provided  by

collaborators  at  the Department  of  Genetics,  Texas  Biomedical  Research Institute,  USA.   EDTA

anticoagulated  venous  blood samples  were  collected  from all  participants.  Genomic  DNA was

extracted  from  blood buffy coats  using standard  phenol-chloroform procedures.  Genome-wide
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genotyping was carried out using the Illumina Human610-Quad v1.0 beadchip.  Raw data from

Illumina  idat  files  was  SNP  genotyped in  R  using  the  CRLMM package  (Scharpf  et  al.,  2011).

Genotype data then underwent QC routines using PLINK (Purcell et al., 2007). Briefly, SNP analysis

was restricted to autosomal SNPs with minor allele frequency >0.01, call rate >0.95 and Hardy-

Weinberg  equilibrium  testing  p-value>10−5.  After  quality  control,  590,603  SNPs  were  used  for

association analyses. Genotype data was then exported from PLINK and imported into the CRAN

package GenABEL  (Aulchenko  et al., 2007) for analysis.  Detailed methods for application of the

SNP genotype data are documented in the respective results Chapters (3,4,5,6 & 7).

2.3.2 Illumina HT-12v4 Human Expression Array 

The  Illumina HumanHT-12 v4.0  Expression BeadChip is  a  microarray  chip  capable  of  providing

whole-genome  gene  expression  profiling  in  human  studies,  generating  expression  data  for  12

samples per chip.  It  covers a current genome-wide transcriptome of well-characterised genes,

gene  candidates,  and  splice  variants,  with  a  significant  portion  targeting  well-established

sequences supported by peer-reviewed literature.  Each array on this BeadChip targets more than

47,000 probes,  so there is  an amount of redundancy built  into the assay.   To be as robust as

possible at time of manufacture, the probes were designed to cover content from NCBI RefSeq

Release 38 (November 7, 2009), as well as legacy UniGene content.  The amount of RNA input

required per sample is relatively low at between 50 – 500 ng total RNA. 

Genome-wide expression information was generated for 336 NIHS individuals using the HT-12v4

Human Expression array platform, all  data (including 'raw' Illumina idat files) were provided by

collaborators at the Department of Genetics, Texas Biomedical Research Institute, USA.  For gene

expression analysis blood was collected and stored at -20°C in PAXgene tubes (Qiagen, Valencia,

CA).  PAXgene Blood miRNA Kits kits (Qiagen) were used to extract total RNA according to the

manufacturers’ instructions and RNA was assessed for quality using the Bioanalyzer 2100 (Agilent

Technologies, Santa Clara, CA). A total of 250 ng RNA was amplified and labelled using the Illumina

TotalPrep-96  RNA  Amplification  Kit  (Life  Technologies,  Grand  Island,  NY),  according  to  the

manufacturers’ instructions. Expression profiling was performed using the Illumina HumanHT-12

v4.0 Expression BeadChip Kit (Illumina, San Diego, CA) using 750 ng of amplified RNA and following

the Whole-Genome Gene Expression Direct Hybridization Assay Guide. Array images were scanned
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on the Illumina iScan and analysed initially using the Gene Expression Module of GenomeStudio

(V2011.1).  Background  subtraction  was  applied  and  missing  bead  types  were  imputed  using

GenomeStudio. Based on the number of expressed probes (at “detection p-values” <= 0.05), mean

raw  expression  values  across  probes,  and  correlations  (across  probes)  between  samples,  all

samples provided high quality data, except for one sample that was of questionable quality and

was thus removed. Significantly expressed probes were then determined at a false discovery rate

(FDR) of 5%, based on p-values generated in a binomial test on the counts of samples in which a

probe generated “detection p-values” <= 0.05 (success) and >0.05 (failure). Subsequently, the raw

expression levels of probes detecting significant expression were shifted by a constant amount so

that  the  minimum  observed  value  of  any  probe  in  any  sample  was  1.0,  followed  by  log2

transformation and quantile normalisation.  This is  the first documentation of the use of gene

expression data in the NI cohort, and is detailed in the eQTL mapping and association approach in

Chapter 6.
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2.4 Data Integration, Management and Analysis Pipeline

An expansive amount of data was available for the NI study (multiple layers of phenotype and

genotype data), which included both the NIHS and NIES databases.  All Norfolk study participants

(both NIHS and NIES) were integrated into a single file by the designation of a unique unified

identifier  (UUID).   A list  of  all  currently  available  NI  data  (includes:  phenotype;  genotype and

environmental data) is shown in Table 2.2.  Developing a management plan and putting a system in

place  to  efficiently  work  with  and  analyse  this  complex  dataset  was  a  major  priority  and

fundamental to moving forward with the project.  Due to the complex nature and large amount of

genomic  data  generated  traditional  software  such  as  Microsoft  Excel  or  IBM  SPSS  were  not

effective solutions.   It  was decided that statistical  programming language R would be used  (R-

Development-Core-Team, 2010) as the central ‘repository' and tool to interface with and analyse

the majority of data generated during this thesis (Figure 2.2).

Table 2.2: Summary of the feature rich multi level NIHS dataset

Phenotype Data Environmental Data Genetic Data

Clinical Phenotypes

• All available clinical data
- i.e. diagnosed diabetes

• Endophenotypes
• MetS Clinical Diagnosis*
• T2D assessed risk score*
• CVD risk analysis*

Statistical Phenotypes

• Principle component scores*
• Heritability values*

All  individuals  involved  in  baseline
and  follow-up  study  have  detailed
information about:

• Diet
• Physical activity
• Smoking/alcohol consumption

Information  will  be  formulated  into
meaningful indices representing diet
and physical activity

Example: a  diet  variable  which
reflects high glycemic carb intake

Genomic data:
• STR
• Sequence (mtDNA)
• SNPs*
• CNVs*
• Genotypes  (GWAS  –  with

imputation  of  missing
genotypes)

• eQTLs*
• Methylation
• Transcript/miRNA*

Candidate Genetic Markers:
• Previously  associated  disease

markers (GWAS)
• mtDNA  SNPs  (previously

associated in NZ Maori)
• Y chromosome markers
• AIM  (ancestry  informative

markers)
*generated during the course of this thesis.
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The above figure illustrates  the implementation of  a  virtual  “database” environment within  R,

which has the ability to output file types according to requirements, as well as being able to cope

with the memory requirements of very large genomic files.  This schematic also highlights the

interoperability of being able to transition between 'input' (data) and 'output' (results) with the

use of  custom scripts  and basic  Linux  shell  functionality.   A  traditional  Linux  based operating

system (OS) was used for data curation, cleaning and ‘massaging’.  Linux was selected because it is

the industry standard for bioinformatics work.
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Figure 2.2: Diagrammatic representation of multi-level analysis pathways and data structures
to be used in the analysis of NIHS.



2.5 Computational Routines and Commonly used Software Packages

All of the computational and statistical work conducted as part of this thesis was run in a Linux

based environment unless otherwise stated.  Thus custom BASH scripts and other native command

line  tools,  such  as  perl,  sed  and  awk,  were  used  making  manipulation  of  large  files  fast,

manageable  and  reproducible.   A  number  of  the  following  software  packages  were  used  on

separate  occasions for  various types of  analysis;  therefore specific arguments,  parameters and

conditions of use for a given experiment are provided in the appropriate results chapters.

2.5.1 Haploview

Haploview is an open-source java program designed by the Broad Institute for the analysis and

visualisation of haplotypes and LD blocks (Barrett et al., 2005).  Association testing within parent-

sib trios or traditional case/control design is also available.  Haploview is able to import a wide

range of commonly utilised genotype formats, making it a well used application for cohort wide

haplotype inference and LD identification and mapping.  For LD analysis and haplotype association

testing in the NI cohort data was input into Haploview using a standard linkage format.  Use of

Haploview in this thesis is documented in Chapters 5 & 7.

2.5.2 IBDLD

IBDLD is open-source software designed to estimate the probability of identity by descent (IBD) for

a pair of related individuals at a locus, given dense genotype data and pedigree information (Han &

Abney,  2011).   With  large  multi-generational  pedigree  structures  come  many  computational

challenges.  IBDLD is implemented in a way that it overcomes the issues around exact multipoint

estimation of  IBD in  large  pedigrees,  and also eliminates  the  difficulty  of  accommodating the

background  linkage  disequilibrium  (LD)  that  is  present  in  high-density  genotype  data  (Han  &

Abney, 2011).  While generating IBD matrices is the primary function of IBDLD, it also has several

other important applications including: calculation of inbreeding coefficients for each genotyped

individual per chromosome; per chromosome estimation of allelic homozygosity (homozygous by

descent  probability  [HBD]),  and  segmental  sharing  analysis.   The IBDLD software was  used to
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estimate runs of homozygosity and calculate marker derived inbreeding coefficients (FMARKER) within

the genotyped NI cohort.  To achieve this,  SNP data was extracted into separate files for each

autosome (22 total).  Running on a per chromosome basis greatly reduces the compute overhead

and, in combination with parallel processing, allowed the total analysis time to be greatly reduced.

Unless otherwise stated, all  analysis runs of IBDLD were set at  10000 simulations.  Inbreeding

coefficients, calculated on a per chromosome basis using the -ibc function of IBDLD, were averaged

for each individual to get overall genome-wide FMARKER.  Runs of homozygosity were estimated using

the -hbd function of IBDLD, again on a per chromosome basis.  IBDLD refers to marker-derived

homozygosity  as  homozygous  by  descent  (HBD),  this  is  the  probability  that  two  alleles  are

inherited from a single source (ancestor).  Use of IBDLD to infer population genomic structure in

this thesis is documented in Chapter 4.

2.5.3 KING

The open-source KING software package was designed to use high-throughput SNP data to either:

A) infer pedigree relationships and check for errors, or B) identify population substructure, with

the goal of identifying 'hidden' underlying relatedness and potential structure present in unrelated

case/control  GWAS  studies  (Manichaikul  et  al.,  2010).   The  relationship  of  a  given  pair  of

individuals is inferred by robust estimation of their kinship coefficient rapidly generated even when

using extremely large SNP sets with thousands of samples.   To identify population substructure

KING has three methods available: multidimensional scaling (MDS); principle components analysis

(PCA),  and  allele  frequency  analysis.   In  this  thesis  KING  was  used  alongside  the  PREST-plus

software for reconstruction of the NI pedigree based on the genome-wide SNP data (see Chapter 3

for more detail).

2.5.4 LAMP

LAMP is an open-source tool which uses the genotypes of admixed individuals to estimate the

number of  alleles from each ancestry  per locus for  each individual.   The aim is  to  be able to

identify regions of the genome where the proportions of ancestral populations are significantly

different than the rest of the genome.  These regions are potentially interesting in terms of their

relationships/propensity for disease association.  To estimate runs of heterozygosity (locus-specific
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admixture) within the NI pedigree the software LAMP was used  (Pasaniuc  et al., 2009).  Before

being able to analyse NI genotype data in LAMP it had to undergo several filtering steps.  First, a

batch script was set-up to call PLINK and output each autosome (chromosomes 1-22) as a separate

file,  while  at  the  same  time  recoding  the  genotypes  from  allelic  calls  to  a  binary  format

(0,2=homozyous, 1=heterozygous).  A custom BASH (native Linux script) script was then created to

format the PLINK output files into LAMP input files (a position file that contained a single column

with location information for each marker, and a genotype file with SNPs as rows and individuals as

columns).  These files were then input into LAMP (version 2.5) and run on a per chromosome basis,

with the number of ancestral populations set at 2.  The resultant output files contained locus-

specific  admixture  information  (value  between  0  and  1,  where  0  is  100%  ancestry  of  one

population and 1 is 100% of the other population) for each SNP for each individual.  The admixture

was averaged on a per locus (SNP) basis to obtain a genome-wide locus-specific admixture profile

for the NI population (see Chapter 4).

2.5.5 PLINK

PLINK is an open-source tool for whole genome analysis, and is computationally efficient across

genotype files of varying size (Purcell et al., 2007).  PLINK is a mainstay tool in any GWAS analysis,

coded in C and executed from the terminal across all platforms (Windows, Mac, Linux).  It is able to

handle extensively large genotype data sets, and is incredibly useful for initial quality assurance

testing and data manipulation.  It  has broad functionality,  including:  quality control  (QC);  data

manipulation and exporting functionality; association testing; inbreeding estimation, and runs of

homozygosity estimation.  In this thesis PLINK was used as the primary tool for genotype data

manipulation and sub-setting.  However, a major drawback of PLINK is that it lacks the ability to

handle  large multi-generational  family/pedigree  based data  and analyses,  which is  one of  the

reasons why GenABEL was the software suite selected for this task.  The use of PLINK in this thesis

is documented in Chapters 3,4,5,6 & 7.

2.5.6 PREST-plus

PREST-plus is an open-source program designed to use linkage or SNP genotype data to detect

pedigree errors, cryptic relationships and misspecified relationships (Sun, Wilder & McPeek, 2002).
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This software accepts files in PLINK ped format and is theoretically capable of handling genetic

data sets of millions of SNPs and thousands of individuals.  It is however recommended that large

genotype  data  be  reduced  by  pruning  SNPs,  i.e.  based  on  an  LD  based  filter,  to  improve

computational efficiency.  PREST-plus uses a maximum likelihood-based method (MLE) to calculate

IBD distribution (IBD0, IBD1, IBD2) in a pairwise manner between all genotyped individuals.  The

IBD probabilities are broken down as such; 

• pIBD0 is the probability that a pair of individuals share no alleles at a given locus, 

• pIBD1 is the probability that a pair of individuals share 1 allele at a given locus, and 

• pIBD2 is the probability that a pair of individuals share both alleles at a given locus.  

An overview of the 11 relationship types coded by PREST-plus can be viewed in Table 2.3.  PREST-

plus was used in the reconstruction and validation of the NI pedigree, this is detailed in Chapter 3.

Table 2.3: Relationship types and their coding according to PREST-plus

ID NAME CODE KINSHIP IBD0 IBD1 IBD2

1 Full-Sibling FS 0.25 0.25 0.5 0.25
2 Half-Sibling HS 0.13 0.5 0.5 0
3 Grandparent-grandchild GPC 0.13 0.5 0.5 0
4 Avuncular (Aunty/Uncle) AV 0.13 0.5 0.5 0
5 First-Cousin FC 0.06 0.75 0.25 0
6 Unrelated U 0 1 0 0
7 Half-Avuncular (Half-Aunty/Half-Uncle) HA 0.06 0.75 0.25 0
8 Half-First-Cousin HFC 0.03 0.88 0.13 0
9 Half-Sib+First-Cousin HSFC 0.19 0.38 0.5 0.13
10 Parent-Offspring PO 0.25 0 1 0
11 MZ-Twins MZ 0.5 0 0 1

Note: all are expected means except Parent-Offspring and MZ-twins which are exact.

2.5.7 R programming language

The R programming environment was started initially as a statistical analysis package in a similar

vein to SAS (R-Development-Core-Team, 2010).  It is an open-source project that has evolved into a

fully  developed  programming  language.   The  major  mantra  of  the  R  project  is  reproducible

research.   Over  the  course  of  this  research  project  R  has  been  used  extensively  for:  data

manipulation; statistical analyses, and graphical representation.  The majority of figures contained
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within this thesis were created using R, which allows native outputting of high-resolution (300 dpi

in this instance) figures in all popular formats (i.e. tiff, png, pdf), making them publication ready.  A

major component of R's functionality and power lies in its ability to implement a vast library of

'user' developed packages, adding near endless analysis capability.  A wide variety of R packages

were used during the course of this research, several of the more frequently used are detailed

below:

2.5.7.1 crlmm

Often data supplied from SNP genotyping runs has either been 'called' using proprietary software

and algorithms, or the raw data is in a proprietary format locked to the manufacturers specific

platform.   However,  the  crlmm  package  contains  a  set  of  statistical  routines  that  allow  the

extraction and calling of genotype data from 'raw' proprietary files that come from the Illumina

and Affymetrix based platforms (Scharpf et al., 2011).  The crlmm package has a variety of different

algorithms  that  have  been  tested  on  a  multitude  of  genotyping  platforms,  and  also  includes

functionality  to  extract  meaningful  data  for  copy  number  variants.   crlmm  was  used  to  call

genotypes for the SNP data generated in this study on the Illumina Human 610-Quad BeadChip

array.  

2.5.7.2 kinship2

The kinship2 package is a small but useful tool for basic pedigree structure analysis and plotting

(Atkinson & Therneau, 2009).  Using PED files as input kinship2 is able to perform a range of basic

pedigree-based functions, including: pedigree sorting; pedigree trimming; generation of kinship

matrices, and plotting of pedigrees (with or without affected status).  The use of the kinship2 R

package is detailed in Chapter 3.

2.5.7.3 Pedigree Structure and PED files

The structure of a pedigree explains the genetic relationship of individuals and their descendants

and relatives, and is most often described within a PED file.  These files usually consist of at least 3

columns, which contain ID data linking; the individual, the father, and the mother, within a given
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population  or  study  cohort.   Further  columns  may  be  appended  which  contain  additional

information  such  as  family  identifier  (if  there  are  multiple  families  within  a  study),  gender,

phenotype and affected status.

2.5.7.4 GenABEL  

The GenABEL open-source package provides a rich toolset for both manipulation and statistical

analysis of dense SNP data sets implemented inside the R environment (Aulchenko et al., 2007).

The  goal  of  the  GenABEL  project  is  to  make  high-throughput  statistical  genomes  “free,  fast,

transparent,  accessible  and  collaborative”.   One  of  the  major  factors  driving  the  use  of  the

GenABEL package in this thesis was the fact that it was originally developed to facilitate association

analysis  of  quantitative traits  using data coming from extended families and/or  collected from

genetically  isolated  populations.  Thus,  there  is  extensive  functional  capability  for  association

testing in population-based data, and it supports the analysis of both binary and quantitative traits.

Being based within the R programming environment allows for efficient storage and manipulation

of large genomic data sets,  very fast  association tests (which allow the modelling of  pedigree

relationships and structure), and special functions to analyse and graphically present the results.

This is also completely customisable and can be further extended with all the functionality of R.

SNP data is imported to GenABEL via a 'raw' genotype file, which is created using a set of functions

provided within GenABEL.  These functions are able to recognise and convert several  common

genotype formats,  including:  PLINK (ped,  tped);  linkage (MACH),  and  Illumina and Affymetrix

genotype files.  Once loaded there is a range of possible quality control options, which can be run

alongside,  or  instead  of,   those  implemented  in  PLINK.   The  'power'  of  GenABEL  over  other

association based software such as PLINK, is the fact that it is able to utilise both pedigree-based

relationships  and genetic  structure  within  its  analyses.   This  thesis  employs  a  pedigree-based

GWAS approach with all association testing used.  Like the SOLAR software  (Almasy & Blangero,

1998),  GenABEL  uses  a  polygenic  model  for  heritability  estimation.   This,  combined  with  the

mmscore association function, facilitated the design of a pedigree-based GWAS routine that took

into account both population structure and relatedness within the NI cohort, adding power to the

analyses (see later in this chapter for more detail on the polygenic model and mmscore).  Use of

the GenABEL R package is documented in further detail in Chapters 5,6 & 7.
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2.5.8 STRUCTURE

The open-source software STRUCTURE is a tool for inference of population structure from dense

multi-locus genotype data (Pickrell & Pritchard, 2012).  STRUCTURE requires a number of ancestral

populations, k, to be specified and uses this to infer the presence of genetic structure within given

genotype  data  (and  thus  admixture).   A  set  of  refined  SNPs  was  identified  within  a  Maori

(Polynesian)  cohort  as  effective  ancestry  informative  markers  (AIMs)  to  differentiate  between

European and Polynesian ancestry (Eccles, 2011).  Using the CEU HapMap data for the European

ancestral  population and a set of  Polynesian individuals  as a proxy for  the original  Polynesian

founders (Eccles, 2011), STRUCTURE was used to estimate both global and individual admixture for

the genotyped NI individuals based on the AIMs.  The final STRUCTURE run was set to analyse a

k=2 (max number of  ancestral  populations),  and consisted of  a  burn-in period of  50000 steps

followed by 100000 replications.  Map distances for the 23 AIMs in the form of centimorgans (cM)

was also provided to account for any potential linkage.

2.5.9 SOLAR

SOLAR  is  a  free  proprietary  software  package  with  source-code  available  on  request  after

registration.   The  SOLAR  package  is  capable  of  multiple  statistical  genetic  analyses,  including

linkage analysis, quantitative genetic analysis, and covariate screening (Almasy & Blangero, 1998).

Operations are included for calculation of marker-specific or multipoint identity-by-descent (IBD)

matrices in large complex pedigrees, and for linkage analysis of multiple quantitative traits and/or

discrete traits which may involve multiple loci (oligogenic analysis), dominance effects, household

effects, and interactions.  One of the major implementations of SOLAR in this research was for its

ability to quickly estimate heritability from a pedigree structure using the polygenic model-based

approach.  This method allowed the modelling of age, sex and genetic structure components into

the final overall model used to estimate the heritability of a given trait.
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2.6 Statistical Methodologies

Several important statistical principles were used throughout the results chapters of this thesis.  An

introductory overview and any generally applied methods of the more 'advanced' methodologies

are detailed below for each:

2.6.1 Principle Components Analysis

The Principle Components Analysis (PCA) method has become commonly used to identify patterns

in highly dimensional datasets.  A form of factor analysis, PCA is a variable reduction procedure.

When  applied  to  a  set  of  observed  variables,  PCA  will  extract  a  smaller  number  of  artificial

variables  (principle  components)  which  should  account  for  the  majority  of  the  total  variance

originally  observed.  Thus one of  the major  benefits of  PCA is  that  once an underlying set  of

components has been identified the data can be compressed with very little loss  of information.

These  component  scores  can  then  be  retained  and  utilised  in  further  analyses.   The  PCA

methodology is utilised in the exploratory ‘Phenome Scan’ experiment documented in Chapter 6.

2.6.2 Adjustments for Multiple Testing

In the situation of high-throughput genomics studies where many loci are being interrogated at

once the issue of multiple testing arises.  This issue revolves around the fact that there are a great

number of hypotheses being tested at once.   Important control  of multiple testing is required

because of the increased false discovery rate (FDR) attributed to the multiple comparisons being

made.  At the same time a decrease, or overlooking, of 'real'  associations must be minimised.

Usually in large multi-locus association analyses (such as a GWAS) an experiment-wise significance

level (αe), the probability that one or more hypotheses would be falsely rejected, is determined.  To

control  for  this,  the  corresponding  point-wise  significance  level  (αP),  the  probability  that  an

individual hypothesis would be falsely rejected, should be calculated appropriately (Li & Ji, 2005).

Bonferroni correction has been routinely used in GWAS studies; correction is obtained via this

equation (with M being the number of loci tested, i.e. SNPs in the case of a GWAS):

 α p=1−(1−αe )
(1/ M )  
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which for ease can be fairly accurately approximated by:

 α p≈αe /M  

This method of correction for multiple testing is very simple and straight forward, but it is also very

conservative,  meaning  that  'true'  significant  results  can  be  potentially  passed  over.   A  major

drawback of using Bonferroni correction when dealing with genomic data, such as SNPs, is that it

does not account for locus by locus interactions such as linkage disequilibrium and other types of

genomic structure.  The basis behind a GWAS association is that a certain background level  of

linkage disequilibrium (LD) exists between loci (SNPs), giving an increase in power to detect a gene

or region associated with the trait of interest.  This association test examines every locus within a

gene or region; in this situation under nominal significance thresholds (αP=0.05) if the LD between

loci is low (SNP alleles aren't correlated with each other) then the multiple testing FDR will be high

due to the increase in observable effective tests conducted.  On the other hand if there is near

complete  LD  between  sets  of  loci,  correction  methods  such  as  Bonferroni  will  be  overly

conservative; when loci are in tight LD, the hypothesis tests in single-locus analyses are no longer

independent.  A correction method to overcome this problem was initially outlined by Cheverud in

2001.  It was proposed that adjusting correlated tests as though they were independent according

to  a  minimum  effective  number  (Meff)  of  independent  tests  would  give  a  more  accurate

representation of true FDR (Cheverud, 2001).  The Meff correction has been incrementally improved

in terms of both calculation speed and accuracy over the last decade (Nyholt, 2004; Li & Ji, 2005),

and  was  recently  applied  across  varying  high-throughput  genotyping  platforms  and  publicly

available data (Li et al., 2012).  Due to the unique genomic structure present in the NI population it

was decided that a Meff correction threshold would be the most appropriate to adjust for multiple

testing when running GWAS, whilst still retaining a low FDR with suitable detection power.  The Meff

adjusted threshold for the NI cohort was calculated to be 1.84x10-7, this was based on the available

Illumina Human 610-Quad SNP data and is detailed in the first NI GWAS study (Cox et al., 2012).

The  Meff adjusted threshold is applied in all results chapters that detail  the use of the Illumina

Human 610-Quad SNP data in association analyses (see Chapters 5, 6 & 7).

2.6.3 The Polygenic Model

When 2 or more genes influence the same phenotype they are known as non-allelic.  A polygene is

a  group  of  non-allelic  genes  that  together  influence  phenotypic  variance  of  a  given
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trait/disease/outcome – a polygenic trait.  Each gene/variant contributes a small but additive effect

to a polygenic trait.  The majority of polygenic traits exhibit a continuous phenotypic variance, and

as such exhibit a bell-shaped distribution curve.  This is due to the fact that various combinations

of the genetic variants contribute to the overall phenotype of the trait in a given individual.  It is

also important to note that the majority of genes that contribute to a polygenic effect are also

pleiotropic, meaning that the same gene(s) may also influence multiple discrete traits.  The overall

influence of polygenic trait variance is purely genetic.  On the other hand, multifactorial traits are

determined by interactions between both genetics and environment.  Examples of polygenic traits

include human height and skin colour, and complex diseases such as T2D.

The polygenic model takes into account the fact  that potentially thousands of genetic variants

contribute to a trait phenotype.  The function implemented in GenABEL maximises the likelihood

of  the  data  under  a  polygenic  model  with  covariates  and  reports  twice  negative  maximum

likelihood estimates and the inverse of the variance-covariance matrix at the point of maximum

likelihood.   The polygenic  model  within GenABEL implements  variance components defined to

account for linked major gene effects, background polygenic effects, and environmental effects.

(Chen & Abecasis, 2007)

Example usage in GenABEL (basic arguments):

polygenic(formula, kinship.matrix, data, trait.type='gaussian')

Where: formula describes the fixed effects to be used in the analysis, e.g. y ~ a + b means that

outcome/trait (y) depends on two covariates, a and b. If no covariates used in the analysis, skip the

right-hand side of the equation (example formula: BMI ~ age + sex); kinship.matrix is either

the genomic kinship or pedigree-based kinship matrix;  data is the GenABEL GWA data set, and

trait.type is either "gaussian" or "binomial" (Aulchenko et al., 2007). 

GenABEL is able to accept pedigree based kinship, but can also derive a genetic kinship from a

dense set of SNP markers (for a review of this method see (Astle & Balding, 2009)).  It is reported

by the authors of GenABEL that the genetic kinship matrix can usually lead to higher power when

considering large pedigrees with high heritability (see GenABEL manual).  This is most likely due to

the fact that the genomic based kinship better reflects the actual relationships within a pedigree,
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i.e. it is able to overcome potential errors in genealogy that may exist in the recorded pedigree,

and additionally, a pedigree only gives an expectation of sharing, whilst GRM estimates realised

sharing.  In this thesis a close relationship was observed between pedigree and genetic kinship,

this is explored in more detail in chapters 4 and 5.

Heritability  (discussed earlier  in  Chapter  1)  is  the proportion of  the overall  multifactorial  trait

variance that is explained by genetics.  The polygenic model as implemented in software such as

GenABEL and SOLAR is capable of estimating the narrow sense heritability of a trait (h 2).  Another

of the major uses of the polygenic function as implemented in GenABEL is to estimate residuals of

the trait and the inverse of the variance-covariance matrix for further use in association analysis

with the mmscore function.

2.6.4 mmscore 

When an association study cohort contains related individuals,  not  accounting for  correlations

between the tested phenotypes can lead to the detection of false positives.  To handle the higher

degree of  relatedness  observed between the NI  samples,  the mmscore function implemented

GenABEL was used.  This function represents a mixed model approximation analysis for association

between a trait and genetic polymorphism, and is specifically designed for association testing in

samples  of  related  individuals.   This  allows  for  per  SNP  association  testing  using  a  polygenic

(mixed) model approach.  Additionally, when sample and marker (SNP) numbers are increasing, it

is more computationally efficient and faster using a mixed-model approach such as mmscore.  This

test is similar to that implemented in other family-based association approaches (Chen & Abecasis,

2007)

Example usage in GenABEL (basic arguments):

mmscore(h2object, data, snpsubset, idsubset)

Where:  h2object is  the  polygenic  model,  data is  the  GenABEL  GWA object,  snpsubset and

idsubset are used to define selected subsets of markers and individuals, these are off by default

(Aulchenko et al., 2007).  
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2.7 General Note on Thesis Structure

From here-on forwards this thesis is organised into a series of five results chapters.  These chapters

have been constructed and written as  self  contained sections of  work,  formatted as  scientific

manuscripts for publication.  As such, all chapters have a separate references section at the end, as

opposed the the traditional large references list at the back of the thesis.  Supplementary materials

(additional figures and tables) are also located at the end of each results chapter where available,

this is located directly after the references.  There is also an attached CD which holds Appendix

information which was deemed to be too large to be contained within the pages of this thesis.

At the beginning of each results chapter there is a preface section which summarises the preceding

chapter,  and  then  gives  a  brief  overview  of  what  is  to  come.   Where  applicable  outside

contributions have been acknowledged (declaration) at the start of the results chapter on a page

similar to a scientific manuscript title page.  

The  final  chapter  (Chapter  8)  summarises  each of  the results  chapters  and reports  the major

findings and conclusions.  Here future research directions are also explored before concluding with

a final summation.  

Publication status of results chapters

Chapter 6, which documents the eQTL analysis, has been accepted for publication in The American

Journal of Human Genetics (as of November 2013).  The four additional data chapters (Chapters

3,4,5  and  7)  have  been  prepared  for  publication  and  are  anticipated  to  be  submitted  for

consideration  to  appropriate  journals  within  a  timely  fashion  (Chapters  5  and  7  have  been

circulated for co-authors consideration).
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Chapter 3: Pedigree Reconstruction and

Baseline Phenotype Statistics in the NI

Population

3.1 Preface

The previous chapters introduced the study population of Norfolk Island and expanded upon the

inhabitants' unique history.  One of the fundamental properties that provides power in an isolate

population study is the genealogy, or pedigree structure, of the cohort.  As discussed in Chapters 1

& 2, a detailed genealogy documenting the 11 generations of the Norfolk Island pedigree has been

well  kept  and maintains  records  of  births,  deaths  and  various  identifying  characteristics  of

members.  

This chapter details the important foundation analyses carried out at the beginning of this research

project.   This  consisted of  the reconstruction and validation of  a more accurate  core-pedigree

structure using dense genome-wide SNP data, and the prevalence/risk calculations for Metabolic

Syndrome, Type-2 Diabetes risk and CVD-risk within the Norfolk Island cohort.  This initial work

was necessary and fundamental to the research conducted throughout the rest of this thesis.
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3.2 Abstract

Aims

To reconstruct and validate the Norfolk Island (NI) pedigree using a dense set of SNP markers and

use this to estimate heritability of clinical traits.  Additionally, prevalence and risk prediction scores

were calculated for metabolic syndrome (MetS), cardiovascular disease (CVD) and type-2 diabetes

(T2D).  

Methods

Using a range of software tools (KING, PREST, Kinship2) and dense genotype data the previously

established pedigree was reconstructed, and relationship errors were checked and validated.  The

software SOLAR was used to estimate genetic heritability of a set of clinical  phenotypes.  Risk

prediction and clinical diagnostic tools were ported in R to estimate risk/prevalence of MetS, CVD

and T2D in the NI cohort.

Results

Several pedigree errors (misspecified relationships) and cryptic relationships were identified and

filtered from the pedigree. The core-pedigree now represents 1388 individuals directly related to

the original founders and spans 11 generations.  Estimated individual trait heritabilites ranged from

h2 0.23-0.91,  indicating  strong  underlying  genetic  components  to  numerous  MetS  related

endophenotypes in the NI cohort.  Several key metabolic traits exhibited statistically significant h 2

(P<0.05): LDL (0.45); cholesterol (0.43); waist circumference (0.39); weight (0.38); body fat (0.38).

Additionally,  both prevalence of  MetS (26.4%) and estimated high risk  of  CVD (12%) and T2D

(42.9%) were noticeably higher in NI than mainland Australia.

Conclusions

Cleaning and reconstruction of  the core-pedigree was achieved,  and this  was used to identify

metabolic traits with significantly heritable components within the NI cohort.  Clinical diagnosis of

MetS and risk of CVD and T2D revealed that the NI population show increased risk of metabolic

dysfunction.  These results imply a strong statistical genetic basis to MetS and related traits in the

NI population and justified the undertaking of molecular genetic studies, thus setting the scene for

the studies documented in the following chapters.
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3.3 Introduction

3.3.1 Norfolk Island Pedigree structure and revision

It is well established that isolated populations provide increased power to detect rare alleles and

potential disease associated markers in disease gene mapping and association studies (Shifman &

Darvasi, 2001; Heutink & Oostra, 2002; Kristiansson, Naukkarinen & Peltonen, 2008).  The utility of

an  isolated  population  is  largely  due  to  the  relationship  information  contained  within  the

populations  pedigree,  which  links  all  the  individuals  and  contains  relationship  information

spanning generations.  With the availability of dense SNP genotyping arrays and next generation

sequencing more sophisticated analytical tools are being developed to identify pedigree errors and

cryptic relationships thus increasing the accuracy of information contained within a pedigree.

Time was spent reconstructing the NI pedigree based around the sampled core pedigree members

and  their  immediate  relations.   The  core  genealogical  pedigree  structure  was  plotted  using

Kinship2  (Atkinson & Therneau,  2009) and R  (R-Development-Core-Team, 2010),  while possible

errors in the pedigree structure will be identified with PREST.  Having a robust pedigree structure

based  on  genealogy  and  validated  by  genetics  will  provide  an  invaluable  resource  for  future

heritability and genotype imputation operations.  A range of software tools: PLINK (Purcell et al.,

2007);  KING  (Manichaikul  et  al.,  2010);  PREST  (Sun,  Wilder  &  McPeek,  2002),  and  GenABEL

(Aulchenko et al., 2007), were used to validate and correct any erroneous pedigree relationships in

light of available genotype data.  The software PREST is able to accept genotype data in PLINK

format to identify cryptic relationships and correct any errors within the pedigree structure.  The

corrected pedigree structure forms the basis of all heritability and linkage analyses.

The PREST software accepts both the genealogical pedigree structure as well as genome-wide SNP

data to robustly infer and interrogate a pedigree for misspecifications and cryptic relationships.

PREST is able to infer up to 11 potential relationship types in a pairwise manner using a SNP set to

calculate  identity  by  descent  (IBD)  indices.   By  plotting  IBD0  (the  probability  that  a  pair  of

individuals share no given allele) against IBD1 (the probability that a pair of individuals share one

given  allele)  relationship  types  can  be  determined  by  their  location  (Figure  3.1).   Significant
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deviation of a pairwise relationship is indicative of error within the pedigree structure, which may

then be interrogated and corrected (or removed if a resolution is not possible).
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Figure 3.1:Plot showing the 11 IBD relationship types as defined by the PREST software package.
IBD0 is the probability that a pair of individuals share no given allele.  IBD1 is the probability that a
pair of individuals share one given allele.  

Annotation: AV (avuncular); FC (first cousins); FS(full siblings); GPC (grand parent – grand child); HA
(half avuncular);  HFC (half first cousins); HS (half siblings); HSFC (half siblings first cousins);  MZ
(monozygotic twins); PO (parent – offspring), U (unrelated).  



A large multi-generational NI pedigree has previously been reconstructed (Bellis et al., 2008b), and

later refined using microsatellite data  (Macgregor et al.,  2010); Chapter 1 Figure 1.4.  A recent

recollection of the 10 year follow-up Norfolk Island Health Study (NIHS) samples, as well as the

reconciliation with Norfolk Island Eye Study (NIES) data, and the availability of dense genotype

data (SNPs) provide an opportunity to further validate and reconstruct the pedigree, with the aim

of increasing accuracy and power for use in disease mapping studies.  Using updated reconciled

questionnaire data the pedigree has been expanded upon to reconstruct an extended NI pedigree

structure (Figure 3.2 A).  This structure represents the direct relatives (ancestors and descendants)

of all sampled NI core-pedigree members.  Shown in Figure 3.2 B is the spread of individuals with

available genotype and phenotype information, indicated in red.  A proxy of maternal Polynesian

ancestry can be obtained by tracing the mitochondrial  DNA (mtDNA) from the original  female

founders down through the ~11 generations.  It is interesting to note that a substantial proportion

of present day generations (the last 4-5) are expected to have Polynesian founder mtDNA (Figure

3.2  C).   A  next  generation sequencing  project  is  currently  being  conducted  on  ~350  sampled

individuals to explore the mtDNA linages of NI.  

As can be viewed in Figure 3.2, there is a lot of 'redundancy' in the pedigree; whole branches of

the tree that  contain individuals  with no available information (phenotype/genotype) and also

don't  contribute to the other structure of the pedigree.  It  was decided to therefore trim the

pedigree  structure  back  based  on  maximising  the  amount  of  information  in  terms  of  both

genotype/phenotype data as well as relationship, whilst removing the present redundancy.  The

final  reconstructed  pedigree  will  then  be  used  to  investigate  the  unique  genomic  structure

inherent in the NI population (see Chapter 4 for further detail).   Important population genetic

indices  such  as:  IBD  (Identity  By  Descent);  IBS  (Identity  By  State);  inbreeding  coefficients  (F);

kinship coefficients, and European/Polynesian admixture will be recalculated in light of pedigree

validation and correction using SNP data.  The pedigree structure will also form the basis of further

disease gene mapping and association-based methods to explore the genomic components  of

metabolic dysfunction in the NI cohort (see Chapters 5,6 & 7 for further detail).
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Figure 3.2: An initial reconstruction of the NI pedigree



By utilising  a  dense genome-wide set  of  SNP markers  and specially  designed software the NI

pedigree was further refined by the correction of misspecification errors and removal/resolution of

cryptic relationships.  The cleaning and reconstruction of the NI pedigree should further increase

the  power  of  detection  of  rare  variants  associated  with  complex  disease.   Using  the  newly

validated and reconstructed pedigree heritabilities of endophenotypes will be calculated, given an

indication  of  the  degree  of  genomic  components  which  potentially  contribute  to  metabolic

dysfunction with the NI population.  The clinical diagnosis of MetS and estimation of risk for CVD

and T2D will further confirm the NI cohort as an informative population for study of the genetics of

complex disorders. 

3.3.2 Heritability of Clinical Endophenotypes

One  of  the  benefits  of  having  available  pedigree  information  is  the  ability  to  calculate  trait

heritability (h2); heritability represents the proportion of the trait variance in the population that is

explained by inherited genetic (or DNA-based) factors.  Heritability is therefore a measure of both

the  genetic  and  non-genetic  contributions  which  explain  the  overall  variance  in  an  observed

phenotype.  As a population-specific parameter, heritability is affected by variable properties such

as allele frequency, the effects of gene variants, as well as local environmental conditions (Visscher,

Hill & Wray, 2008).  In terms of the estimation/calculation of heritability, there are two main types;

broad-sense heritability (H2) and narrow-sense heritability (h2).  Broad-sense heritability explains

phenotypic  variation due to genetic effects  which include,  but  are  not  limited  to,  dominance,

epistasis  and  epigenetics,  while  narrow-sense  heritability  explains  the  variance  that  is  solely

additive  genetic  (Wray  &  Visscher,  2008).   Studies  of  isolated  founder  populations  with  well

documented  genealogical  information  are  also  useful  for  the  calculation  and  estimation  of

population-based trait heritability (Abney, McPeek & Ober, 2001).  This is attributed to the fact that

the  coefficient  of  relatedness  indicates  the  proportion  of  genes  relatives  share,  and  it  also

increases as more closely related individuals are compared.  
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3.3.3 MetS, CVD and T2D risk calculation in the NI population

As discussed in detail  in Chapter 1, the Metabolic syndrome (MetS) is a clustering of common

disorders  (eg.  obesity,  insulin  resistance,  hypertension  and  high  cholesterol).   MetS  greatly

increases risk of type-2-diabetes (T2D) and cardiovascular disease (CVD) and prevalence is on the

increase  in  Australia.   The  onset  and  severity  of  MetS  is  influenced  by  a  combination  of

environmental  factors  (i.e.  high  fat/sugar  diet,  smoking,  physical  inactivity)  and  genetically

heritable  modifiers.   Understanding  the  “envirogenomic”  risk  profile  of  MetS  should  help

personalise the prevention and treatment of this growing public health issue.  The use of genetic

isolates can facilitate the identification of envirogenomic risk factors of complex disease because of

reduced genetic and environmental diversity.  

The prevalence of MetS and individual risk scores for both CVD and T2D have not previously been

investigated in the NI cohort.  Having this information established is important for future studies

involving complex metabolic disorders within the population.  It has been previously reported that

the NI population has an increased prevalence of complex metabolic disorders such as CVD, as

indicated by an above 'normal' level of metabolically related clinical endophenotypes (Bellis et al.,

2006).  Previous studies have also identified specific genomic loci associated with CVD and related

traits using linkage based approaches and a set of micro-satellite markers (Bellis et al., 2008a; Cox

et al., 2009).  The substantial degree of heritability for many of the MetS related endophenotypes,

as well as the difference in prevalence between mainland Australia and NI populations for CVD and

general metabolic dysfunction risk, indicate a significant genetic component for MetS and further

justify  molecular  genetic  work.   To  date  no  research  into  metabolic  dysfunction  and  related

endophenotypes has been conducted in the NI cohort using the available genome-wide SNP data.

This will allow for the development of pedigree based genome-wide association based methods,

and  will  facilitate  the  application  of  a  multi-omics  based  approach  when  combined  with  the

recently obtained gene expression data.  
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3.4 Methods

3.4.1 Sample/cohort collection, Pedigree Information and Ethics

The Norfolk Island Health Study (NIHS) is well established  (Bellis  et al., 2006, 2008a; Cox  et al.,

2009).  The NI pedigree structure was previously outlined in Bellis et al 2008 (Bellis et al., 2008b),

and has recently been updated in Macgregor et al 2010  (Macgregor  et al., 2010).  The updated

pedigree structure includes ~5700 NI individuals, spanning 11 generations and ~200 years.  This

study focused on a reduced ‘core-pedigree', meaning that individuals: a) were genetically related

to the original  founders, and b) had phenotype and genotype information available.  The total

number of core pedigree members examined was 330 (152 male, 178 female, excluded individuals

under the age of 18) and spans  4 generations at its greatest depth.  All individuals gave written

informed consent. Ethical approval was granted prior to the commencement of the study by the

Griffith University Human Research Ethics Committee.

3.4.2 Genome-wide SNP Genotyping

EDTA anticoagulated venous blood samples were collected from all participants. Genomic DNA was

extracted from blood buffy coats using standard phenol-chloroform procedures.  Genome-wide

SNP genotyping was carried out using the Illumina Human 610-Quad v1.0 BeadChip.  Raw data

from Illumina idat files was SNP genotyped in R using the CRLMM package (Scharpf et al., 2011).

Genotype data then underwent QC routines using PLINK (Purcell et al., 2007).  Briefly, SNP analysis

was restricted to autosomal SNPs (CNV probes were removed) with minor allele frequency >0.01,

call rate >0.95 and Hardy-Weinberg equilibrium testing p-value>10−5.  After quality control, 590,603

SNPs were used for association analyses with expression. Genotype data was then exported from

PLINK as either binary PED files or tped files.

3.4.3 Pedigree Validation, 'Cleaning' and Reconstruction

The NI genealogy is kept and maintained by inhabitants of the island, the information is stored

using the software Brothers Keeper (Steed, 2010).  Data was extracted from Brothers Keeper as a

GEDCOM file,  which allows the pedigree structure to be interpreted and displayed by various
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software packages.   The R package Kinship2  (Atkinson & Therneau,  2009),  a pedigree analysis

package implemented in the R environment, was used to visualise, manipulate and output the

pedigree file(s).  Kinship2 has a number of functions including; family calculation and grouping,

calculation of kinship coefficients, and plotting of multi-generational pedigrees.  One function that

Kinship does not have is the ability to utilise available genetic data (SNPs, CNVs, STRs) to validate

and error check pedigree relationships.  There are however alternative programs such as PLINK

(Purcell  et  al.,  2007),  KING  (Manichaikul  et  al.,  2010) and PREST  (Sun  et  al.,  2002) which can

provide this functionality (all software packages are detailed in Chapter 2). 

3.4.3.1 KING – robust pedigree checking

KING is a software package geared towards the inference of family relationship, but has several

different  functions,  one  being  a  utility  to  identify  population  substructure.   Prior  to  pedigree

validation the SNP data was 'cleaned' in PLINK for mendelian and sex errors.  The first step of the

validation process  was  the  KING analysis,  this  step  required  only  autosomes;  X,  XY,  Y  and mt

(mitochondrial) SNPs were excluded using PLINK, non-founder alleles and CNV markers were also

pruned out during this process.  The resultant genotype data set included 556,861 SNPs to be used

for relationship inference.  The robust pedigree checking algorithm in KING was run across all 22

autosomes using the available pedigree structure based around all  genotyped individuals.  The

output file contains expected kinship, IBS0 and estimated kinship (among other variables).  The

error checking is done by matching expected kinship (from pedigree) to estimated kinship (from

pairwise comparison of genotype data).  For every pairwise calculation there is an error score of

either 0 (no error), 0.5 (warning), and 1 (error).  The KING results were loaded into R and kinship

errors were investigated.  Errors were filtered based on 2nd-degree or higher relatives/kinship.

3.4.3.2 KING – principal components

Three  methods  are  available  in  KING:  Multidimensional  Scaling  (MDS);  Principal  Component

Analysis (PCA), and allele frequency analysis (mean and variance).  A PCA approach was decided

upon as it has been established as a widely-used method to identify population substructure. In

KING  the  family  structure  is  integrated  into  the  PCA  implementation.   For  the  calculation  of

principle components the software package KING was used.  In PLINK, an LD filter was applied to

reduce the number of total SNPs (original SNP set was ~600000 and LD pruned was ~90000).  This

LD prune step was performed as there is no increase in power/accuracy in KING analysis with large
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SNP sets, only drastic increases in compute time.   The SNP subset was imported in KING (files were

PLINK .BED format), and a PCA was run to determine the genetic interaction between SNPs.  The

output from the KING run contained the first 20 principal components/ancestry coordinates, which

were saved in files kingpc.dat and kingpc.ped.  The top 4 of these PC were extracted and carried on

for use in modelling substructure in future analyses (see Appendix 2 on the attached CD for a table

of the top 4 PCs).

3.4.3.3 PREST – Pedigree Error Checking and Identification of Cryptic Relationships

In an attempt to confirm the above errors it was decided to run the pedigree through the software

PREST, and then compare the results with the output from KING.  Prior to running PREST the SNP

set had to be reduced, this was again achieved by running an LD filter in PLINK.  This reduced the

SNP set to ~90k; 50k SNPs were recommended in the PREST manual however no apparent increase

in computational time was observed.  The results from PREST were visualised using custom plotting

scripts in R.

3.4.4 Baseline Phenotype Data and MetS, CVD and T2D risk score calculation in NI

3.4.4.1 Sample

The NIHS is already well established from previous research: baseline statistics for CVD and related

traits  (Bellis  et al., 2006), linkage analysis  (Bellis  et al., 2008a), Principle Component Analysis for

CVD  (Cox  et  al.,  2009).   However,  none  of  the  previous  research  into  the  NI  population  has

investigated MetS prevalence. The study group of individuals used are core-pedigree, meaning that

they  related  back  to  the  original  founders,  and  have  phenotype  and  genotype  information

available.  The total  number  of  core  pedigree members used was n=330 (this  was adjusted to

excluded individuals under the age of 18).  

Baseline statistics were calculated for 37 endophenotype traits – these included all the biochemical

measures  as  well  as  body  size  and  composition  traits.   Phenotypic  baseline  statistics  were

calculated  in  R  2.15  (R-Development-Core-Team,  2010).   The  NI  pedigree  structure  has  been

previously outlined in Bellis (Bellis et al., 2008b), and has recently been updated (Macgregor et al.,

2010).  The updated pedigree structure  includes ~5700 NI individuals, spanning 11 generations
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and ~200 years.  This extended pedigree was used by SOLAR to estimate heritability (h 2)  for the

clinical endophenotypes.

3.4.4.2 Clinical Trait Heritability Analysis

The genetic analysis  software suite SOLAR  (Almasy & Blangero,  1998) was utilised to calculate

narrow-sense heritability (h2) estimates for all clinical endophenotypes.  All traits were screened

for covariant effects of age and sex interactions using the polygenic linear mixed-effects model as

implemented in SOLAR.  All traits for which SOLAR calculated as having a high kurtosis were log

transformed before calculating heritability estimates.

3.4.4.3 Clinical analysis – estimation of metabolic risk traits in the Norfolk Island population

All clinical diagnostic and risk prediction calculations were conducted on both the NI cohort and an

available  Polynesian  cohort.   Where  possible  disease  risk  and  prevalence  was  compared  to

mainland Australia to assess relative risk.

3.4.4.4 Metabolic Syndrome

Clinical diagnosis of MetS was conducted using the ‘harmonised’ criteria (Eckel et al., 2010). Briefly,

to be diagnosed with MetS under the harmonised criteria a patient must meet 3 or more of the

following 5 conditions:

• Elevated waist circumference (population/country specific, see Alberti (Alberti et al., 2009))

• Elevated triglycerides (>1.7mmol/L)

• Reduced HDL cholesterol (<1.03mmol/L male, <1.29mmol/L female)

• Elevated blood pressure (or hypertension medication)

• Elevated fasting plasma glucose (>5.6mmol/L) (or hyperglycemia medication)

The harmonised criteria for MetS was scripted into the programming and statistical language R,

and was then used to calculate MetS in the NI and Polynesian cohort populations.  An individual

was determined to be diagnosed with MetS if they met 3 or more of the above conditions.  Waist

circumference was adjusted accordingly in the Polynesian cohort (Rush et al., 2009a).
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3.4.4.5 Type-2 Diabetes

The  risk  of  developing  T2D was  estimated in  NI  and compared with mainland Australian  and

Polynesian populations.  The risk equation used was based on the AUSDRISK tool  (Chen  et al.,

2010) available as a self-completion form online (http://tinyurl.com/kgtzqed), and more recently as

an interactive online tool:

(http://www.health.gov.au/internet/main/publishing.nsf/Content/diabetesRiskAssessmentTool).

The AUSDRISK tool was developed into an R script and was used to calculate a risk score for each

individual using the required trait information.  Accordingly, waist circumference was adjusted in

the Polynesian cohort (Rush et al., 2009a). 

3.4.4.6 CVD

Risk of developing CVD was estimated using the NZ PREDICT-CVD equation (Bannink et al., 2006).

The PREDICT-CVD tool was developed into an R script and was used to calculate a percentage risk

of developing CVD over the next 5 years for each sampled individual.  CVD risk of the NI population

was compared to that estimated in the Polynesian cohort.  Accordingly, waist circumference was

adjusted in the Polynesian cohort (Rush, Crook & Simmons, 2009b).
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3.5 Results 

3.5.1 Pedigree reconstruction and validation 

Using a dense set of SNP markers and detailed genealogy information the NI pedigree has been

reconstructed and validated.  Initial analysis in the software KING reported that only one family is

present, which was as expected as the genealogy detail a large multi-generational genetic isolate.

A relationship summary indicated that there were discrepancies between the genealogy (Pedigree)

and  the  Inference  (SNP  data)  (Table  3.1).   The  KING  relationship  summary  reported  that  the

pedigree contained 2978 total  relatives,  however  the genotype data inferred 2782,  suggesting

misspecified relationships within the genealogy.  This is likely due to factors such as human error,

undisclosed details (adoptions, multiple marriages etc).  The inference based on genotype data

detected 3 monozygotic twin/duplicate relationships within the samples (Table 3.1).  The samples

involved were investigated and it was discovered that two duplicates (one an ID mix up) and a pair

of MZ twins had been included in the genotype analysis; these samples were removed from all

further analyses.   The increased number of inferred 2nd-degree relationships is likely partially due

to the increased level of consanguinity within the population.

Table 3.1: Relationship summary generated by KING.

Source MZ/Dup PO FS 2nd 3rd Other

   Pedigree 0 318 261 682 1717 125293

   Inference 3 305 232 1089 1153 125489

Note: Monozygotic twins/duplicate (MZ/dup), Parent Offspring (PO), Full Sibling (FS), 2nd degree (2nd), 3rd 

degree (3rd)

When data from the KING analysis was filtered in R numerous relationship errors were identified

(Figure 3.3 A).  A total of 9490 potential errors were reported.  These errors were then filtered

based  on  2nd-degree  or  higher  relatives/kinship,  this  reduced  the  number  of  erroneous

relationships to 270.  It was observed that one individual (1011) in particular was over represented

in these errors.  When 1011 was filtered out the number of errors dropped to 43, representing 35

individuals.  Where possible these relationships were rectified using the available genotype and

genealogical information.  
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Figure 3.3: Additional quality control plots for error detection and relationship validation in the NI
core-pedigree.  Panel A shows relationship types as determined from robust estimation in KING, at
least one pairwise relationship falls in the duplicate/MZ twins section of the plot.  Panel B shows
individual level allele frequency within the genotype individuals.  Panels C and D show the pairwise
plots of the top 4 principle components generated from genotype data in KING.



In the case of a resolution not being possible the sample was removed from the cohort.  This

resulted in the removal of 7 samples from the genotyped cohort, however the position within the

pedigree was maintained by using dummy IDs to avoid breakage and loss of information.

The possibility of population substructure was explored using a MDS (Multidimensional Scaling

with the Euclidean distance - also implemented in KING) based approach.  By default this extracts

the 20 top principal  components  (or  ancestry  coordinates).   By  plotting these components  an

indication of structure within a population can be explored.  The top 4 components are plotted in

Figure 3.3 C and D.  Plotting PC1 against PC2 indicates potential structure which may be due to the

European/Polynesian ancestry within the NI cohort. All the PC plots are very similar to the PC3

against PC4 plot, indicating the presence of one main ancestral group with a few outliers, i.e. due

to admixture and/or outsider founders.  Visible outliers in these plots are likely to represent a small

group  of  individuals  who  were  (or  descendant  from)  outside  founders  and  have  no

genetic/ancestral link to the original NI founders.

Further quality control (QC) procedures conducted in the software PREST generated a set of IBD

indices, which facilitated the visualisation of estimated genetic relationships within the pedigree

structure  (Figure  3.4).   A  total  of  11  relationship types  can  be  visualised  and interrogated  by

plotting IBD0 (the probability that a pair of individuals do not share a given allele) against IBD1 (the

probability  that  a  pair  of  individuals  share  one  given  allele).   For  any  given  relationship  type

significant deviations from the red mark indicate potential relationship error.  These results confirm

the errors that were identified in the KING analysis;  of particular interest is the unrelated plot

(Figure 3.4, top left corner).   It  can be seen that there are samples with misspecified pedigree

relationships that are in fact unrelated genetically, this includes the 3 samples that pertain to the

MZ twins and sample duplications.  It is also important to remember that population structure and

inbreeding will  have an effect on these relationship types, meaning that small  deviations away

from  the  estimated  relationship  are  to  be  expected  in  some  situations  (i.e.  in  the  case  of

inbreeding these values will shift slightly, however the relationship remains 'correct').
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Figure 3.4:Relationships inferred by PREST using the 'raw' pedigree data.



After  correcting  misspecified  and  cryptic  relationships  and  filtering  out  unresolvable  pedigree

errors/sample  mix-ups,  individuals  and  families  that  weren't  genotyped/phenotyped  and  who

were identified as not contributing important connections and/or relationship information were

removed.  This reduced the overall pedigree size down to 1388 individuals.  This represented the

reconstructed and validated core-pedigree for  the NI-cohort,  which was plotted using Kinship2

(Figure  3.5).   Using the 'affected'  function of  the Kinship2 package the mtDNA lineage  of  the

original Polynesian founders was able to be traced throughout the reconstructed pedigree (Figure

3.5 A).  As mtDNA is only inherited through the maternal  line only female descendants of the

Polynesian founders are able to pass this down.  It is observed that several of the maternal lines do

not make it in to the present day generations of sampled individuals, however there are at least 3

maternal lineages that persist to this day (current research under-way to establish proportion).

To further explore this idea of visual tracing through the pedigree an adaptation was made to the

'affected' function in the Kinship2 R package.  This allowed the plotting of a given phenotype(s)

which could easily be visually traced through the pedigree structure, further showing the utility the

pedigrees  in  disease  association  studies.   Multiple  phenotypes  may  be  visualised  in  a  single

pedigree  using  the  'affected'  function,  as  an  example  of  this  in  the  revised  core-pedigree

Polynesian mtDNA lineages were chosen alongside an indication of whether or not an individual

was  a  migraine  sufferer  (Figure  3.5  B).   As  previously  implemented,  the  coloured  pedigree

members  indicate  those  expected  to  have  inherited  mtDNA  from  the  founding  Polynesian

members.  In this situation the filled coloured symbols indicate those individuals with Polynesian

mtDNA who also suffer from migraine.  

An additional custom script alongside the Kinship2 package added further functionality in terms of

pedigree  trimming  and  plotting.   Figure  3.6  portrays  a  'large'  migraine  family  (chosen  as  an

example phenotype which spans 4 generations) that has been trimmed out of the larger pedigree

based on their affected status, again the filled symbols indicate those individuals within the family

who are migraine sufferers.  This level of functionality allows for quick plotting and visualisation of

a given trait or status throughout the entire pedigree and begins to demonstrate some of the

utility of the NI pedigree and the power of population isolates in the mapping and identification of

disease genes/markers. 
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Figure 3.6:A 4 generation family of migraine sufferers was trimmed from the larger pedigree. The
filled symbols indicate affected individuals. 



3.5.2 Clinical risk analysis and prevalence in the NI population

3.5.2.1 Updated Phenotype data 

The NIHS cohort and dataset are already well defined (Bellis et al., 2006; Cox et al., 2009), but for

consistency  baseline  statistics  for  all  MetS  related  variable  traits  were  recalculated  from  a

reconciled version of the original Microsoft Access Database which contained the phenotype data

from both the NIHS2000 and NIHS2010 collections.  The statistics reported in Table 3.2 represent

the endophenotype data available for core-pedigree individuals within NIHS2000 (n=330, removed

7 under-age participants from initial sample collection).  These individuals are direct descendants

of the original founders and have both phenotype and genotype information as part of the NIHS.

It has been previously identified that the NI cohort exhibits risk of CVD and metabolic dysfunction

via increased levels of key clinical endophenotypes  (Bellis  et al.,  2006).  As can be seen in the

statistics of the clinical traits, key components of MetS and CVD show above normal levels in the

sampled NI cohort (Table 3.2).  
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Table 3.2: Descriptive statistics for 37 traits measured for the NI pedigree

Trait
Total

(mean)
Std dev N

Male
(mean)

Std dev N
Female
(mean)

Std dev N

Age 49.38 15.87 330 48.93 15.53 152 49.77 16.20 178

Height 1.70 0.09 329 1.77 0.07 152 1.65 0.06 177

Weight 76.71 16.04 329 86.11 14.10 151 68.73 12.99 178

Waist Circumference 87.40 13.89 311 95.43 10.77 139 80.91 12.71 172

Hip Circumference 102.09 9.60 311 103.61 7.04 140 100.85 11.13 171

WHR 0.86 0.08 310 0.92 0.06 139 0.80 0.06 171

BMI 26.47 4.62 328 27.58 4.17 151 25.53 4.78 177

Body fat % 30.08 8.78 326 24.01 6.51 150 32.26 6.96 176

SBP 130.48 24.32 325 136.32 21.39 151 125.41 25.59 174

DBP 77.06 13.47 325 80.25 13.80 151 74.30 12.58 174

Glucose 5.62 0.96 315 5.77 0.99 147 5.48 0.92 168

Total Cholesterol 5.64 1.11 330 5.81 1.09 152 5.50 1.11 178

Triglycerides 1.99 1.17 330 2.29 1.23 152 1.72 1.05 178

Chol/HDL ratio 4.32 1.33 327 4.83 1.31 150 3.89 1.19 177

HDL-C 1.38 0.34 327 1.26 0.29 150 1.49 0.35 177

LDL-C 2.85 0.97 329 3.03 0.94 151 2.70 0.97 178

Albumin 41.54 2.73 327 42.11 2.76 151 41.05 2.62 176

Globin 29.64 3.45 327 29.65 3.66 151 29.63 3.28 176

Total protein 71.18 4.66 327 71.75 5.02 151 70.69 4.27 176

LDH 124.46 34.53 327 126.04 31.58 151 123.11 36.91 176

Creatinine 81.29 16.75 326 89.40 16.22 150 74.38 13.88 176

Total Bilirubin 7.59 4.19 327 8.25 4.20 151 7.02 4.10 176

Direct Bilirubin 2.55 1.43 324 2.68 1.47 149 2.45 1.40 175

Alk Phos 63.47 18.34 327 68.07 19.21 151 59.53 16.62 176

GGT 27.97 29.23 327 36.92 34.34 151 20.29 21.26 176

ALT 18.13 11.61 327 21.46 12.15 151 15.27 10.34 176

AST 21.37 9.36 327 23.55 9.54 151 19.50 8.81 176

Uric acid 0.34 0.09 324 0.40 0.08 151 0.30 0.08 173

Sodium 140.35 2.42 326 140.89 2.57 151 139.88 2.18 175

Potassium 4.23 0.70 327 4.22 0.52 151 4.23 0.83 176

Chloride 102.46 17.03 322 101.55 2.66 148 103.23 23.03 174

Bicarbonates 29.07 3.29 327 29.45 2.75 151 28.74 3.66 176

Anions 13.74 3.25 327 14.06 3.61 151 13.47 2.88 176

Urea 5.65 1.50 327 6.07 1.32 151 5.28 1.56 176

Calcium 2.38 0.10 327 2.39 0.01 151 2.37 0.11 176

Phosphate 1.14 0.71 327 1.13 0.75 151 1.16 0.68 176

Iron 16.53 4.98 326 17.29 4.81 150 15.88 5.05 176
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3.5.2.2 Heritability Analysis for Individual Baseline Traits

The reconstructed core-pedigree was used to estimate endophenotype heritability within the NI

cohort Table 3.3.  Height was used as an indicator that calculated heritability scores were sensible.

The calculated heritability for height was ~0.90 which falls within the accepted values based on

previous  estimations.   Other  MetS  traits  of  interest  such  as  SBP  (h2=0.32),  HDL-C  (h2=0.35),

cholesterol (h2=0.43) and LDL (h2=0.45) are all  comparable with previous research  (Bellis  et al.,

2008a; Cox  et al., 2009).  Several body size traits were found to be significantly heritable: waist

circumference (h2=0.39),  weight  (h2=0.38),  body fat  (h2=0.38),  hip circumference (h2=0.37),  and

BMI (h2=0.30).  Clinical MetS was also tested for heritability within the NI cohort, however it was

found to be non-significant – this is thought to have been an issue with estimation of heritability of

a binary trait in the available version of SOLAR. 

Table 3.3: Heritable MetS/CVD related endophenotypes in the NI population.

Trait h2 P value

Height 0.906 1.32E-10
Total protein 0.563 2.26E-04
Globin 0.525 3.36E-04
Total bilirubin 0.502 4.45E-05
LDL-C 0.454 7.51E-05
Cholesterol 0.426 8.41E-05
Chlorine 0.426 8.41E-05
Alkaline phosphatase 0.425 6.10E-04
Urea 0.424 7.87E-04
Waist circumference 0.394 3.43E-03
Weight 0.377 1.01E-03
Body fat 0.375 3.30E-03
Hip circumference 0.374 3.94E-03
GGT 0.369 3.02E-03
Albumin 0.358 9.01E-03
Uric Acid 0.350 2.17E-03
HDL-C 0.348 1.58E-02
Direct Bilirubin 0.327 3.30E-02
SBP 0.324 4.24E-04
Bicarbonate 0.297 1.19E-02
BMI 0.295 7.01E-03
Waist-hip ratio 0.289 1.76E-02
Calcium 0.285 1.63E-02
Creatinine 0.257 2.43E-02
AST 0.251 3.81E-02
Cholesterol/HDL-C ratio 0.225 2.42E-02
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3.5.2.3 Metabolic Syndrome Diagnosis in the NI cohort

Clinical diagnosis of MetS in NI and a comparative Polynesian cohort was conducted using the

harmonised criteria; prevalence is shown in Table 3.4.  MetS prevalence was 26.4% in the total NI

cohort with available phenotype data (n=598).  There was a noticeable difference between male

(30.9%) versus female (23.0%), which is consistent with reports in the literature  (Ogbera, 2010).

Prevalence was also calculated in core pedigree individuals  (admixed Polynesian ancestry)  and

those NI with only European ancestry.  MetS prevalence was found to be slightly higher in the core

pedigree (26.3%) when compare to those with European ancestry (24.9%).  A Polynesian cohort

was chosen as a comparison group.  MetS prevalence as diagnosed by the harmonised criteria was

35.4% in  the total  cohort  group (n=230).   When Polynesian ancestry  was  controlled for  MetS

prevalence increased to 37.4%.  An increased incidence of MetS was seen in NI and Polynesian

cohorts compared to mainland Australia (~22% based on IDF criteria (Cameron et al., 2007)), this is

a 20% (relative risk=1.2) and 40% (relative risk=1.4) increased risk in NI and Polynesian cohorts

compared  to  mainland  Australia.   It  is  likely  that  the  increased  prevalence  in  MetS  is  partly

contributed by Polynesian ancestry and specific genomic profiles.

Table 3.4: Prevalence of clinical MetS in the NI population and a comparative Polynesian cohort.

Group MetS Total Prevalence (%)

NI Total (N=598)

All 158 598 26.4

Male 80 259 30.9

Female 78 339 23.0

NI Core Pedigree (N=334)

All 88 334 26.3

Male 47 154 30.5

Female 41 180 22.8

NI European Ancestry (N=361)

All 90 361 24.9

Male 46 147 31.3

Female 44 214 20.6

Polynesian Total (N=230)

All 29 171 34.5

Male 24 57 42.5

Female 35 114 30.7

Polynesian Ancestry (N=180)

All 49 131 37.4

Male 20 40 50.0

Female 29 91 31.9

Note: Polynesian specific waist cut-off’s were used in the calculation of MetS.
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3.5.2.4 Type-2 Diabetes Risk in the NI cohort

Type-2 diabetes risk was assessed in 3 separate populations using the AUSDRISK tool (Table 3.5).

Mainland Australian data was provided by the authors of the AUSDRISK tool.  The AUSDRISK tool

calculates a risk score based on a number of lifestyle and biochemical traits, providing an indication

of the potential risk of an individual developing T2D (Chen et al., 2010).  In the mainland Australian

cohort  it  was identified that  31.1% were at  high risk  of  developing T2D.  When this  tool  was

applied to the NI population 42.9% were classed as high risk, with another 42.1% being identified

as intermediate risk.  The Polynesian cohort exhibited the greatest number of individuals in the

high risk bracket, with 54.8%.  When compared to mainland Australia the NI cohort exhibited a

40% increased risk of developing T2D in the high risk category (relative risk=1.4).  The Polynesian

cohort showed a 78% increased risk of developing T2D in the high risk category when compared to

mainland Australia (relative risk=1.76).  An increasing trend in T2D risk was once again viewed

within populations with Polynesian admixture and ancestry.  

Table 3.5: Type-2 Diabetes Risk Assessment in 3 populations

Cohort T2D-risk group Individuals %

Mainland Australia

(European-heritage)

Low risk (≤5) 2668 26.4

Intermediate risk (6-11) 4295 42.5

High risk (≥12) 3143 31.1

Total 10106 100

Norfolk Island

Low risk (≤5) 76 15.0

Intermediate risk (6-11) 214 42.1

High risk (≥12) 218 42.9

Total 508 100

Polynesian

Low risk (≤5) 14 10.4

Intermediate risk (6-11) 47 34.8

High risk (≥12) 74 54.8

Total 135 100

Note: all age adjusted (≥25 years), waist adjustment made in Polynesian cohort
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3.5.2.5 Cardiovascular Disease Risk Assessment in the NI population

Cardiovascular disease risk was assessed in the NI population using the PREDICT-CVD tool (Bannink

et al., 2006) (Table 3.6).  According to calculated risk scores 7% of the NI group are at high risk of

developing CVD over the next 5 years.  This is increased to 12% when adjustments are made for

MetS diagnosis (in accordance with the PREDICT-CVD guidelines).  In the Polynesian cohort CVD

risk  was similar  to  that  of  the NI  group.   There  were 7% of  the Polynesian  cohort  that  were

identified as being at  risk of  developing CVD in the next 5 years,  this  increased to 10% when

adjusted  for  Polynesian  ancestry  and  MetS  diagnosis.   It  is  suggested  that  individuals  with

moderate risk or higher report to a clinician for further assessment and analysis,~31% of the NI

population and ~41% of the Polynesian cohort currently fall within this criteria.

Table 3.6: Cardiovascular Disease Risk Analysis for the NI and Polynesian Cohorts

Norfolk Island
Not Adjusted MetS Adjust*

CVD risk group n % n %

Very High: >20% 42 7 70 12

High: 15-20% 46 8 47 8

Moderate:10-15% 59 10 62 11

Mild: <10% 430 75 398 69

Total 577 100 577 100

Polynesian
Not Adjusted MetS Adjust**

CVD risk group n % n %

Very High: >20% 15 7 22 10

High: 15-20% 9 4 28 12

Moderate:10-15% 31 13 43 19

Mild: <10% 174 76 136 59

Total 229 100 229 100
*participants diagnosed with MetS were adjusted accordingly (raised into the next 5% risk category)

**The Polynesian group were adjusted for Polynesian ancestry and Clinical MetS diagnosis
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3.6 Discussion

The  recent  availability  of  dense SNP array  data  for  a  large number  of  pedigree members  has

provided  the  opportunity  to  investigate  numerous  genomic  analyses  in  the  NI  population  in

relation  to  a  vast  amount  of  phenotype  data.   To  ensure  that  both  power  and  accuracy  are

maximised for these future analyses, the pedigree was validated and reconstructed around the

genotyped  core-pedigree  individuals.   These  individuals  have  direct  connections  back  to  the

founding members, and create a rich multi-generation pedigree structure containing information

of genotyped as well as phenotype members.  By using the SNP data and software packages such

as PREST-plus and KING, erroneous relationships and potential sampling errors were able to be

'cleaned' through either correction or removal.  Through this process several sample duplications

and a MZ-twin relationship were identified and corrected, something that would not have been

possible without the SNP genotype information.  This process has resulted in a pedigree structure

containing 1388 individuals spanning 11 generations in total.  An extremely large proportion of the

current generations (data has been collected for individuals as far as 6 generations back) share

direct ancestry with founding members.  Of these individuals ~36% have available genotype and

phenotype  data.   This  reconstructed  'core-pedigree'  for  the  NI  population  will  be  provide  an

important and valuable tool moving forward, where the unique genomic background and structure

are present should facilitate effective and powerful disease mapping studies.

Population isolates have long been considered well powered to be able to detect rare variants

associated  with complex  disorders  that  may be  overlooked in  traditional  case  control  studies.

Previous work has established that the NI population exhibits increased incidence of CVD-related

traits.   This  chapter  demonstrates  a  significant  number  of  CVD endophenotypes  have  a  large

component of genetic heritability within the pedigree; these heritability values are in concordance

with those previously documented in the NI population.  Previous research in the NI population

detailed increased risk of CVD and related traits.  As further confirmation of this, and to explore

overall  potential metabolic risk,  calculation of a range of risk scores was performed.  This was

achieved using proven clinical tools established for MetS, CVD and T2D.  Overall an increased risk

of MetS, CVD and T2D was observed in the NI population, suggesting that the NI cohort shows a

general  increase  in  metabolic  dysfunction  compared to  mainland Australia.   This  is  important

moving forward for  genomic analysis,  as it  suggests potential underlying genetic influences on
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these traits and as such possibly disease prevalence or outcome.

A major aim of cleaning and reconstructing the core-pedigree was to improve our accuracy for

estimating heritability.  This is well illustrated by comparing previous estimates for SBP and BMI.

The h2 estimate for SBP was 0.30 (P=0.002), this estimate shows increased h2 and confidence (0.32,

P=0.0004)  when  using  the  reconstructed  core-pedigree.   The  same  is  seen  for  BMI,  previous

estimate h2=0.24 P=0.004, compared to h2=0.30 P=0.0007 in the reconstructed pedigree.   This

provides additional support for the validity of relationships and methods employed in the pedigree

cleaning  process.  Heritabilies  for  relevant  endophenotypes  estimated  using  the  reconstructed

core-pedigree are describe in detail in Chapter 5.

This chapter detailed the cleaning, restructuring and validation of the NI pedigree by utilising the

available  dense  genotype  data,  this  is  a  crucial  component  of  future  disease  mapping  and

association  studies.   The  identification  of  clinical  endophenotypes  that  exhibit  'large'  genetic

components, and the observation of increased prevalence and risk of MetS, CVD and T2D indicates

that  the NI  cohort is  potentially a powerful  population to detect markers of  complex disease.

These foundation analyses pave the way for further more complex and multi-omic based analyses

to explore the genetics of MetS and CVD related traits in the NI population.
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Chapter 4: Genomic Structure of the NI

core-pedigree

4.1 Preface

The last chapter examined the reconstruction of the NI core-pedigree, refining it to the closest

relations of individuals that were; a) related to the original European and Polynesian founders and

b)  had  genotype  data  (in  the  form of  610quad  BeadChip  SNPs)  available.   This  resulted  in  a

pedigree  of  1388  individuals  spanning  11  generations  back  to  the  original  founders,  with  the

genotyped/phenotyped individuals reaching back ~4-5 generations at the greatest depth.  

This  chapter  explored  the  unique  structural  genomic  properties  that  make  the  Norfolk  Island

population a  powerful  cohort  to  study  in  an  attempt  to  identify  markers  of  complex  disease.

Specific  population  genetic  features  of  interest  include  admixture,  locus-specific  admixture,

inbreeding, and runs of homozygosity.  Structure is important to identify as it could potentially

influence genetic associations with disease, thus cannot be ignored in study design moving forward

with future experiments.
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4.2 Abstract

Aims

When designing  genetic  studies  it  is  crucial  to  understand the  unique  population  history  (i.e.

founder  effects,  admixture,  homozygosity)  in  order  to  fully  harness  the  power  of  the  genetic

isolate in the detection of disease related genetic markers.  The aim of this chapter was to identify

a set of properties that represent the underlying genomic structure unique to the Norfolk Island

(NI) cohort, with the hypothesis that these identified properties will be extremely useful in the

further detection of potential genetic markers with complex disorders in the NI population.

Methods

The outcomes of this section hinged on both the reconstructed core-pedigree and the available

SNP genotype data  for  over  500 of  the core-pedigree  individuals.   The  amount  of  Polynesian

admixture was estimated using STRUCTURE with the use of established European and Polynesian

populations as proxy ancestral groups.  Pedigree- and marker-derived inbreeding coefficients were

calculated  using  IBDLD,  as  well  as  runs  of  marker  derived  locus-specific  homozygosity.

Homozygosity by descent (HBD) is another measure of the effects of inbreeding on the structure of

the  genome.   The  LAMP  software  package  was  used  to  estimate  locus-specific  admixture.

Pearson’s correlation matrices were generated to explore relationships between disease related

endophenotypes and the identified unique genomic structural indices.

Results

Using a dense SNP panel an updated estimate of European and Polynesian ancestry within the NI

pedigree was established; 75% and 25% respectively.  This was more than double the previous

calculation of Polynesian ancestry within the NI pedigree.  Calculation of inbreeding  based on the

reconstructed  pedigree  structure  revealed  an  average  inbreeding  coefficient  of  0.011,  a

relationship that lies between second cousins and second cousins once removed.  A combination

of pedigree and SNP information was used to identify an overall prevalence of consanguinity in the

genotyped core-pedigree individuals of 87%, with a mean marker generated inbreeding coefficient

of 0.011 which is consistent with the pedigree derived estimate.  Numerous runs of HBD were

identified  across  the  genotyped  core-pedigree  individuals,  with  large  regions  of  homozygosity
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being observed on chromosomes 6 (in the HLA region) and 8 (in a major olfactory receptor gene

family).  

Widespread regions of locus-specific admixture were observed in NI pedigree members.  These

regions  represent  areas  of  the  genome  exhibiting  increased  Polynesian  admixture  over  the

observed  genome-wide  average  (25%).   The  maximum  value  of  locus-specific  admixture  was

observed  on  chromosome  8  with  an  estimated  53%  Polynesian  ancestry  at  its  peak,  another

chromosome showing an extended region of increased Polynesian admixture was chromosome 12

with 45% at its peak.  Both of these regions were identified to contain several genes that have

functional roles in metabolic pathways; FDFT1 and BLK on chromosome 8, NTS on chromosome 12.

These could be potential candidate genes to explore in future analyses in terms of MetS risk.  

One of the primary goals of identifying these multiple levels of genomic structure was to be able to

make use of them in the search for potential markers of complex disease.  Statistically significant

correlations were observed between Metabolic Syndrome and CVD risk with both inbreeding and

admixture.  The strongest correlation was recorded between a calculated risk score for CVD and

marker-derived inbreeding coefficient (r=0.389, P<2.4x10-11).   A significant relationship between

clinical  diagnosis of Metabolic Syndrome and both admixture (r=0.204, P<4.6x10 -4) and marker

derived inbreeding (r=0.167, P<4.3x10-3) was also identified, indicating that individuals with close

genetic ties  to  the original  founders  may have  a  potential  predisposition to metabolic  related

disorders.

Conclusions

This analysis has further characterised the extensive unique population structure forged in the

Norfolk population over the last 200 years.  Estimates for admixture and inbreeding have been

updated,  and a new set  of  measurable  indices  that  represent  both runs of  homozygosity  and

admixture have been added.  These will  be extremely important for future genetic analysis of

complex  disorders  in  the  NI  cohort.   In  addition  the  underlying  genomic  structure  in  the  NI

pedigree associates with Metabolic and CVD related endophenotypes, suggesting the presence of

potentially identifiable genetic markers for these diseases.   These findings confirm that  the NI

cohort is a suitable population for use in the search of potential genetic markers of disease.

116



4.3 Introduction

As discussed in Chapters 1 and 2, the NI community is an isolated population of whom the majority

are direct descendants of 18th century European Bounty mutineers and Polynesian women who

relocated to NI from Pitcairn Island in 1856 (Edgecombe, 1999).  The majority this population can

trace their genetic heritage back to a small number of families derived from the original Bounty

mutineers  and  Polynesians.   Genomic  structure  can  be  thought  of  as  the  proportion  of  an

individuals genome that is contributed to by either one or various ancestors; structure is therefore

an individuals 'genomic pattern'.  This chapter aimed to explore the phenomena that shaped the

genomic structure of a population, leading to the formation of a unique genetic architecture with

properties that aid in the identification and mapping of complex disease.

4.3.1 Population Admixture

Population history has directly shaped human variation over many thousands of years; this history

is reflected in the genetic variation observed within population samples.  The structure of genomic

variation between populations is termed genetic ancestry (Kittles & Weiss, 2003).  The process of

genetic  admixture  occurs  when  individuals  from  previously  separated  populations  begin

interbreeding.  Genetic variation is a continual process, and is dependent on many factors.  In

isolated  populations  genetic  variation  is  effectively  confined  by  geography.   The  process  of

selection will determine the level of this variation as well as the fate of specific variants.  Over time

this means that geographically isolated populations will develop different genomic backgrounds

with variation being advantageously selected based on environmental conditions and constraints.

Variation  that  is  beneficial  for  a  population  will  thus  become fixed over  time,  leading  to  the

formation of alleles that will be observed in one population but may be missing, or at differing

levels, in another.  Such alleles can collectively be termed ancestry informative markers (AIMs), and

represent significant allelic frequency differences between populations (Galanter et al., 2012; Qin

et al., 2013).  Methods have been established to identify sets of AIMs able to discriminate between

and infer ancestry proportions in admixed populations (Londin et al., 2010; Paschou et al., 2010).

A  number  of  software  packages  have  been  developed  that  apply  different  algorithms  and

assumptions to use either dense genotype data or AIMs to calculate ancestry and admixture.  The
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STRUCTURE program uses genotype data and/or AIMs to infer population structure and admixture,

both at the individual and population level (Pickrell & Pritchard, 2012).  Another software package,

LAMP,  also  estimates  the ancestry  of  individuals  within  a  sampled  cohort,  but  is  also  able  to

calculate locus-specific admixture  (Sankararaman et al., 2008); this is admixture of a given locus

(further explained in the next section).

In the last few decades much research and resources have been invested in the search for genes

associated with disease.  It is well established that specific populations are more or less susceptible

to  certain  complex  diseases;  a  large  portion of  this  risk  is  likely  due to  genetic  risk  inherited

through common ancestry (Kittles & Weiss, 2003).  The concept of 'admixture-mapping' revolves

around the ability to observe alleles that have been inherited from a specific ancestral population

in a genetically admixed cohort.  The alleles/loci thus identified can then be tested for association

with disease traits and prevalence.  

4.3.2 Locus-specific admixture

Admixture, as previously described, represents the genome-wide average of ancestral proportions.

Events such as founder effects and genetic drift (see Chapter 1 Part 2 for an overview of specific

terminology)  will  lead  to  different  admixture estimates  for  different  loci,  resulting  in  varying

proportions of ancestry at a given locus.  Populations that have undergone recent admixture will

show a mosaic of re-combinational segments derived from each ancestral population.  The length

of time and extent of the admixture event directly shapes the appearance and dispersion of these

regions of ancestry.  Admixture events which occurred many generations ago will result in smaller

more distantly spread fragments, while more recent events lead to larger more frequent segments

of  locus-specific  admixture.   These  more  recent  events  also  lead  to  larger  blocks  of  linkage

disequilibrium (LD), as is the case in the NI pedigree (Bellis et al., 2008b).  Several methods exist for

the identification and mapping of such regions of locus-specific admixture  (Sankararaman  et al.,

2008; Pasaniuc  et  al.,  2009).   Mapping of  these loci  provide information about  the degree of

ancestry at specific regions of the genome, which can then be used in disease association and

mapping studies.  A recent study examined obesity and related traits in African Americans.  Using

AIMs they identified that a high percentage of European ancestry was highly correlated with lower

levels of BMI  (Cheng  et al.,  2009).  They were able to map this relationship to specific loci on
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chromosomes 5 and X.

4.3.3 Inbreeding

Just as ancestry/admixture is important in shaping the genomic architecture of individuals within a

population,  the  concept  of  inbreeding  (consanguinity)  is  equally  important.   Inbreeding  is  a

descriptive term for the mating between genetically related individuals.  This phenomenon leads to

the reduction of genetic variation in offspring from inbred matings over time.  The degree of this

genetic  reduction  (an  increase  in  homozygosity)  is  determined  by:  a)  the  closeness  of  the

consanguineous relationship and b) the number of past consanguineous relationships within the

same lineage.  The inbreeding coefficient, F, represents the probability of 2 alleles being identical

by descent  (IBD).  Table 4.1 represents F values for one generation of inbreeding, with no prior

generations of  inbreeding being taken into account.   The value of  F will  increase above these

expected values with increasing generations of inbreeding (as might be expected in population

isolates).  

  

Table 4.1: Example inbreeding (F) values for consanguineous relationships 

Relationship

Full sibs, Parent-child (first degree)

Offspring Inbreeding Coefficient (F)

1/4 (0.25)

Half sibs, Grandparent-grandchild, Uncle-niece, Double first cousins 1/8 (0.125)

First cousins 1/16 (0.0625)

First cousins (once removed) 1/32 (0.03125)

Second cousins 1/64 (0.015625)

Second cousins (once removed) 1/128 (0.0078125)

Third cousins 1/256 (0.00390625)

An inbreeding calculation may be used to determine the general genetic distance among relatives

by multiplying the inbreeding coefficient by two, because any progeny would have a 1 in 2 risk of

119



actually  inheriting  the  identical  alleles  from  both  parents.   For  instance,  the  parent/child  or

sibling/sibling relationships have 50% identical  DNA.  Generally the sharing of identical  genetic

material is considered detrimental to the overall viability and strength of the total gene pool as it

greatly reduces the overall  genetic variation,  which can lead to a decrease in the fitness of  a

population  (Bittles  &  Neel,  1994).   This  generally  leads  to  an  increased chance  of  sequential

offspring inheriting deleterious recessive traits.  This reduction in genetic diversity can be a useful

tool in the detection and identification of disease related genes as the increased frequencies of

homozygous alleles can be viewed as an 'amplification' of potential genetic markers of disease

within the inbred cohort  (Bulayev, Pavlova & Bulayeva, 2009).  Thus, the presence of inbreeding

and AIMs can provide increased power for the detection of disease markers as demonstrated by a

number of studies to date (Latini et al., 2004; Thompson et al., 2010; Kenny et al., 2011).  

4.3.4 Runs of homozygosity/homozygosity by descent

Individuals born of consanguineous union have genomic segments which are homozygous as a

result of inheriting identical ancestral haplotypes from both parents.   Homozygosity by descent

(HBD), also known as autozygosity, explains the presence of the same alleles at a given position

that arise from inheritance of an identical ancestral allele through consanguineous mating events.

Runs of HBD can be viewed as segments of the genome that span large regions of chromosomes,

sometimes  several  Mb  in  size,  that  result  from  recombination  (or  lack  of  recombination)  of

chromosomal  segments  inherited  from  the  same  ancestral  source.   Numerous  studies  have

highlighted  increased  prevalence  of  recessive  diseases  within  consanguineous  populations  (el-

Hazmi  et al., 1995; Zlotogora, 1997; Farrer, 2003).  HBD-mapping involves the detection of large

'runs' of homozygous alleles,  and their association with disease within small  inbred families or

population isolates.  This method was originally developed using micro-satellites/STRs, but was

adapted to denser  SNP arrays  (Woods  et  al.,  2004).   SNP based HBD-mapping has  been used

successfully  to  identify  rare  recessive  disease-associated  genes  in  numerous  closely  related

populations (Woods et al., 2006).  HBD-mapping has also been utilised to identify overall burden of

homozygosity as a disease risk factor  (Keller  et al.,  2012).  Recent advances in next-generation

sequencing technologies are providing easy access to an even greater depth of information.  For

example the use of exome sequencing to accurately identify runs of homozygosity in large cohorts

of individuals (Carr et al., 2013).  
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4.3.5 Previously Identified 'Structure' within the NI population

The concepts explained above outline the mechanisms that create and shape the unique genomic

structure  seen  in  admixed  and  genetic  isolate  populations.   Previous  work  carried  out  by

researchers estimated global admixture within the NI population using a set of 128 AIMs derived

from the HapMap database (McEvoy et al., 2010).  It was established that the ancestry ratio in the

population  was  88%  European  vs  12% Polynesian.   Further  work  and  initial  validation  of  the

broader pedigree structure was documented using a small set of microsatellite markers.  This study

included an overview of the presence of inbreeding with the population, estimating the average

inbreeding coefficient as F=0.011 for the established pedigree  (Macgregor  et al., 2010).  To date

these indices have not been estimated using the recently available SNP data, which should lead to

increased accuracy of estimation.  The SNP data can be used to facilitate the estimation of locus

specific admixture as well as runs of homozygosity, two structural elements that have yet to be

derived in the NI population.  Doing this will expand knowledge of the NI population by building

upon the previously identified unique structure.   It  is  likely that  this  structure could influence

genetic associations with disease in the NI population, and is an integral component of disease

gene mapping when using population isolates.  It  is important to take factors such as genomic

structure and admixture into account as they have been demonstrated to have the potential to

artificially inflate the false discovery rate in association studies when not accounted for (Freedman

et al., 2004).  As such this cannot be ignored, and should be considered crucial to experimental

design moving forward into future analyses.

This  study  aimed  to  expand  upon  previous  work  which  identified  estimates  of  ancestry  and

pedigree-based inbreeding within the NI  population.  This was achieved using dense genotype

data,  which resulted in the improvement in accuracy of  various structure parameter estimates

(admixture  and  inbreeding).   By  incorporating  a  reconstructed  pedigree,  recently  available

genome-wide SNP data and new software methods, extensive runs of both homozygosity as well

as  locus-specific  admixture  were  observed in  the  genoytped core-pedigree  individuals.   These

indices were previously unidentified in the NI population and will  aid in future studies such as

'admixture-mapping' and disease association studies.  This work also reinforces previous findings,

and documents novel observations, demonstrating that the unique genomic structure in the NI
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pedigree has made it an ideal tool for disease gene/marker mapping, leading to the identification

of genomic regions and structure correlated to a variety of MetS and CVD related traits for which

the population is at a known increased prevalence.
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4.4 Methods

As  previously  mentioned,  this  chapter  focuses  on  the reconstructed core-pedigree,  specifically

those pedigree members that had available genotype data.  Of the 1388 individuals, 502 had a

dense panel of SNP genotype information available (~590K SNPs).   Of the 502, 461 were non-

founders in the pedigree, with the remainder being married-in/founder individuals.  Using these

502 individuals, their pedigree/relationship information and genotype data, the unique  genomic

structure properties of the NI isolate were explored.  The potential relationships between these

unique properties and MetS/CVD risk traits were also explored, with the goal of demonstrating the

potential/power of the NI pedigree for identification of disease associated genetic markers.

4.4.1 Global Admixture Estimation

Initial estimation of global admixture in the NI core pedigree was conducted using ADMIXTURE

(Alexander,  Novembre  &  Lange,  2009).   The  ADMIXTURE  software  package  requires  no  prior

knowledge of ancestral population genotypes, only an indication of  k,  the number of expected

ancestral populations that contributed to the gene pool of the samples being test.  Genotype data

for all 502 NI individuals was filtered for linkage-disequilibrium (LD) in PLINK (Purcell et al., 2007).

This  filtering  reduces  the  number  of  SNPs  according  to  the  observed  sample  correlation

coefficients between them in a pairwise comparison.  This resulted in a reduction in the number of

SNPs from ~590K to ~90K.  The LD-filtered SNP set was then used as input data for ADMIXTURE,

which  was  run  using  a  k of  2  (assuming 2  contributing ancestral  populations)  and  an  overall

admixture score was obtained.  

To  further  refine  this  initial  estimation  of  admixture  within  the  NI  population  the  software

STRUCTURE (Hubisz et al., 2009) was used.  As with ADMIXTURE, STRUCTURE requires a number of

ancestral populations, k, to be specified and uses this to infer the presence of genetic structure

within given genotype data (and thus admixture).  In a previous estimation of admixture in NI

(McEvoy  et al., 2010) the authors used HapMap data to establish representative populations of

European (CEU [European] HapMap population) and Polynesian (JPT [Japanese],  CHB and CHD

[Chinese]) ancestry.  Using STRUCTURE they were able to identify a set of 128 SNPs which were
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inferred to be AIMs.  These AIMs were genotyped in all available NI samples and were then used,

along with the two 'ancestral' populations to estimate European and Polynesian ancestry in NI.

The authors  did  note  that  using the Asian HapMap populations was not  the best  proxy for  a

Polynesian ancestor, but was the best available at the time.  In an attempt to improve the accuracy

of the European/Polynesian admixture estimation a recently identified, and genotyped, Polynesian

population was used as a potential proxy ancestor for the original Polynesian founders of NI.  A set

of  23  SNPs  was  identified  by  Eccles  et  al.,  as  effective  AIMs  to  determine  ancestry  between

European and Polynesian (Maori) ancestry (Eccles, 2011).  Using the CEU HapMap data (N=165) for

the European ancestral population and a set of 30 Maori individuals as a proxy for the Polynesian

founders (Eccles, 2011), STRUCTURE was used to estimate both global and individual admixture for

the genotyped NI individuals (N=502) based on the 23 AIMs.  The final STRUCTURE run was set to

analyse a k=2 (maximum number of ancestral populations), and consisted of a burn-in period of

50000 simulations followed by 100000 replications.  Map distances for the 23 AIMs in the form of

centimorgans  (cM)  were  also  provided to  account  for  any  potential  linkage.   To  visualise  the

sample-wide admixture proportions and mean error data were plotted in R (R-Development-Core-

Team, 2010) using custom scripts.

4.4.2 Locus-specific admixture estimation

Global admixture estimates provide an indication of relative proportions of an individual's genome

that have been contributed from various ancestral populations.  This estimate, however, does not

give  an  indication  of  which  genomic  areas  show  'stretches'  of  increased  heterozygosity,  or

admixture.  One method to detect these runs of heterozygosity (locus-specific admixture) is the

software  LAMP  (Pasaniuc  et  al.,  2009).   LAMP  uses  the  genotypes  of  admixed  individuals  to

estimate the number of alleles from each ancestry at each locus for each individual.  The aim is to

be able to identify regions of  the genome where the proportions of ancestral  populations are

significantly different than the rest of the genome.  These regions are potentially interesting in

terms of their relationship/propensity for disease association.  Before being able to analyse the NI

genotype data in LAMP it was necessary to perform data filtering steps.  First a batch script was

set-up to call PLINK and output each autosome (chromosomes 1-22) as a separate file, while at the

same time recoding the genotypes from allelic  calls  to  a  binary format (0=homozygote major,

1=heterozygote, 2=homozygote minor).  A custom BASH (native Linux) script was then created to
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format the PLINK output files into LAMP input files (a position file that contained a single column

with location information for each marker, and a genotype file with SNPs as rows and individuals as

columns).  These files were then input into LAMP (version 2.5) and run on a per chromosome basis,

with the number of ancestral populations set at 2.  The resultant output files contained locus-

specific admixture information (value between 0 and 1) for each SNP for each individual.   The

admixture  was  averaged  on  a  per  locus  (SNP)  basis  to  obtain  a  genome-wide  locus-specific

admixture profile for the NI population.  This data was then visualised by plotting both genome-

wide and extended chromosome wide plots in R (R-Development-Core-Team, 2010).  Several plots

were also generated to demonstrate extensive locus-specific admixture at chromosomes 8 and 12.

4.4.3 Inbreeding and runs of homozygosity in Norfolk Island

Estimation of pedigree-based inbreeding (FPED) was done in R using the package 'pedigree' (Coster,

2012),  calculations were based upon the reconstructed 1388 core-pedigree (see Chapter 3 for

pedigree details).   Marker derived inbreeding (FMARKER) was calculated using the software IBDLD

(Han & Abney,  2011);  for  more  detail  on  IBDLD and  other  software  packages  see  Chapter  2.

IBDLD is implemented in a way that it overcomes the issues around exact multipoint estimation of

IBD in large pedigrees, and also eliminates the difficulty of accommodating the background linkage

disequilibrium (LD) that is  present in high-density genotype data  (Han & Abney,  2011).   While

generating IBD matrices  is  the primary  function of  IBDLD,  it  also  has  several  other  important

applications  including:  calculation of  inbreeding  coefficients  for  each genotyped individual  per

chromosome;  per  chromosome  estimation  of  allelic  homozygosity  (homozygous  by  descent

probability [HBD]), and segmental sharing analysis.  Unless otherwise stated, all analysis runs of

IBDLD were set at 10000 simulations.  Inbreeding coefficients, calculated on a per chromosome

basis  using the  -ibc function of  IBDLD,  were averaged for  each individual  to  obtain an overall

genome-wide FMARKER.   To summarise the number of consanguineous relationships a cut-off was

implemented at 4 decimal places to determine final FMARKER values.  This cut-off was introduced as a

number of individuals were observed to have F values in the range of 1x10 -6- 1x10-8; these values

are so close to 0 that it was deemed more accurate to refer to them as not showing any inbreeding

in their ancestry.  

Runs  of  homozygosity  were  estimated  using  the  -hbd function  of  IBDLD,  again  on  a  per
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chromosome basis.   IBDLD  refers  to  marker-derived  homozygosity  as  homozygous  by  descent

(HBD), which is the probability that two alleles are inherited from a single source (ancestor).  After

running IBDLD a file containing HBD results is generated, in which each SNP is ranked between 0

and 1  (0  being  no probability  of  HBD,  1  being  100% probability  of  HBD)  for  each  genotyped

individual.  To visualise these results both genome-wide and chromosome wide plots of average

HBD were generated in R  (R-Development-Core-Team, 2010).  'Peaks', or extended runs of HBD

(homozygosity), were inferred as a set of SNPs continuously exhibiting an average HBD probability

greater than the population average of 0.011.

4.4.4 Correlations between Ancestry/Inbreeding and Endophenotypes

Isolated  populations  have  been repeatedly  shown  to  have  increased power  to  detect  disease

associated markers (Heutink & Oostra, 2002; Kristiansson, Naukkarinen & Peltonen, 2008); this is

due  to  the unique properties such  as  population admixture  and inbreeding  that  arise  due to

founder effects and genetic bottlenecks.  In order to explore the potential importance and power

of  the  NI  pedigree  for  disease  association  marker  detection  correlation  analyses  between

estimates for both Polynesian ancestry and inbreeding with endophenotypes (including MetS/CVD

risk traits)  were carried out.   All  correlations were generated in R  (R-Development-Core-Team,

2010) using the Pearson's correlation function (2-tailed P-values were generated).  
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4.5 Results

4.5.1 Global Admixture Estimation in Norfolk Island

In this study admixture was calculated using several different methods in an attempt to: a) explore

several different approaches in terms of methodology and algorithms used and b) to determine

the  most  accurate  admixture  estimate  using  updated pedigree and genotype  data.   An  initial

assessment  of  global  ancestry  in  the  genotyped  core-pedigree  individuals  conducted  in

ADMIXTURE  used  a  LD-pruned  set  of  SNPs  and  estimated  European  admixture  at  0.72  and

Polynesian admixture at 0.28.  However this method did not account for ancestral populations,

which can potentially lead to over inflation of the estimate.  To overcome this and determine if

there was in fact a difference in admixture score, the software package STRUCTURE was used to

refine the admixture estimate.  Investigating the CEU European HapMap and Maori (Polynesian)

populations  as  ancestral  proxies  for  NI  alongside a  set  of  previously  defined AIMs resulted in

updated global admixture scores for European and Polynesian ancestry of 0.75 and 0.25 (SE+/-

0.03) respectively (Figure 4.1).  
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Figure 4.1: Estimation of global admixture in the Norfolk Island population based on 23 Ancestry
Informative Markers.  An ancestry coefficient (Q) of 0 indicates 100% European ancestry, while 1
indicates  100% Polynesian  ancestry.   Three  populations  are  plotted:  European (black);  Norfolk
Island (red), and Maori (green). 



4.5.2 Runs of Locus-specific Admixture

Using  both  genome-wide  (Figure  4.2)  and  extended  chromosome  (Supplementary  Figure  4.1)

'maps'  of  locus-specific  admixture,  it  is  possible  to  visualise  areas  of  increased  Polynesian

admixture (or decreased European admixture).  In these figures the y-axis represents ancestry, for

example; if a locus had a value of 1 all alleles would be inherited from the European ancestral

population, thus a value of 0.5 indicates that 50% of the alleles at the locus are inherited from each

ancestral population.  It was observed that when admixture scores where averaged per individual,

per  chromosome,  the  total  average  came  out  as  0.24  Polynesian  admixture.   As  previously

mentioned,  the  global  admixture  between  European  and  Polynesian  founder  populations  was

estimated to be 0.75/0.25 respectively, so the average obtained from the locus-specific analyses

fits  nicely  with  the  estimate  obtained  using  STRUCTURE.   The  average  European  ancestry  is

indicated in the figures as a dashed line at 0.75, deviations below this line indicate alleles (and

when extended, regions) of increased Polynesian admixture – indicating that the frequencies of

these  alleles  contributed  from  Polynesian  ancestors  is  greatly  increased  above  the  estimated

average in the NI population.  The peak area of locus-specific admixture occurs on chromosome 8,

with a maximum Polynesian ancestry of 0.53, or 53% of alleles at this locus are estimated to arise

from the original Polynesian founders.  Two of these regions have been plotted to better visualise

both depth (increased admixture) and width (size of region); chromosome 8 demonstrates a large

stretch (~7.6Mb) of increased admixture with a peak Polynesian ancestry of 0.53 (Figure 4.3).  An

extended  region  of  locus-specific  admixture  on  chromosome  12  extends  ~5.7Mb  and  has  a

maximum Polynesian ancestry of 0.45 (Figure 4.4).  Both of these regions span significant portions

of their respective chromosomes, and as such contain numerous functional protein-coding genes

of note given the increased prevalence of MetS and CVD related traits in the NI population.  The

region of increased admixture on chromosome 8 contains 2 genes, FDFT1 and BLK, that have roles

in metabolic pathways.  FDFT1 has been identified in a GWAS as associating with BMI (Liu et al.,

2008).  BLK encodes a protein that is predominately involved in B cell receptor signalling, but it has

also been found to play an important role in insulin synthesis and secretion, and has been linked to

early-onset diabetes (Borowiec et al., 2009).  The region on chromosome 12 contains one gene of

potential interest in terms of metabolic function, NTS, which has been shown to play a role in fat

metabolism and levels of circulating cholesterol (Peric-Golia, Gardner & Peric-Golia, n.d.; Piatek et

al.,  2005).   It  is  also interesting to note  that  both regions  contain multiple  genes which have
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predominant roles in neurological function.
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Figure 4.2: Genome-wide average locus-specific admixture in the Norfolk Island population.

Figure  4.3:  Average  locus-specific  admixture  plot  for  chromosome 8  (n=502  individuals).   The
horizontal grey line indicates the estimated global admixture (0.75:0.25 European/Polynesian).

Figure  4.4:  Average locus-specific admixture plot for  chromosome 12 (n=502 individuals).   The
horizontal grey line indicates the estimated global admixture (0.75:0.25 European/Polynesian).



4.5.3 Homozygosity and Inbreeding in Norfolk Island Pedigree 

Inbreeding reduces genetic diversity within a population.  The measure for inbreeding (also known

as consanguinity) within a population is measured by the inbreeding coefficient (F).   Pedigree-

based inbreeding (FPED) was estimated using the reconstructed core-pedigree (N=1388).  The mean

FPED was 0.011 with a maximum FPED=0.28.  Of the 1388 individuals in this pedigree, 400   were

estimated to have an inbreeding coefficient greater than zero.  An F value greater than 0 indicates

inbreeding has occurred sometime in the past.  Figure 4.5 shows average F values per chromosome

for all 502 NI individuals from the core pedigree with available SNP data. It was  observed that 87%

(N=439) of all 502 genotyped individuals exhibited an F value greater than 0 (using a cut-off at 4

decimal places, see methods for detail).  Using this information the global average F was calculated

(F=0.011), with a maximum F=0.215 being observed.  It is interesting to note that both the mean

FPED and FMARKER are identical (0.011); this validates the accuracy of the updated core-pedigree and

the approach used in the cleaning and reconstruction process (see Chapter 4).

131

Figure  4.5:  Chromosome  average  inbreeding  coefficients  (Fmarker)  for  all  22  autosomes  for  all
genotyped individuals (n=502).  Global average F is indicated by the red dashed line (0.011).  The
maximum F in this sample is 0.215.



The next step was to estimate the extent of the effect of inbreeding on the genomes of the core

pedigree individuals.  This was performed by calculating runs of homozygosity by descent (HBD),

areas of the genome that show a reduction of genetic diversity.  Figure 4.6 shows a genome-wide

profile of HBD probability across genotyped core-pedigree members.  Visualisation of the HBD data

was split into 2 separate plots.  Figure 4.6 A displays an average locus-specific homozygosity profile

for those individuals exhibiting high HBD probability (determined as at least one locus HBD > 0.75).

The average HBD for this subset of individuals was 0.042.  The visualisation of peaks arising from

individuals with higher than normal levels of HBD is informative of potentially smaller groups of

closer  related  individuals  within  the  wider  NI  pedigree  structure.   These  could  potentially  be

interesting to investigate in terms of disease associations, or could identify smaller sub-pedigrees

to  further  facilitate  the  tracking  of  complex  traits  such  as  migraine  and  ocular  disorders

(glaucoma), both of which show increased prevalence in the NI population (Griffiths et al., 2009;

Sherwin  et al., 2011; Maher  et al., 2012).  Figure 4.6 B shows the average genome-wide locus-

specific  homozygosity  profile  for  all  502  genotyped  core-pedigree  individuals.   The  average

genome-wide HBD for all genotyped individuals was 0.011; it should be noted that this is the exact

same value as the estimated FMARKER for these individuals.  This is due to the fact that both methods

are calculating inbreeding with FMARKER being a genome average and HBD being locus-specific.  This

broader  genome-wide  profile  of  all  genotyped  individuals  shows  numerous  areas  of  greatly

increased HBD, several of the longer genomic regions (HBD > 0.011) are detailed in Table 4.2.  The

largest observed 'peak' of HBD probability on chromosome 6 was 0.13, which spans 18Mb showing

an  average  HBD  of  0.028  across  the  span.   This  peak  on  chromosome  6  was  unique  when

compared to other areas of increased HBD showing multiple peaks within the same determined

run of HBD (Figure 4.7).  Interestingly the area of highest HBD resides on top of the well defined

human leukocyte antigen (HLA) region; a highly variable area of the genome well  studied and

known for its role in the immune system/response and disease.  Another region of high HBD was

observed as 2 peaks on chromosome 11.  The second peak lies on a large family of olfactory

receptor genes.  These genes are important in the detection and interpretation of odours (Gaillard,

Rouquier & Giorgi, 2004), and are reported to show increased genetic variation in order to account

for the potential limitless amount of detectable odours (Buck, 2004).  Supplementary Figure 4.2 A

and B show exactly the same data as the genome-wide figures, but have been visualised in smaller

blocks of chromosomes in order to better display the location and extent of HBD across a given

chromosomal region.
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Figure 4.6: Genome-wide homozygous by descent (HBD) plots.  In blue is the average genome-wide
HBD for all individuals rated as having high HBD probability (HBD>0.75), in black is the population
average HBD for all individuals (n=502).  

Note: The number of individuals with observed HBD > 0.75 was chromosome dependant, ranging
from 245 individuals for chromosome 6 to 71 individuals for chromosome 21.  Full list of high HBD
individuals per chromosome: chr 1 (166), chr 2 (157), chr 3 (145), chr 4 (132), chr 5 (199), chr 6
(245), chr 7 (124), chr 8 (143), chr 9 (131), chr 10 (121), chr 11 (177), chr 12 (133), chr 13 (98), chr
14 (135), chr 15 (93), chr 16 (101), chr 17 (86), chr 18 (88), chr 19 (90), chr 20 (84), chr 21 (71), and
chr 22 (79). 



Table 4.2: Locations of extended runs of homozygosity (HBD) in NI.  A run (span) of extended HBD

was determined as all SNPs within the region exhibiting an HBD > 0.011 (the population average of

all genotyped individuals).

Chr Physical Position (bp) Span (kb) No. SNPs HBDMAX HBDMEAN

2 35909000-36118651 209.65 63 0.07 0.03
4 63600185-63805844 205.66 23 0.08 0.03
5 19007222-20099496 1092.27 142 0.12 0.04
5 36616535-37915720 1299.19 150 0.09 0.03
6 18042509-36127469 18084.96 5085 0.13 0.03
8 438673-792606 353.93 114 0.09 0.03
11 40741337-42310568 1569.23 245 0.12 0.02
11* 45703562-58984717 13281.16 815 0.1 0.03
12 59504600-61430298 1925.7 205 0.07 0.02
12* 20902288-49972425 29070.14 4919 0.06 0.02
14 91150689-96673409 5522.72 1466 0.06 0.02
15 88856184-91978317 3122.13 536 0.05 0.02
21 14601415-1796154 3360.13 617 0.05 0.02

*These peaks were observed to span across centromeres.
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Figure  4.7: Extended HBD run on chromosome 6.  The vertical red dotted lines define the HLA
region, the horizontal grey dotted line represents the population average HBD value (0.011)



4.5.4 Correlation with Endophenotypes

A correlation analysis was conducted to investigate potential relationships between the unique

genomic structure observed in the NI population and disease risk endophenotypes.  Numerous

statistically  significant  (P<0.05)  correlations  were  observed  between  disease  risk  traits  and

Polynesian ancestry as well as the inbreeding coefficient (FMARKER).  These results are displayed in

Table  4.3.   The  strongest  correlation  was  between  CVD  risk  and  FMARKER (Pearson's  r=0.389,

P<2.4x10-11), and it is interesting to note that the strongest correlation for Polynesian admixture

was also with CVD risk (r=0.256, P<1.7x10-5).  Both admixture and FMARKER show a significant, weak

correlation with Metabolic  Syndrome.   It  should be noted that  previous  correlations between

admixture/inbreeding and CVD related traits in the NI population have been reported (Macgregor

et  al.,  2010).   The  results  of  this  chapter  support  these  findings,  and  build  upon  them  with

previously unidentified trait relationships which could indicate important areas for future research.
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Table 4.3: Endophenotype trait correlations with Polynesian admixture and inbreeding coefficient.

Polynesian Admixture FMARKER (inbreeding)
Trait r p value r p value

CVD risk 0.256† 1.74E-05^ 0.389† 2.40E-11^

SBP* 0.198† 9.41E-04^ 0.293† 7.09E-07^

PP 0.144† 1.70E-02 0.257† 1.52E-05^

WC 0.188† 1.59E-03 0.201† 7.42E-04^

DBP* 0.158† 8.52E-03 0.185† 2.03E-03
T2D risk 0.162† 7.20E-03 0.180† 2.81E-03
HIP 0.139† 2.03E-02 0.177† 2.99E-03
Metabolic Syndrome 0.204† 4.60E-04^ 0.167† 4.27E-03
ALK PHOS 0.018 7.64E-01 0.167† 4.31E-03
Hypertension 0.167† 5.34E-03 0.152† 1.12E-02
WHR 0.157† 8.77E-03 0.148† 1.36E-02
Urea 0.032 5.88E-01 0.138† 1.84E-02
BMI 0.167† 4.89E-03 0.119† 4.57E-02
HDL -0.161† 6.09E-03 -0.117† 4.70E-02
CHOL:HDL ratio 0.142† 1.52E-02 0.112 5.70E-02
Diabetes 0.096 1.03E-01 0.110 6.12E-02
Hypertension medication 0.144† 1.43E-02 0.108 6.63E-02
Weight 0.184† 1.70E-03 0.106 7.35E-02
Family Diabetes -0.145† 1.33E-02 -0.105 7.53E-02
Osteoporosis treatment 0.152† 9.55E-03 0.093 1.15E-01
Triglyceride 0.145† 1.35E-02 0.087 1.39E-01
Glucose 0.154† 8.51E-03 0.055 3.54E-01
Albumin -0.117† 4.72E-02 -0.019 7.42E-01

*blood pressure measurements were adjusted for hypertension medication
†significant correlation at a nominal threshold (P<0.05) 
^multiple-testing threshold P<1.09x10-3
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4.6 Discussion

This section explored the unique genomic structure that underlies the NI pedigree.  This structure

has resulted from the rich history of the original Bounty Mutineers and Polynesian founders, being

shaped  by  genetic  bottle  necks,  founder  effects  and  population  admixture  over  the  span  of

approximately 200 years.   Previous calculations for both admixture and inbreeding coefficients

have been estimated in the NI population and using these metrics it has been established that

there are correlations between ancestry and CVD risk in NI (Macgregor et al., 2010).  More specific

population  effects  upon  genomic  structure,  such  as  locus-specific  admixture  and  runs  of

homozygosity,  have  not  previously  been  explored  in  the  NI  population.   These  indices  have

potential implications in terms of disease association and will provide important foundations for

future studies in NI, especially in the investigation of disease phenotypes that differ in frequency

between the European and Polynesian ancestral populations.

4.6.1 Updating Admixture Estimates

Having access to the dense set of genotype data allowed the re-evaluation and updating of the

current estimate of European and Polynesian ancestry in NI.  A recent estimation of admixture in

the NI population identified European and Polynesian ancestry proportions to be at 88% and 12%

respectively (McEvoy et al., 2010).  The estimation methodology used CEU (European) and Asian

(Chinese  and  Japanese)  derived  populations  from  the  HapMap  database  (The  International

HapMap Consortium, 2003).  The authors highlighted the fact that at the time of publication there

was no good parental/ancestral proxy population to use for the Polynesian founders.  Ideally a

good surrogate population, that would provide a potentially improved admixture estimate, would

be one of the Taiwanese Aboriginal tribes, specifically the Ami (Trejaut et al., 2005).  Unfortunately

genome-wide  genotype  data  is  currently  not  available  for  any  Taiwanese  or  Polynesian

populations.  However, a recent documentation of admixture and population genetics within a

New Zealand Maori community has been able to provide useful insights (Eccles, 2011).  Scientific

evidence from linguistics, archaeology and genetics indicates that the Maori population of New

Zealand represents the final link in a long chain of island-hopping voyages by Polynesians, which

began in Taiwan and stretched through Melanesia and across the Pacific Islands. Around 800 years
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ago one or more small groups of voyagers arrived in NZ from Tahiti, via the Cook Islands (Whyte,

Marshall & Chambers, 2005).  This study used a set of well defined ancestry informative markers

(23  SNPs)  that  were originally  derived  to  investigate  admixture  between European and Maori

(Polynesian) ancestry (Eccles, 2011).  Using these markers this research was able to establish the

mean European and Polynesian ancestries in NI at 75% and 25% respectively – which is essentially

double the previous estimates of 88% and 12% (McEvoy et al., 2010).  The disparity is most likely

explained  by  the  use  of  the  Chinese  and  Japanese  populations  as  the  ancestral  proxy  for

Polynesians.   It  is  expected  that  the  allele  frequencies  in  these  Asian  populations  would  be

markedly different to those currently exhibited in Polynesia, thus introducing a potential source of

error into the calculations.  

Comparing the three methods of admixture estimation good concordance was observed between

them (ADMIXTURE [0.28], STRUCTURE [0.25], and LAMP [0.24]).  Future work could include further

refinements structure/admixture modelling, such as extensive haplotype phasing of the genome-

wide SNP data before running simulations in STRUCTURE.  Additional genotype data for Taiwanese

and Polynesian populations would also be very useful  as more accurate ancestral  populations,

which would improve the analysis.  As previously noted, the amount of observed admixture within

the NI cohort  is  significantly  higher than prior  estimates.   This  level  of  increased admixture is

particularly interesting for future admixture mapping studies in the NI population.  An estimate of

25% Polynesian admixture (compared to the previously estimated 12%) should offer an increased

statistical power for admixture mapping  (Hoggart  et al.,  2004; McKeigue, 2005), making the NI

cohort a viable option for this approach to studying complex disease.

4.6.2 Identification of large regions of locus-specific admixture in NI

Using  the  LAMP  software  and  a  genome-wide  set  of  SNP  markers  widespread  locus-specific

admixture was identified in the NI pedigree.  One of the implications of this increased admixture at

specific regions is the fact that certain alleles are more likely to be contributors to disease or form

part of a disease 'signature'.  In the Norfolk Population, high areas of admixture indicate regions of

the genome that show increased frequency of genotypes inherited from the founding Polynesian

population.  It is well documented that Polynesian populations have higher incidences of metabolic

diseases (i.e. MetS, T2D, CVD)  (Abbott, Scragg & Marbrook, 2001).  Numerous areas of greatly
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increased locus-specific admixture were observed throughout the genome.  The largest region of

increased locus-specific admixture was observed on chromosome 8, there are numerous genes

coded within the spanning region of increased admixture; two of these have potential roles in

metabolism.  The BLK gene encodes a non-receptor tyrosine-kinase of the src family of proto-

oncogenes that are typically involved in cell proliferation and differentiation.  The protein has a role

in  B-cell  receptor  signaling  and  B-cell  development.   It  is  also  reported  to  stimulate  insulin

synthesis and secretion in response to glucose and enhances the expression of several pancreatic

beta-cell  transcription factors  (Borowiec  et  al.,  2009).   The  FDFT1 gene encodes a membrane-

associated enzyme, squalene synthase, located at a branch point in the mevalonate pathway.  This

is the first specific enzyme in cholesterol biosynthesis (Schechter et al., 1994; Do et al., 2009).  A

study investigating early-onset coronary artery disease in a French Canadian population identified

a strong linkage peak (LOD 3.5) covering the region containing  FDFT1 (Engert  et al.,  2008).   A

recent GWAS identified a SNP, rs7001819 (P = 1.53 × 10−7), slightly upstream of FDFT1 associated

with BMI in unrelated US Caucasians  (Liu  et al., 2008).  This association failed to replicate when

examined in a case-control Danish cohort (Andreasen et al., 2009).  Despite this lack of replication,

functional work in animals has identified polymorphisms in the FDFT1 gene region contribute to

cholesterol  homeostasis  in  laboratory  rats  (Mori,  Sawashita  &  Higuchi,  2007).   In  addition,

inhibitors of this enzyme have been shown to reduce cholesterol and triglyceride levels (Amin et

al.,  1996, 1997; Ugawa  et al.,  2000).  Thus the evidence suggests that  FDFT1 is  an interesting

candidate  gene  contributing  to  metabolic  disorder  in  the  NI  population  and  warrants  further

investigation.  

Another  large  segment  of  locus-specific  admixture  was  identified  on  chromosome  12,  and

interestingly it  spans a complete cytoband;  12q21.31.   This  region contains several  genes that

could potentially play a role in metabolic dysfunction.  ACSS3 has a role in fatty acid metabolism.

Fatty acids are incorporated into membranes and signalling molecules and have roles in energy

storage and metabolism.  These essential functions require activation of the fatty acid by acyl-

coenzyme A (CoA) synthetases, such as ACSS3, which form an activating thioester linkage between

the fatty acid and CoA (Watkins et al., 2007).  The NTS gene encodes a common precursor for two

peptides,  neuromedin  N and neurotensin.   Neurotensin  is  a  secreted  tridecapeptide,  which  is

widely distributed throughout the central nervous system, and may function as a neurotransmitter

or a neuromodulator.  It may be involved in dopamine-associated pathophysiological events, in the
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maintenance of gut structure and function, and in the regulation of fat metabolism.  Neurotensin is

stored in endocrine cells of the small intestine and is reported to be partially controlled by fat

ingestion and associated with levels of plasma cholesterol (Piatek et al., 2005; Drewe et al., 2008).

4.6.3 Inbreeding and runs of homozygosity by descent in NI

Using a dense set of SNPs an estimate of average inbreeding coefficient of F=0.011 was calculated

for  the  NI  population.   An  F  of  this  value  indicates  an  average  relationship  level  somewhere

between second cousins (0.0156) and second cousins once removed (0.0078).  This estimate is

substantially smaller than that calculated previously by Macgregor et al., F=0.044; there are several

potential  explanations  for  this.   Firstly,  this  study  was  able  to  use  a  more  accurate,  updated

pedigree.  Secondly, a greater depth of data in terms of a dense set of genotype data (SNPs) was

available, as opposed to a small set of microsatellites (STRs).  This genomic data and the updated

genealogical information facilitated the reconstruction of a more accurate representation of the

core NI pedigree, which should aid in more accuracy in such calculations (Chapter 3).

As HBD is related to inbreeding, genomic regions which show increased HBD probabilities could

potentially identify loci that show a lack of genetic diversity.  There are several such areas with

above average HBD in the genotyped core-pedigree NI population.  There are major implications

for this drop in genetic diversity, especially in areas such as the HLA region on chromosome 6,

which was identified as exhibiting the largest average HBD.  It  is well established that the HLA

region contains a large amount of immune function related genes, many coding for immune cell

receptors that will  potentially bind and recognise antigens (foreign peptides).   The HLA region

requires increased genetic variation to allow increased receptor specificity from a limited number

of genes.  High genetic variation is critical  to the function of the HLA region as it  allows near

limitless  variation  to  be  introduced  to  the  receptors  antigen  'recognition  site',  which  in  turn

increases the potential number of foreign antigens that can be detected.  Decreased variation in

this region could potentially be detrimental.  

Chromosome 11 also had a larger degree of concentrated increased HBD, one particular peak was

observed upon a large region of olfactory receptor genes.  Olfactory receptors determine the way

in which an organism interprets odours (Buck, 2004; Malnic, Godfrey & Buck, 2004).  As with the
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HLA region,  the  olfactory  receptor  genes  are  limited  in  number,  therefore  increased variation

within the gene family is required to enable detection and interpretation of essentially limitless

possible odours (Malnic et al., 1999; Niimura & Nei, 2006; Khafizov et al., 2007).  Thus decreased

genetic variation across this region could lead to a potential reduction in odour and taste detecting

abilities.  Interestingly HLA may also be related to people's detection and perception of the odour;

with several studies observing association between HLA variation and preference to odour; this

may be involved in mate selection  (Ober  et al., 1997; Jacob  et al., 2002), as at least one study

found a lower than expected rate of HLA similarity between spouses in an isolated community

(Ober  et al., 1997).  Additionally, research has shown that more married couples have distinctly

different HLA (MHC) genomic backgrounds/variation than would be expected by chance alone,

suggesting  that  selection  is  potentially  driving  for  composition  and  differentiation  within  the

immune systems of offspring so they are able to adapt to the threat of new diseases.  Another

reason for this could also be an avoidance of inbreeding in an attempt to maintain a higher amount

of  genetic diversity within a population.  In this context it  is  interesting that in this  study has

identified decreased variation in the form of increased HBD at both the HLA and olfactory receptor

gene loci which warrants further exploration.  

4.6.4 Correlation between disease risk traits and genetic structure

The initial aim of this genomic structure chapter was to identify relationships between disease

related  endophenotypes  and  indices  of  the  unique  structural  properties  measured  in  the  NI

population.  Using updated estimates of both marker-derived admixture and inbreeding numerous

significant relationships between both measures and a range of Metabolic and CVD related traits

were observed, which included a robustly calculated risk score for CVD and clinical diagnosis of

Metabolic  Syndrome.   This  is  not  the  first  study  to  identify  these  factors  showing  increased

prevalence within the NI cohort.  An initial study by Bellis et al., (2006) established the basis of

increased risk for CVD related disorders and outlined baseline phenotype data.  This was followed

by several linkage analyses using STR data which established initial genomic maps and identified

loci showing significant associations with CVD traits (Bellis et al., 2008a, 2008b).  This study builds

upon the previous work and identifies novel findings.  This is the first study to examine the high-

density  SNP  data  in  association  with  CVD/metabolic  related  traits,  and  to  use  an  integrative

genomics approach (see following Chapters 5, 6 & 7).  Showing these strong structure vs risk trait
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relationships provides evidence that the reconstruction of the NI core-pedigree is robust and that

the genomic data (SNPs) are concordant with this.  This provides confidence for future disease

gene mapping studies including: association; linkage and 'admixture-mapping' in this population.

4.6.5 Conclusions

Study  of  isolated  populations  require  an  understanding  of  the  unique  population  history  and

admixture, which has led to unique genomic structure both in terms of long 'runs' of homozygosity

(due  to  inbreeding),  as  well  as  extensive  stretches  of  locus-specific  admixture  (heterozygosity

introduced via  population admixture).   Genomic  structure  in  populations  has  the potential  to

influence genetic associations with disease, and is therefore important to consider in future study

design.  This knowledge can then be used appropriately as a valuable tool in disease mapping and

association  studies.   The  work  conducted  in  this  chapter  increases  the  accuracy  of  previous

estimates of inbreeding and global admixture, and documents for the first time indices for both

locus-specific admixture and runs of HBD in the NI population.  Additional, this study identified

significant correlations between these unique structural components (admixture and inbreeding)

and disease risk traits for Metabolic Syndrome and CVD.  Importantly both increased prevalence

(see  Chapter  3  for  further  detail)  and  underlying  population/genetic  based  association  with

Metabolic Syndrome in the NI pedigree has been identified.  This provides strong justification for

further  examination  of  the  NI  population  in  the  context  of  Metabolic  Syndrome  risk  and

prevalence.  Future research should focus in on the identified areas of locus-specific admixture and

HBD in light of the correlations with MetS and related traits observed in this Chapter.
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4.8 Supplementary Material

Supplementary  Figure  4.1:  Chromosome-wide  average  locus-specific  admixture  in  the  Norfolk
Island population.
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Supplementary Figure 4.2: Chromosome-wide homozygous by descent (HBD) plots expanded view.
In blue is the average HBD for all individuals rated as having high HBD probability (HBD<0.75), in
black is the population average HBD for all individuals (n=502).
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Supplementary Figure  4.2  (continued): Chromosome-wide homozygous by descent  (HBD) plots
expanded view.  In blue is the average HBD for all individuals rated as having high HBD probability
(HBD<0.75), in black is the population average HBD for all individuals (n=502).
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Chapter 5: UDP-glucuronosyltransferase

(UDPGT) Variants Modify Serum

Bilirubin Concentration and Influence

Reduced Risk of Type-2 Diabetes in the

Norfolk Island Genetic Isolate

5.1 Preface

The previous chapter outlined the unique genomic structure that exists within the Norfolk Island

pedigree and discussed how this  can  be utilised to  enhance detection power  in  disease gene

mapping studies.  Association between genomic structure and various MetS traits was observed

which suggests underlying genetic risk for metabolic dysfunction in NI.  This chapter describes a

GWAS based approach to mapping markers associated with MetS and related endophenotypes and

risk traits in the Norfolk Island cohort.  

This  is  a  more traditional  association approach (with the addition of  pedigree analysis)  -  later

chapters will  detail  additional  methods of  genetic marker mapping in the NI  population;  eQTL

mapping and association analysis  in  Chapter  6,  and a statistical  phenomics-based approach to

detect genomic pleiotropy in Chapter 7.
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5.2 Abstract

Aims

A  pedigree-based  genome-wide  association  approach  (GWAS)  was  used  to  identify  markers

associated with a range of Metabolic Syndrome (MetS), Cardiovascular Disease (CVD) and type-2

diabetes (T2D) related traits.  The main aim of this was to investigate the well established genetic

isolate of Norfolk Island (NI) and leverage its unique genomic structure to increase the ability to

detect related genetic markers.

Methods

This study used a pedigree-based GWAS of 500 NI individuals genotyped using the Illumina Human

610-Quad SNP array to factor in sample relatedness and underlying genomic architecture in the NI

cohort.  Haploview was used to investigate linkage disequilibrium and explore haplotype structure

of  regions  of  interest.   Relationships  between  clinical  traits  and  bilirubin  concentration  were

statistically explored, with a stepwise multivariate regression approach being used to model overall

association.

Results

A striking association peak located at chromosome 2q37.1 was observed for both total bilirubin

and  direct  bilirubin,  with  29  SNPs  passing  multiple  correction  (1.84x10 -7).   Strong  linkage

disequilibrium (LD) was observed across a 200 kb region spanning the UDP-glucuronosyltransferase

(UDPGT) gene family, including  UGT1A1, which codes an enzyme known to metabolise bilirubin.

Two LD blocks with 'protective' haplotypes were identified  which were significantly associated

with  increased  serum  bilirubin  concentrations.   Statistically  significant  inverse  relationships

between MetS,  T2D and bilirubin concentration were observed,  with increased bilirubin levels

suggesting reduced risk.  A logistic regression model revealed a significant interaction between T2D

risk and direct bilirubin concentration;  in the NI cohort increased direct bilirubin was associated

with  a  28%  reduction  in  T2D  risk  (OR:  0.72,  95%  CI:  0.57-0.91,  p-value:  0.005).   A  stepwise

multivariate  approach  identified  2  SNPs  (rs274027,  rs6725478),  which  tag  both  protective

haplotypes,  as  being significant  modifiers  to the overall  model.   When adjusted for  genotypic

effects using these 2 SNPs the overall model was validated, with the adjusted model predicting a
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30% reduction in T2D risk with increasing direct bilirubin concentrations (OR: 0.70, 95% CI: 0.53-

0.89, p-value: 0.0001).  

Conclusions

In the NI population, serum total bilirubin level is inversely related to the prevalence of MetS as

well as risk of developing T2D, and polymorphic SNPs within the UDPGT enzyme family are directly

related  to  serum  bilirubin  levels.   LD  analysis  revealed  tagging  SNPs  that  'capture'  protective

haplotypes associated with reduced prevalence of MetS and risk of T2D. Furthermore, association

between  bilirubin  levels,  genotype  and  T2D-risk  was  observed,  demonstrating  that  genotypic

variation across the  UDPGT family directly influences the effect of direct bilirubin concentration

and its influence on the reduction of T2D risk within the NI population.
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5.3 Introduction

This chapter aims to utilise the unique genomic structure of the isolate NI population to scan MetS

and CVD related traits to identify potential genetic markers of disease.  The Norfolk pedigree has

been previously used to successfully identify markers of disease using both linkage  (Bellis  et al.,

2008a; Cox et al., 2009) and association (Cox et al., 2012; Maher et al., 2012) based approaches.

Linkage analysis  in the NI  cohort has  implicated several  regions  of  the genome with CVD and

related traits using microsatellites, however these results have not been expanded upon using the

recently  available  higher  density  SNP  arrays  or  genome-wide  association  based  methods.

Therefore an extended scan of numerous MetS/CVD related traits using a pedigree-based GWAS

was performed to identify potential genetic markers of metabolic disease.

5.3.1 GWAS and Missing Heritability Issue

Genome-wide  association  studies  (GWAS)  test  associations  between  thousands  to  millions  of

single  nucleotide  polymorphisms  (SNPs)  in  large  studies,  including  hundreds  to  thousands  of

individuals, to identify the contribution of potential genetic markers to the architecture of complex

disorders.  Such large studies promised much and have made substantial progress in identifying

common variants that  contribute genetically towards the outcome of  these disorders  (WTCCC,

2007).  However complex traits are less likely to be explained by a single large effect gene/variant,

and are more likely explained by collective contributions of numerous small effect variants that

define the genomic landscape of such diseases.  These small effect variants, or rare alleles, only

explain a small proportion of the phenotypic variance (heritability) of complex diseases.  As such

large GWAS haven't identified as much of the heritable components of disease as was originally

expected, leading to the unexplained heritability being referred to the 'missing heritability' of the

GWAS era  (Manolio  et al.,  2009; Clarke & Cooper, 2010; Makowsky  et al.,  2011).  The issue of

missing  heritability  is  especially  important  when  considering  an  individual's  susceptibility  to

disease;  a  complex  disease  phenotype  is  more  likely  contributed  to  by  additive  effects  of

underlying interactions between numerous background genes and less likely the large effects of a

single disease associated gene.
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This issue of missing heritability can potentially be explained by a combination of the following;

epigenetics, gene-environment interaction, identification of many more small effect variants, and

rare variants.  Epigenetics – the processes of 'modification' and control existing on top of the DNA

sequence – has been suggested to potentially explain at least a portion of the missing heritability

noted in GWAS (Slatkin, 2009).  Other genomic structural elements, such as copy number variants

(CNVs),  have also been suggested to contribute  to the overall  heritability  of  complex diseases

(Fanciulli, Petretto & Aitman, 2010).  Gene-environment interactions whilst notoriously difficult to

measure and model are also likely to explain a certain portion of a given traits total heritability

(Kaprio,  2012).   As  noted above these large GWAS studies succeed in identifying most  of  the

common genetic markers of disease, but it is not possible to detect the rare alleles which reside in

a small proportion of individuals, but which could potentially be greatly contributing to the overall

trait/disease heritability.  The use of large families, pedigrees and population based phenomena,

such as founder effects and genomic structure, facilitate gene-mapping for complex traits (Heutink

& Oostra, 2002; Kristiansson, Naukkarinen & Peltonen, 2008).  Studies in these family/pedigree

based populations can greatly aid in the mapping/detection of disease markers, owing to the fact

that population events lead to increased minor allele frequencies (MAF) that are not present in the

larger studies using unrelated outbred populations.

It is also interesting to consider that the bulk of large GWAS have been conducted in European-

centric populations.  Recent work in African and other non-European ancestry populations has led

to  a  large  increase  in  the  identification  of  disease  associated  variants,  and  as  such,  gives  an

increased documentation of variation across associated genomic regions – which is one of the

objectives of the HapMap project (The International HapMap Consortium, 2003, 2005).  This bias

could potentially be leading to an underestimate of the genetic variance across disease associated

regions, and/or potentially overlooking rare alleles that aren't present in populations stemming

from European ancestry.

5.3.2 The Power of Genetic Isolates

Population isolates are subpopulations which arise because of a population bottleneck induced

founder  effect  whereby  a  reduced  number  of  individuals  contribute  to  the  'new'  population.

Founder  population  isolates  offer  several  significant  advantages  for  disease  gene  mapping  of
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complex  traits  compared  to  outbred  populations.   Firstly,  the  limited  number  of  ancestors

minimises genetic heterogeneity and therefore it is expected that there will be fewer susceptibility

genes with greater overall effect.  There is also a reduction in environmental ‘noise’ due to the

geographical  and  cultural  isolation,  which  minimises  the  confounding  effects  of  non-genetic

variables.  These characteristics have been exploited in the study of rare genetic disorders caused

by  single  defective  genes  and  can  also  be  advantageous  in  complex  disease  gene  mapping

(Peltonen,  Palotie  & Lange,  2000;  Shifman  & Darvasi,  2001;  Kristiansson  et  al.,  2008).   Large

extended pedigrees are often suitable for powerful linkage analysis of complex traits due to the

fact that the kinship (relatedness) coefficient is much higher in isolated founder populations.  A

recent study investigating genome scan information in a Hutterites isolate, stressed the importance

of good genealogical information (Thompson et al., 2010).  This study noted that a failure to take

full  pedigree information into account can reduce the power to detect linkage,  or  inflate LOD

scores; in addition the failure to account for relatedness can affect association studies.  Hence it is

important that good genealogical information with defined pedigree information is available.  This

allows the analysis of large extended pedigrees and greatly increases the power and accuracy of a

gene mapping study.  In addition, a good understanding of local population history is important for

evaluating factors such as the number of founders, population size, consanguinity, immigration,

population  expansion  rate  and  genetic  drift.   The  best  candidate  populations  for  detecting

associations  with  common  genetic  variants  are  believed  to  be  isolates  with  a  small  effective

number  of  unrelated  founders  (10-100),  as  this  offers  the  advantage  of  a  smaller  number  of

disease  susceptibility  variants  within  the test  populations  compared with outbred populations

(Thompson et al., 2010).

5.3.2.1 The Norfolk Island Isolate

This  study  examined a  large  pedigree  from the  isolated  population of  NI  to  identify  genomic

variants (SNPs) associated with MetS and CVD risk traits.  The NI population is a genetic isolate

with strong family groups and a well-documented family genealogy (Bellis et al., 2008b; McEvoy et

al., 2010).  A unique history has shaped the genomic architecture of the current pedigree members

resulting in an admixed population.  Admixture is the resultant mixing of genomes from two or

more differentiated populations, and is a powerful tool for the mapping of disease genes.  Recent

estimation of the admixture in the NI cohort reported 75% European ancestry and 25% Polynesian
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ancestry (see Chapter 4 for further details).  

To date the Norfolk Island Health Study (NIHS) has collected data and samples for 1199 Norfolk

Islanders, 52% (N=624) of whom were found to have direct links to the original founders.  Using

this  in-depth  genealogical  information  a  large  multi-generational  Norfolk  pedigree  was

reconstructed  (Macgregor  et al.,  2010).  Several studies have established admixture scores and

presence of founder effects within the NI pedigree (Macgregor et al., 2010; McEvoy et al., 2010),

and these have been recently re-estimated to increased accuracy using additional genotype data

(see Chapter 4 for further details).  This pedigree has been shown to have the statistical power to

detect genetic loci influencing complex traits via linkage and association (Bellis et al., 2008a; Cox et

al., 2009, 2012). 

The NI population has high rates of MetS and CVD related risk factor traits, especially obesity,

compared to mainland Australia.  Reported rates of type-2 diabetes (T2D) were similar to mainland

Australia (4-8%), although a significantly higher proportion of individuals had fasting blood glucose

in excess of normal ranges (>5 mmol/L),  suggesting under-diagnosis of T2D  (Bellis  et al.,  2006,

2008a).  Research on the Norfolk pedigree has shown that traits for obesity, dyslipidaemia, blood

glucose  and  hypertension  exhibit  a  substantial  genetic  component,  with  heritability  estimates

ranging  from 30% for  systolic  blood  pressure  (SBP)  to  63% for  low density  lipoproteins  (LDL)

cholesterol  (Bellis  et  al.,  2008a;  Cox  et  al.,  2009;  Macgregor  et  al.,  2010).   In  addition,  factor

analysis identified “composite” phenotypes with high heritability (Cox et al., 2009), suggesting that

common  gene(s)  underlie  CVD  related  phenotypes.   Genetic  linkage  analysis  in  the  Norfolk

pedigree has successfully identified previously documented regions associated with CVD risk traits,

the most significant being for SBP on chromosome 1 (1p36) (Bellis et al., 2008a). 

The association method used in this chapter is somewhat different to traditional GWAS methods.

In this study a pedigree-based GWAS approach which takes into account the pedigree 'relatedness'

in the form of genetic kinship (derived from the SNPs) as well as the estimated trait heritability, h 2,

derived from a polygenic model which factors in relatedness as well as age and sex interactions.

This approach has previously been established (Cox et al., 2012) to result in the increased power to

detect statistically significant associations.  
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This  study  aimed  to  identify  genome-wide  associations  of  MetS/CVD  related  traits  using  a

pedigree-based GWAS approach.   This  expanded upon and updated previously  calculated trait

heritabilities in the NI cohort and utilised these in a polygenic model based approach to aid in the

association analyses.  Using this approach several traits were successfully mapped to loci, with

total bilirubin being the strongest observed association on chromosome 2q37.1.  Investigation of

the genomic structure identified that a dramatic increase in bilirubin was associated with the rare

allele in all associated SNPs.  Strong linkage disequilibrium (LD) across the 2q37.1 region resulted in

the identification of several novel haplotypes in the NI cohort.  This finding was interesting in light

of previous research which identified a protective role for bilirubin against metabolic disorders

such as CVD and MetS risk.  Correlation analyses between MetS related traits and serum bilirubin

levels identified significant inverse relationships for numerous traits.  Haplotype association testing

revealed the presence of potentially protective haplotypes within the NI population.  This chapter

identified a complex region which shows interplay between genomic and environmental conditions

and has a large effect on overall serum bilirubin levels.  This work has opened up a new direction

for investigation not only in the NI study, but in other populations, and will greatly benefit from

replication in both outbred populations as well as other isolates.
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5.4 Materials and Methods

5.4.1 Sample/cohort collection, Pedigree Information and Ethics

The Norfolk Island Health Study (NIHS) is already well established with regards to data collection

and initial disease prevalence studies (Bellis et al., 2006, 2008a; Cox et al., 2009).  The NI pedigree

structure has been previously outlined in Bellis et al 2008 (Bellis et al., 2008b), and was updated in

Macgregor et al 2010 (Macgregor et al., 2010).  Documented in Chapter 3, the most recent update

led to the reconstruction of a core-pedigree consisting of 1388 members.  This chapter focuses on

the  reduced  core-pedigree,  meaning  that  individuals  a)  are  genetically  related  to  the  original

founders,  and  b)  have  phenotype  and  genotype  information  available.   The  total  number  of

genotyped core pedigree members available for this study was 502.  All individuals gave written

informed consent. Ethical approval was granted prior to the commencement of the study by the

Griffith University Human Research Ethics Committee.

5.4.2 Heritability Analysis

All endophenotype data used in this analysis are part of the NIHS2000 collection and are outlined

in detail in Chapters 2 & 3.  Phenotypic traits to be measured included: body mass index [BMI],

height,  weight,  waist  circumference,  hip circumference,  percent  body fat,  diastolic  and systolic

blood pressure, pulse pressure, mean arterial pressure, hypertension, fasting plasma glucose, HDL-

C, LDL-C, total plasma cholesterol, cholesterol-HDL-C ratio, triglycerides, creatinine, total protein,

globin,  albumin,  urea,  uric  acid,  total  serum  bilirubin,  direct  serum  bilirubin,  and  numerous

enzymes that are markers for liver/kidney function (ALT, AST, Alkaline Phosphatase, GGT, Lactate

Dehydrogenase [LDH]).   Blood pressure measures (SBP and DBP) were adjusted for individuals

known to be taking hypertension medication.  The genetic analysis program SOLAR  (Almasy &

Blangero,  1998) was  used  to  calculate  heritability  estimates  for  all  MetS/CVD  related

endophenotypes.   The  reconstructed  core-pedigree  was  used  by  SOLAR  to  estimate  h2

(heritability),  see  Chapter  2  for  detailed  heritability  methods.   Both  the  endophenotypes  and

component traits were screened for covariant effects of age and sex interactions.  All quantitative

traits for which SOLAR calculated as having a high kurtosis were log transformed before calculating

heritability estimates.  
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5.4.3 Genome-wide SNP Genotyping

EDTA anticoagulated venous blood samples were collected from all participants. Genomic DNA was

extracted from blood buffy coats using standard phenol-chloroform procedures.  DNA samples

were genotyped according to the manufacturer’s instructions on Illumina Infinium High Density

(HD)  Human610-Quad  DNA analysis  BeadChip  version  1.   Each  Human610-Quad DNA analysis

BeadChip employed a four-sample format requiring 200 ng of DNA per sample.  Samples were

scanned  on  the  Illumina  BeadArray  500GX  Reader.   Raw  data  was  obtained  using  Illumina

BeadScan image data acquisition software (version 2.3.0.13).  Raw data from Illumina idat files was

then SNP genotyped in R using the CRLMM package  (Scharpf  et al., 2011).  Genotype data then

underwent initial quality control routines using PLINK  (Purcell  et al., 2007).  SNPs were filtered

based on: minor allele frequency >0.01; call rate >0.95, and Hardy-Weinberg equilibrium testing p-

value  >10−5.   After  this  initial  quality  control,  590,603  SNPs  were  exported  from  PLINK  and

imported into the CRAN package GenABEL  (Aulchenko  et al., 2007).  Further filtering (including

Mendelian inheritance violations and sex-checking based on available X and Y markers) in GenABEL

lead to the reduction of the SNP set to a total of ~480,000; this included removal of both X and Y

chromosome SNPs after gender checking, as well as the removal of mitochondrial and XY SNPs.  

5.4.4 Genome-Wide Association Analysis

A pedigree based GWAS analysis of all  heritable endophenotypes was batched using custom R

scripts  and  the  package  GenABEL  (Aulchenko  et  al.,  2007).   A  correction  was  made  for  the

relatedness inherent in the NI population using the polygenic model with age and sex interactions,

as well as genetic structure [the top 2 genomic principal components of the complete SNP set as

calculated by KING  (Manichaikul  et al.,  2010)].   For association analysis the mmscore function

implemented  in  GenABEL  was  used.   This  function  represents  a  mixed  model  approximation

analysis for association between a trait and genetic polymorphism(s), and is specifically designed

for association testing in samples of related individuals.  This allows for per SNP association testing

using a mixed model polygenic approach (see Chapter 2 Section 2.5.3 & 2.5.4 for more detail).

After correcting for multiple testing, the study-wide significance was set based on Meff adjustment

(P = 1.84x10−7, see Chapter 2 Section 2.5.2 for more detail).  Association statistics for every SNP for

each trait were generated and output to compressed files (.gz.tar) for storage and future reference.
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GWAS Manhattan plots where generated for each trait association using a custom modified version

of the GenABEL plot.scan.gwaa function (for all Manhattan plots see Supplementary Material 1).

Annotation of the robustly associated bilirubin SNPs identified as being functional was performed

using: http://brainarray.mbni.med.umich.edu/Brainarray/Database/SearchSNP/snpfunc.aspx.  

5.4.5 Genotype Effect, LD testing and Haplotype Association

Before  testing  for  linkage  disequilibrium  and  presence  of  haplotypes  across  the  29  robustly

associated SNPs, the effect of genotype was explored.  The genotypes were extracted from PLINK

with the alleles being transformed into a standardised genotype format (0=homozygous major

allele, 1=heterozygous, 2=homozygous minor/rare allele).  This genotype data was then merged

with appropriate phenotype data in R, and boxplots were generated to visualise the genotypic

effect  of  each  SNP  on  the  serum  levels  of  total  bilirubin  (Supplementary  Material  2  &  3).

Haplotype/LD testing, SNP tagging and association analyses were all conducted in Haploview 4.2

(Barrett et al., 2005).  LD blocks were determined using the default Haploview settings which infer

LD based on a pairwise comparison of correlation (R2)values between SNPs.   Haplotypes were

inferred from the genotypes  of  SNPs  which made up  the identified LD blocks,  and were only

recorded if they existed in more than 1% of the population.  Tagging SNPs were determined using

the 'tagger' option of Haploview, using a pair-wise tagging method with a minimum observed R2

between  pairs  of  0.8.   Association  analyses  were  carried  out  on  both  markers  (SNPs)  and

haplotypes using the inbuilt Haploview association function.  A phenotype column was added to

the  dataset  to  allow  a  'case'/'control'  experimental  set-up;  where  case  represented  the  high

bilirubin group and control the normal bilirubin group.  There were a total of 65 cases and 317

controls with 124 genotyped individuals missing phenotype information.  Permutation testing was

run to confirm the above association analyses for both marker and haplotype associations.  To

ensure the robustness of  final  P values the number of  permutations was set at  1000000 (this

should lead to a reduction of the FDR).  A further exploration of potentially similar structure across

the region spanned by the 29 SNPs was tested in 3 HapMap populations; CEU (European), CHD

(Chinese), and JPT (Japanese).  Due to a difference in the genotype platforms used, a final list of 25

SNPs was retained for Haploview analysis for NI and the 3 HapMap sets.  Linkage disequilibrium

plots  across  the  25  SNP region  was  generated  for  each  of  the  4  populations  (Supplementary

Material 5.4).  
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5.4.6 Correlations with MetS/CVD risk and related traits

Correlations between risk  scores for  CVD and T2D,  clinically  defined Metabolic  Syndrome, and

various  related  traits  were  conducted  in  R  2.15.2  (R-Development-Core-Team,  2010).   For  all

analyses total serum bilirubin levels were categorised into 'normal' and 'high' groupings, with 'high'

being  defined  as  >14  µmol/L,  this  approximates  a  clinical  cut-off  and  allows  for  easier

interpretation.  

5.4.6.1 t-test Analysis for continuous trait data

For all other traits tested a standard student's t-test (as implemented in R) was used to test for a

significant difference of means between the given trait and bilirubin level.

5.4.6.2 Chi-squared Analysis for categorical data

There were two categorical traits tested for correlation with serum bilirubin levels; smoking and

Metabolic Syndrome.  Smoking has been previously well documented to be associated with serum

bilirubin levels (Schwertner, 1998),  and was categorised in the NI cohort as either 'yes' (smokers

N=133)  or  'no'  (non-smokers  N=458).   Correlation testing between smoking  and bilirubin  was

carried  out  using  a  2x2  chi-squared  contingency  test,  followed  by  a  Fisher's  Exact  test.   For

correlation analysis between total serum bilirubin and Metabolic Syndrome there were a total of

598 individuals with available matched phenotype data; 'MetS' (N=156) and 'no MetS' (N=442).

The clinical diagnosis of Metabolic Syndrome previously calculated for the NI cohort was used (see

Chapter  3  for  further  detail).   A  2x2  chi-squared  contingency  test  was  used  to  evaluate  the

significance, followed by a Fisher's Exact test as one of the tables cells contained a value less than

5%.  

5.4.6.3 Regression Modelling testing association between outcome, trait and genotype

To further explore associations between bilirubin, T2D and the genotypic architecture across the

UGT1A region  regression  modelling  was  conducted  in  R.   To  establish  an  initial  association,

separate logistic regression was conducted between categorised T2D risk and total bilirubin and

then direct bilirubin.  Additionally a bi-directional stepwise logistic regression model was used to

test the significance of each of the 9 tagging SNPs identified in the LD block analysis.  The model

was not corrected for common covariates (age, sex, smoking, BMI) as these are all accounted for in

the calculation of the AUSDRISK T2D risk score (for more detail see Chapter 3).  Reported R2 values
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use the Nagelkerke Index pseudo R2 as calculated in R.
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5.5 Results

5.5.1 Heritability of Individual CVD-MetS Endophenotypes

A description of  the  endophenotype  traits  tested  in  this  study  including  summary  statistics  is

shown in Chapter 3 Table 3.3.  The latest pedigree relationship information and SOLAR were used

to calculate  heritability  (h2) statistics  for  all  endophenotypes  profiled in  the NI  cohort  (n=500,

Figure 5.1).  In total, 26 traits yielded statistically significant h2 values ranging from 0.225 – 0.906

(nominal P<0.05).  Not surprisingly, the most heritable trait in this pedigree was height (h 2=0.906,

P=1.32x10-10). A summary of all significantly heritable major MetS/CVD related traits is shown in

Table  5.1.   The  average  heritability  was  0.39  and  10  traits  exhibited  a  higher  than  average

heritability;  height,  total  protein,  globin,  total  bilirubin,  LDL-C,  cholesterol,  chlorine,  alkaline

phosphatase, urea and waist circumference.  
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Figure 5.1: Baseline heritability scores for a range of Norfolk Island endophenotypes.



Table 5.1: Significantly heritable MetS/CVD related endophenotypes in the NI population.

Trait h2 P value

Height 0.906 1.32E-10
Total protein 0.563 2.26E-04
Globin 0.525 3.36E-04
Total bilirubin 0.502 4.45E-05
LDL-C 0.454 7.51E-05
Cholesterol 0.426 8.41E-05
Chlorine 0.426 8.41E-05
Alkaline phosphatase 0.425 6.10E-04
Urea 0.424 7.87E-04
Waist circumference 0.394 3.43E-03
Weight 0.377 1.01E-03
Body fat 0.375 3.30E-03
Hip circumference 0.374 3.94E-03
GGT 0.369 3.02E-03
Albumin 0.358 9.01E-03
Uric Acid 0.350 2.17E-03
HDL-C 0.348 1.58E-02
Direct Bilirubin 0.327 3.30E-02
SBP 0.324 4.24E-04
Bicarbonate 0.297 1.19E-02
BMI 0.295 7.01E-03
Waist-hip ratio 0.289 1.76E-02
Calcium 0.285 1.63E-02
Creatinine 0.257 2.43E-02
AST 0.251 3.81E-02
Cholesterol/HDL-C ratio 0.225 2.42E-02
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5.5.2 GWAS of MetS/CVD Related Endophenotypes

All  individual  endophenotypes  were screened for  association separately;  individual  trait GWAS

Manhattan plots can be viewed in Supplementary Material 5.1.  A general lack of association was

observed for the majority of the traits, however it should be noted that a number of SNPs passed

the  adjusted  significance  threshold  for  liver  function  traits  (i.e.  GGT,  AST,  ADH).   These  traits

exhibited numerous SNPs passing Meff adjustment, however robust 'peaks'/clusters of SNPs were

not  observed.   This  could  potentially  indicate  the  importance/abundance  of  specific

trait(s)/enzyme(s) in systems, there is a lot more to potentially associate with, hence either a large

FDR, or many functional genes/pathways that have yet to be elucidated.  There were 3 traits with

robustly  associated  clusters  (in  close  proximity)  of  SNPs;  total  bilirubin,  direct  bilirubin,  and

hypertension.

5.5.3 Exploration of the Bilirubin Association on Chromosome 2q37.1

The strongest observed association was seen between a cluster of SNPs on chromosome 2p37.1

and  total  serum  bilirubin  (Figure  5.2  A),  the  most  robustly  associated  SNP  being  rs6744248

(P=1.87x10-16).  In total 29 SNPs in the chromosome 2q37.1 region passed a Meff adjusted threshold

(Table 5.2).  Association was observed for the same cluster of SNPs on chromosome 2q37.1 with

direct serum bilirubin levels,  though weaker than that  for  total  serum bilirubin (Figure  5.2 B).

These 29 SNPs span a region of 189.8 kb, and lie directly on top of a complex locus that codes

numerous isoforms of the UDP-glucuronosyltransferase (UGT) A1 family.  These are all enzymes of

the glucuronidation pathway that transform small lipophilic molecules, such as steroids, bilirubin,

hormones,  and  drugs,  into  water-soluble,  excretable  metabolites.   There  are  a  total  of  9

documented  UDP-glucuronosyltransferase  isoforms;  UGT1A1,  UGT1A3,  UGT1A4,  UGT1A5,

UGT1A6,  UGT1A7,  UGT1A8,  UGT1A9 and  UGT1A10 (Figure  5.3).   UGT1A1 is  well  known  to

preferentially metabolise bilirubin and has been previously mapped in linkage and GWAS studies

(Lin et al., 2003, 2009; Jylhävä et al., 2012).  UGT1A3 and UGT1A4 also have potential action with

bilirubin.
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Figure  5.2: GWAS Manhattan plots for; A) Total Serum Bilirubin, and B) Direct Serum Bilirubin.
Meff adjusted correction threshold of 1.84x10-7 is indicated by the horizontal dashed line.



Table 5.2: Top Meff corrected SNPs associated with Total Serum Bilirubin.

SNP CHR Position A1 A2 effB se_effB chi2.1df P value

rs6744284 2 234625297 C T 3.278 0.395 68.90 1.87E-16
rs3771341 2 234673239 C T 3.235 0.395 67.17 4.43E-16
rs17863787 2 234611094 T G 3.044 0.379 64.48 1.70E-15
rs6742078 2 234672639 G T 3.025 0.379 63.60 2.64E-15
rs887829 2 234668570 G A 3.011 0.379 63.01 3.55E-15
rs4148324 2 234672722 T G 3.011 0.379 63.01 3.55E-15
rs4148325 2 234673309 C T 3.011 0.379 63.01 3.55E-15
rs1105880 2 234601965 T C 2.829 0.368 59.13 2.46E-14
rs1105879 2 234602202 T G 2.829 0.368 59.13 2.46E-14
rs6725478 2 234615400 C T 2.711 0.378 51.40 1.18E-12
rs2741045 2 234580140 C T 2.907 0.406 51.17 1.32E-12
rs10168416 2 234597087 C G 2.827 0.400 49.85 2.55E-12
rs2070959 2 234602191 A G 2.827 0.400 49.85 2.55E-12
rs2741012 2 234508963 C T 2.887 0.415 48.43 5.20E-12
rs2741027 2 234518011 G A 2.887 0.415 48.43 5.20E-12
rs7608175 2 234599089 C G 2.536 0.364 48.41 5.27E-12
rs10168155 2 234596836 C T 2.530 0.364 48.21 5.82E-12
rs10171367 2 234597667 C G 2.530 0.364 48.21 5.82E-12
rs2361502 2 234698790 T C 2.590 0.380 46.37 1.46E-11
rs2925260 15 25869972 T C 18.764 2.825 44.11 4.56E-11
rs2930593 15 25877815 C A 18.764 2.825 44.11 4.56E-11
rs12654591 5 38271582 C A 13.063 2.075 39.63 4.34E-10
rs2741023 2 234516714 G A 2.446 0.399 37.67 1.17E-09
rs10179094 2 234597825 T A 2.347 0.386 37.06 1.58E-09
rs7586110 2 234590527 T G 2.344 0.385 37.05 1.59E-09
rs2221198 2 234658623 C T 2.251 0.374 36.33 2.29E-09
rs4124874 2 234665659 A C 2.194 0.365 36.05 2.63E-09
rs3755319 2 234667582 T G 2.194 0.365 36.05 2.63E-09
rs4148326 2 234673462 T C 2.194 0.365 36.05 2.63E-09
rs1876506 3 42547127 A G 13.734 2.308 35.43 3.61E-09
rs4294999 2 234635467 A G 2.155 0.364 35.11 4.23E-09
rs2008595 2 234637192 G A 2.155 0.364 35.11 4.23E-09
rs4663963 2 234650193 T G 2.155 0.364 35.11 4.23E-09
rs16892701 8 120525983 G A 11.336 2.077 29.79 6.25E-08
rs16892482 8 120386382 A G 11.326 2.077 29.74 6.41E-08
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5.5.3.1 Genotype effects on serum bilirubin levels 

Boxplots were generated to visualise the effects of genotype on the levels of total serum bilirubin

(Supplementary Material 5.2).  All 29 SNPs showed an overall average increase in serum bilirubin

levels for the homozygous minor allele genotype.  Indeed it appears that the minor allele has an

overall effect of being associated with increasing serum bilirubin levels, as is evident by both the

heterozygote and homozygote minor allele genotypes showing marked increases compared to the

homozygote major genotype for all SNPs (Supplementary Material 5.2).  For comparison genotype

associations of the 29 SNPs were also made for direct serum bilirubin (Supplementary Material

5.3).  A similar trend was observed, however with markedly increased variance.  This is most likely

due to the indirect bilirubin contained within the total serum measure and will be discussed later.
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Figure 5.3: Magnified view displaying genomic structure of the UDP-glucuronosyltransferase gene
family  located on 2q37.1.   All  SNPs within this  region that  were tiled on the Illumina Human
610quad BeadChip are displayed.  Meff adjusted correction threshold of 1.84x10-7 is indicated by
the  horizontal  dashed  line.   Known  gene  isoforms  are  indicated  by  dashed  vertical  lines  and
labelled at the top of the plot.  The bilirubin metabolising gene, UGT1A1, is shown highlighted in
green.



5.5.3.2 Functional Annotation of UDP-glucuronosyltransferase SNPs

Several  SNPs  were  observed  to  be  potentially  functionally  interesting,  annotation  of  these  is

presented  in  Table  5.3.   Three  SNPs  are  within  the  coding  region  of  UGT1A6;  rs1105880

(synonymous), rs1105879 and rs2070959 (non-synonymous).  Further investigation with SNPnexus

(http://www.snp-nexus.org/)  revealed rs1105879 had a PolyPhen score  of  'possibly  damaging',

indicating the usually conserved nature of the coded amino acid.  Six SNPs were observed to reside

within  five  prime  untranslated  regions  (5'UTR);  UGT1A1 (rs887829,  rs3755319),  UGT1A3

(rs2008589),  UGT1A6 (rs7608175),  UGT1A7 (rs7586110), and  UGT1A9 (rs2741045).  These SNPs

could potentially affect the transcription and/or translation of their respective transcript/protein.

Variation within the 5′UTR of a gene has been shown to alter mRNA expression (Barrett, Fletcher &

Wilton,  2012).   Additionally,  variants  within  5'UTRs  of  genes  have  been  shown  to  impact

translation, and have also been associated with several human diseases  (Chatterjee & Pal, 2009;

Cenik et al., 2011).  

Table  5.3: Functional annotation of the chr2q37.1 SNPs significantly associated with total serum

bilirubin levels.  SNPs displayed reside in regions other than introns.

RefSNP ID NCBI Gene ID Gene Symbol Function Class Residue Amino Acid Position

rs1105879 54578 UGT1A6 coding-nonsynonymous S 183
rs2070959 54578 UGT1A6 coding-nonsynonymous A 180
rs1105880 54578 UGT1A6 coding-synonymous L 104
rs2008595 54659 UGT1A3 5'UTR - -
rs2741045 54600 UGT1A9 5'UTR - -
rs3755319 54658 UGT1A1 5'UTR - -
rs7586110 54577 UGT1A7 5'UTR - -
rs7608175 54578 UGT1A6 5'UTR - -
rs887829 54658 UGT1A1 5'UTR - -
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5.5.3.3 LD block identification

Evidence  of  strong  linkage  disequilibrium  (LD)  across  the  29  SNPs  was  observed  in  the  NI

population (Figure 5.4).  Analysis identified 2 LD blocks across the region; the first block contained

9 SNPs and spanned 88 kb, the second block consisted of 19 SNPs and spanned a region of 74 kb.

Further analysis of LD across 3 separate HapMap populations was conducted to compare with that

obtained in the NI cohort; CEU (European), CHD (Chinese) and JPT (Japanese).  Due to the varying

genotyping  platforms  being  used,  only  25  of  the  29  SNPs  could  be  replicated  across  the  4

populations, thus the LD mapping was restricted to these 25 SNPs.  The LD pattern for NI cohort

was most similar to the CEU population, and extensively different from both of the East Asian

HapMap groups used (Supplementary Material  5.4).  This is not unexpected because of the large

amount of recent European ancestry in the Norfolk population.  LD appears slightly stronger in the

NI SNPs than for CEU; again this would be expected due to the presence of inbreeding within the

population.  Linkage Disequilibrium comparison with the two East Asian populations is further

confirmation that  the present  day  populations  (CHD,  JPT  as  well  as  CHB [discussed further  in

Chapter 5]) are not good proxy ancestral populations for modelling the admixed ancestry present

in  the  NI  cohort.   Allele  frequencies  for  the  25  SNPs  in  these  4  populations  are  detailed  in

Supplementary Material 5.5 and 5.6.
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Figure  5.4: Linkage Disequilibrium plots for 29 SNPs contained within UDP-glucuronosyltransferase
gene family.  The 2 LD blocks are outlined in black; Block 1 spans SNPs 1-9, Block 2 spans SNPs 10-28.
All SNP rs numbers are listed, with their chromosomal positioning relative to each other indicated at
the top of the figure.  Values given in individual cells represent r2, blocks are defined as r2=79-99%.



5.5.3.4 Haplotype mapping and association with bilirubin levels

The individual 29 SNP 'markers' were run through Haploview association analysis, reported minor

allele frequencies (MAF) and association statistics are documented for each marker in Table  5.4.

All 29 SNPs exhibited significantly (P<1.0x10-4) increased MAF in the high serum bilirubin group,

which is consistent with the genotype analysis conducted in R.  The most significantly associated

marker was rs17863787; MAF (rs17863787_G) allele frequency was observed to be 62.3% in the

high serum bilirubin group and 24.9% in the normal serum bilirubin group (P=5.51x10 -17) for this

marker.  The highest observed MAF was 80%, while the lowest was 18.8%.  

To further investigate the association of genomic structure across the chr2q37.1 region with serum

bilirubin, a haplotype association analysis was conducted in Haploview.  There were a total of 6

haplotypes inferred for LD block 1 and 7 haplotypes for LD block 2 (Table 5.5); haplotypes present

in >1% of the total population are shown.  The block 1 haplotype most significantly associated with

the  high  bilirubin group was  'TAAGTGGGA',  which  is  estimated to  exist  at  20.3% in  the total

population.  This haplotype was observed in 40.3% of the high serum bilirubin group, and 17.2% of

the normal group (P=4.59x10-9).  The most abundant block 1 haplotype ('CGGTCCACT', 33.6% of

total  population)  was  observed to  be significantly  associated  with  the normal  serum bilirubin

group;  36.9% normal  vs  19% high  (P=9.31x10-5).   The  LD  block  2  haplotype most  significantly

associated with high serum bilirubin was 'GGGCGTTGTGAGCTTGTTC'; which is estimated to be

present in 18.8% of the total population.  This haplotype was observed in 43.5% of the high serum

bilirubin  group,  and  14.3%  of  the  normal  group  (P=1.73x10-14).   The  most  abundant  block  2

haplotype  ('CAAATCCACTGTACGTCCT',  49.2%  of  total  population)  was  observed  to  be

significantly  associated  with  the  normal  serum  bilirubin  group;  54.6%  normal  vs  26.1%  high

(P=3.51x10-9).  Frequency and combination of the block specific haplotypes is illustrated in Figure

5.5.

Nine tagging SNPs were identified that capture the allelic variance of the 29 GWAS identified SNPs

(Table 5.6); the tagging analysis captured all 29 alleles at R2 >= 0.8 which contains 100 percent of

alleles with mean R2 of 0.963.  These SNPs could be used in future replication analyses to tag

variation across the region in other populations.

176



Table 5.4: Haploview marker associations showing frequencies of the minor alleles

SNP
Associated

Allele
High Bili

Allele Freq
Normal Bili
Allele Freq OR (95% CI) Chi square P value

rs2741012 T 0.415 0.188 0.33 (0.22 – 0.49) 31.93 1.60E-08
rs2741023 A 0.431 0.239 0.41 (0.28 – 0.61) 20.06 7.52E-06
rs2741027 A 0.415 0.188 0.33 (0.22 – 0.49) 31.93 1.60E-08
rs7586110 G 0.500 0.251 0.33 (0.23 – 0.49) 32.33 1.30E-08
rs10168155 T 0.654 0.326 0.26 (0.17 – 0.38) 48.96 2.62E-12
rs10168416 G 0.492 0.194 0.25 (0.17 – 0.37) 51.93 5.75E-13
rs4485562 G 0.800 0.626 0.42 (0.26 – 0.66) 14.44 1.00E-04
rs10171367 G 0.654 0.326 0.26 (0.17 – 0.38) 48.96 2.62E-12
rs10179094 A 0.500 0.249 0.33 (0.22 – 0.49) 32.83 1.01E-08
rs7608175 G 0.654 0.326 0.26 (0.17 – 0.38) 49.11 2.42E-12
rs1105880 C 0.646 0.271 0.20 (0.14 – 0.30) 68.04 1.60E-16
rs2070959 G 0.492 0.194 0.25 (0.17 – 0.37) 51.93 5.75E-13
rs1105879 G 0.646 0.271 0.20 (0.14 – 0.30) 68.04 1.60E-16
rs17863787 G 0.623 0.249 0.20 (0.13 – 0.30) 70.15 5.51E-17
rs6725478 T 0.631 0.300 0.25 (0.17 – 0.37) 51.58 6.88E-13
rs6744284 T 0.577 0.222 0.21 (0.14 – 0.31) 66.86 2.91E-16
rs4294999 G 0.715 0.429 0.30 (0.21 – 0.45) 35.46 2.61E-09
rs2008595 A 0.715 0.429 0.30 (0.21 – 0.45) 35.46 2.61E-09
rs4663963 G 0.715 0.429 0.30 (0.21 – 0.45) 35.46 2.61E-09
rs2221198 T 0.672 0.402 0.33 (0.22 – 0.49) 31.32 2.18E-08
rs4124874 C 0.715 0.427 0.30 (0.21 – 0.45) 35.86 2.12E-09
rs3755319 G 0.715 0.427 0.30 (0.21 – 0.45) 35.86 2.12E-09
rs887829 A 0.623 0.254 0.20 (0.14 – 0.30) 67.92 1.70E-16
rs6742078 T 0.623 0.253 0.20 (0.14 – 0.30) 68.23 1.46E-16
rs4148324 G 0.623 0.254 0.20 (0.14 – 0.30) 67.92 1.70E-16
rs3771341 T 0.577 0.227 0.22 (0.15 – 0.32) 64.55 9.40E-16
rs4148325 T 0.623 0.254 0.20 (0.14 – 0.30) 67.92 1.70E-16
rs4148326 C 0.715 0.427 0.30 (0.21 – 0.45) 35.86 2.12E-09
rs2361502 C 0.546 0.268 0.30 (0.21 – 0.45) 38.61 5.16E-10

Note: odds ratios are not adjusted for age and sex
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Table 5.5: Haploview haplotype associations with bilirubin levels

Block 1 – Haplotype Freq.
High Bili 

Allele Freq
Normal Bili 
Allele Freq OR (95% CI) Chi Square P Value

CGGTCCACT 0.336 0.190 0.369 2.54 (1.58 – 4.07) 15.27 9.31E-05
CGGTCCGCT 0.262 0.135 0.289 2.65 (1.54 – 4.53) 13.12 3.00E-04
TAAGTGGGA 0.203 0.403 0.172 0.31 (0.20 – 0.46) 34.36 4.59E-09
CGGTTCGGT 0.096 0.155 0.078 0.46 (0.26 – 0.80) 7.81 5.20E-03
CAGGTCGGA 0.044 0.008 0.051 6.83 (0.92 – 50.4) 4.75 2.93E-02
CGGGTGGGA 0.030 0.094 0.021 0.20 (0.09 – 0.46) 17.13 3.49E-05

Block 2 – Haplotype
CAAATCCACTGTACGTCCT 0.492 0.261 0.546 3.39 (2.23 – 5.17) 34.88 3.51E-09
GGGCGTTGTGAGCTTGTTC 0.188 0.435 0.143 0.22 (0.14 – 0.33) 58.82 1.73E-14
CAAATCCGTGAGCCGTCCC 0.120 0.085 0.127 1.57 (0.82 – 3.04) 1.81 1.79E-01
GGACGTTGTGAGCTTGTTC 0.089 0.142 0.072 0.47 (0.26 – 0.85) 6.93 8.50E-03
GAAATTCGTGAGCCGTCCC 0.048 0.008 0.047 6.43 (0.87 – 47.6) 4.37 3.66E-02
GGGCGTCGTGGGCTTGCTC 0.028 0.046 0.027 0.57 (0.22 – 1.48) 1.37 2.43E-01
GGGCTCCACTGTACGTCCT 0.015 0.012 0.021 2.30 (0.35 – 20.8) 0.54 4.62E-01

Note: odds ratios are not adjusted for age and sex

Table 5.6: Haploview 'Tagger' analysis of the 29 GWAS associated chr2q37.1 SNPs identified 9 SNPs

as tagging the allelic variation across the region.

SNP Tested Alleles Captured

rs4148325 rs3771341,rs887829,rs1105879,rs4148325,rs6742078,rs17863787, rs1105880,rs6744284,
rs4148324

rs2008595 rs4294999,rs4148326,rs4663963,rs2221198,rs3755319,rs4124874,rs2008595
rs6725478 rs6725478,rs10168155,rs10171367,rs7608175
rs7586110 rs10179094,rs7586110
rs10168416 rs10168416,rs2070959
rs2741027 rs2741027,rs2741012
rs2741023 rs2741023
rs2361502 rs2361502
rs4485562 rs4485562
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5.5.4 Bilirubin Correlations with MetS/CVD

It is well established that serum bilirubin levels are inversely correlated with risk of developing CVD

(Schwertner, Jackson & Tolan, 1994; Madhavan  et al.,  1997; Novotný & Vítek, 2003).  This was

investigated using the CVD-risk score previously calculated for the NI population (see Chapter 3 for

further detail), and potential relationships between other risk scores, including MetS and T2D were

also explored.  

A significant inverse relationship was observed between total serum bilirubin and the clinical risk

score for MetS.  Of the 592 individuals with available data 66% had normal bilirubin levels and no

MetS, 11.5% had high bilirubin levels and no MetS, 25.3% had normal bilirubin and MetS, 1.2% had

high bilirubin and MetS.  A chi-squared contingency test followed by Fisher's exact showed that

this  was  a  significant  observation;  χ2=4.18  (P=0.04),  Fisher's  Exact  OR=2.45  (P=0.03).   This

correlation suggests that NI individuals with higher serum bilirubin levels are less likely to develop

MetS.

Numerous studies have also attributed smoking behaviour to be associated with serum bilirubin

levels  (Schwertner, 1998; Hoydonck, 2001; Jo  et al., 2012).  This was tested in the NI population

using  the  students  independent  t-test,  and  revealed  a  significant  difference  in  mean  serum

bilirubin  levels  between  smokers  (6.46  µmol/L)  and  non-smokers  (8.12  µmol/L);  t=3.99  with
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Figure  5.5:  Haplotype  structure  across  the  two  identified  LD  blocks  in  the  NI  cohort  UDP-
glucuronosyltransferase  gene  family.   Displayed  haplotypes  reside  at  >1%  frequency  in  the
genotyped samples.   Connecting lines represent  haplotype combinations:  thick lines represent
haplotype combinations that include >10%, thin lines >1% of samples.  



P=4.06x10-5.  

To further examine potential  relationships a series of t-tests  between a variety of quantitative

MetS/CVD endophenotypes and categorised serum bilirubin group were performed.  There were a

total of 9 significant (nominal P<0.05) endophenotype correlations with categorised bilirubin level,

these  were;  body  mass  index  (BMI),  body  fat,  cholesterol/HDL-C  ratio,  total  cholesterol,  hip

circumference, LDL-C, T2D-risk score, total  protein and triglycerides (Table  5.7).   These findings

highlight traits that are consistent with previous literature (McArdle et al., 2012; Vítek, 2012).

Table 5.7: Endophenotype correlation with serum bilirubin group

Trait t P High Bili Mean Normal Bili Mean

albumin 0.90 3.70E-01 41.75 41.43
BMI* -1.91 3.00E-02 25.06 26.27
body fat* -3.43 5.30E-04 26.63 30.67
cholesterol/HDL-C ratio* -1.82 4.00E-02 3.94 4.29
cholesterol* -2.71 4.00E-03 5.30 5.67
creatinine 0.15 8.80E-01 80.19 79.90
CVD-risk 0.40 6.90E-01 7.20 6.69
diastolic blood pressure 0.51 6.90E-01 77.69 76.68
globin 1.91 6.10E-02 30.29 29.34
HDL-C 0.62 5.30E-01 1.44 1.41
hip circumference* -2.04 2.00E-02 99.42 101.92
Inbreeding -0.42 3.40E-01 0.01 0.01
LDL-C* -1.66 5.00E-02 2.66 2.86
mean arterial pressure 0.26 8.00E-01 95.01 94.44
Polynesian Admixture -1.41 8.50E-02 0.21 0.25
pulse pressure 0.02 9.80E-01 52.31 52.26
systolic blood pressure 0.29 6.10E-01 130.00 128.95
T2D-risk* -2.31 1.00E-02 9.19 11.22
total protein* 2.28 3.00E-02 72.10 70.79
triglyceride’s* -2.15 2.00E-02 1.58 2.00
urea -0.44 6.60E-01 5.49 5.58
uric acid 0.53 6.00E-01 0.35 0.34
waist circumference -1.91 1.30E-01 85.04 87.62
waist-hip ratio 0.34 6.30E-01 0.86 0.86
weight 0.20 5.80E-01 75.79 75.31

* significant at P<0.05
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Percentage body fat was observed to have the strongest correlation with serum bilirubin, with

significantly  reduced body fat  composition in  individuals  who had high  serum bilirubin  levels.

Unlike previous observations (Schwertner et al., 1994; Lin et al., 2009; McArdle et al., 2012), CVD-

risk score wasn't significantly reduced in those individuals with higher serum bilirubin.  However,

T2D-risk did show significantly reduced risk in the higher bilirubin group, consistent with previous

literature (Wu et al., 2011; Vítek, 2012).  

5.5.4.1 Genotype effects on MetS, T2D and CVD traits

To  further  validate  the  above  approach  and  findings  potential  associations  between  the  29

significantly  associated  SNPs  and  endophenotypes  other  than  serum  bilirubin  were  explored.

Traits which showed a significant (P<0.05) correlation with total serum bilirubin (Table 5.7) were

selected  in  an  attempt  to  link:  a)  bilirubin  levels  and  genotype;  b)  bilirubin  levels  and

endophenotype, and c) endophenotype and genotype.  There was only one trait which showed a

significant association with any of the 29 markers, which was T2D-risk when categorised: “low”;

“intermediate”, and “high”.  Using a chi-squared test rs2741012 and rs2741027 were significantly

associated with T2D-risk (χ2=9.63, P=0.0069).  Again this was followed with a Fisher's Exact test

which  confirmed  significance  (P=0.0081).   The  same  observation  with  the  minor  allele  and

suggestive protection was observed.

To further investigate the above associations logistic regression was used to identify a model that

predicts outcome (T2D) from trait (bilirubin) and factors in potential modifiers (genotype).  Logistic

regression modelling identified direct bilirubin as being significantly associated with categorised

T2D risk (R2: 0.05, p-value: 0.005), suggesting that in the NI cohort increased direct bilirubin was

associated with a 28% reduction in T2D risk (OR:0.72, 95% CI: 0.57-0.91).  Interestingly,  and in

support of our approach, this reduction in risk correlates well with previous work conducted in a

large US cohort  (Cheriyath  et  al.,  2010).   Based on a bi-directional  stepwise regression model

approach, 2 of the 9 tagging SNPs remained significant; rs2741027 and rs6725478.  These SNPs

effectively tag the two major 'protective'/high bilirubin haplotypes.  When included, the adjusted

model remained significant (R2: 0.13, p-value: 0.0001) and confirmed the initial association; direct

bilirubin (OR:0.70, 95% CI:  0.53-0.89, p-value: 0.005): rs274027 (OR:0.25, 95% CI:  0.10-0.58, p-

value: 0.002),  rs6725478 (OR:0.27, 95% CI: 0.10-0.63, p-value: 0.004).  This indicates that the SNP
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genotypes  are  significantly  influencing  the  relationship  of  direct  bilirubin  on  T2D.   Therefore,

inclusion of SNP genotypes when assessing the relationship between direct bilirubin and T2D risk

increases the accuracy of the 'risk' estimate within the NI cohort.

5.5.5 Additional GWAS Associations of Interest

For the serum bilirubin associations the majority of significantly associated SNPs were located on

2q37.1, however there were several associations passing Meff adjustment for other regions of the

genome (Table 5.2).  A SNP (rs1876506) on chromosome 3p22.1 lies within the VIPR1 gene.  The

associated SNP (rs12654591)  on chromosome 5p13.2 lies within the  EGFLAM gene,  which has

been associated with photoreceptors.  The protein pikachurin is encoded by EGFLAM and has been

observed to have a role in affecting interactions between the photoreceptor ribbon synapse and

the bipolar dendrites, a process involving both pikachurin and dystroglycan (Sato et al., 2008).  It

has been demonstrated that incorrect binding between pikachurin and dystroglycan is associated

with muscular dystrophies, which can involve eye abnormalities  (Kanagawa et al., 2010).  This is

potentially interesting in light of the observed ocular diseases in the NI population (Sherwin et al.,

2011), and could allude to an intriguing connection between bilirubin levels and ocular disorders.

The SNPs on chromosome 8 and 15 were located in intergenic regions and do not appear to exhibit

any currently annotated information.

An additional interesting statistically significant association was observed on chromosome 15 for

hypertension.  Hypertension was categorised in the NI population as; those individuals with above

normal blood pressure, and those individuals being recorded as taking medication for abnormal

blood pressure.  The cluster of SNPs are located to the 15q21.3 cytoband, and reside within the

UNC13C (unc-13 homolog C).  A number of papers have reported varying degrees of association of

SNPs  located  in  and  in  close  proximity  to  UNC13C with  a  variety  of  MetS/CVD  related  traits

including:  blood  pressure  (O’Donnell  et  al.,  2007;  Salvi  et  al.,  2012);  cholesterol  and  LDL-C

(Kathiresan  et al.,  2007); glucose  (Meigs  et al.,  2007); body weight  (Fox  et al.,  2007) and CVD

(Larson et al., 2007).  While power is limited by sample size, the distinct lack of further robust trait

associations is interesting and will be explored in later chapters using a range of methodologies

which aim to identify the potential genetic pleiotropy that exists within complex disorders such as

MetS and CVD (Chapters 6 & 7).
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5.6 Discussion

The  NI  isolate  has  been  successfully  validated  as  a  good  population  to  explore  the  genetic

associations  with  complex  disease  using  a  range  of  techniques  including  linkage  (Bellis  et  al.,

2008a) and more recently association (Cox et al., 2012).  The ability of our pedigree-based GWAS

approach to detect previously associated loci indicates that both the method and the NI pedigree

have  power  to  identify  true  disease-related  markers.   This  study  has  identified  a  significant

genomic association at 2q37.1, the UDPGT enzyme family, with direct and total serum bilirubin

levels.   Correlation analyses  between MetS  related  traits  and serum bilirubin  levels  identified

significant inverse relationships for numerous traits.  Haplotype association testing revealed the

presence of potentially protective haplotypes within the NI population.  This study has identified a

complex region which shows interplay between genomic and environmental conditions and has a

large effect on overall serum bilirubin levels.

Bilirubin is a potent antioxidant and as such has a vital role in the protection of the body against

reactive oxygen species (Stocker et al., 1987; Yamaguchi et al., 1996; Baranano et al., 2002).  It is a

component of haemoglobin, formed during metabolic breakdown in the liver.  There are several

different measures for bilirubin.  Direct bilirubin has undergone a process in the liver known as

conjugation, which changes its structural conformation, becoming a polar molecule.  This process

makes bilirubin soluble, and allows for secretion in two forms, either; as bile (used to digest food)

which is excreted in faeces, or in urine.  Conjugation increases solubility of bilirubin in blood and

allows for clearance from the body through the kidneys.  Indirect bilirubin is a measure of the

unconjugated bilirubin present in the serum.  Indirect bilirubin is fat-soluble and direct bilirubin is

water-soluble.   Total  bilirubin is  a  measurement of  levels  of  both direct  and indirect  bilirubin,

indirect bilirubin is not clinically measured, and is derived from total minus direct bilirubin levels.  

Serum bilirubin has been consistently shown to have a protective effect on CVD and more recently

Metabolic Syndrome and T2D (for a recent review see (Vítek, 2012)).  There are numerous well-

documented associations between genetic variants and bilirubin concentrations (Lin et al., 2003;

Johnson et al., 2009; Newton-Cheh et al., 2009; Bielinski et al., 2011; Melton et al., 2011; Chen et

al.,  2012;  Dai  et  al.,  2013) as  well  as  between  bilirubin  concentrations  and  CVD  endpoints
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(Schwertner et al., 1994; Madhavan et al., 1997; Novotný & Vítek, 2003; McArdle et al., 2012), but

there have been few reports of genetic polymorphisms associating with both CVD and bilirubin.

One study investigating the role of serum bilirubin levels and genetic variants on coronary artery

disease concluded that it was solely the reduced level of bilirubin that increased risk (Lingenhel et

al.,  2008).  Also, the majority of these recent Metabolic Syndrome/T2D/bilirubin concentration

papers  have  only  investigated the  clinical  associations  and  not  explored  the  potential  genetic

determinants.  While numerous studies have explored linkage and association of bilirubin with

respect to CVD-risk there is little work currently associating the clinical data with genetics for MetS

and T2D in relation to bilirubin.  A recent study identified evidence for association with SNPs in

UGT1A1 and all-cause mortality, and suggested the potential role for variants within this region

with mortality in T2D patients (Cox et al., 2013).  

This study used a pedigree-based GWAS to robustly implicate a 189.8 kb region on chromosome

2q37.1 with serum bilirubin levels – a region previously associated in both linkage analyses (Lin et

al.,  2006) and  GWAS  (Johnson  et  al.,  2009;  Dai  et  al.,  2013).   This  region  contains  the  UDP-

glucuronosyltransferase  A1  gene  family,  which  codes  for  an  isoform  that  directly  metabolises

bilirubin.  Genotypic analysis indicated that the SNPs within this region were directly associated

with the level of serum bilirubin in the population, with the presence of the rare allele shown to

greatly increase serum levels.  

The  UDP-glucuronosyltransferase  (UDPGT)  family  of  enzymes  are  of  major  importance  in  the

conjugation  and  subsequent  elimination  of  potentially  toxic  xenobiotics  and  endogenous

compounds (Tephly & Burchell, 1990; Burchell, Brierley & Rance, 1995).  This UDPGT gene family is

a  complex  locus  on  chromosome  2q37.1  that  encodes  multiple  enzyme  isoforms,  each  with

variable  substrates.   The  locus  includes  thirteen unique alternate  first  exons  followed by  four

common exons (Bock et al., 1999).  Four of the isoforms are considered pseudogenes, while each

of the remaining nine 5' exons may be spliced to the four common exons, resulting in nine proteins

with different N-termini and identical C-termini.  Each first exon encodes the substrate binding site,

and  is  regulated  by  its  own  promoter.   UGT1A1 primarily  metabolises  bilirubin  (UGT1A1 is

responsible for systemic bilirubin homeostasis),  however both  UGT1A3 and  UGT1A4 have been

shown  to  be  able  to  metabolise  bilirubin  to  some  level.   Mutations  in  UGT1A1 have  been

associated with Crigler-Najjar  syndromes types I  and II  and in Gilbert syndrome  (Bosma  et al.,
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1992; Seppen et al., 1994; Kadakol et al., 2000).

This association led to the investigation of the relationship between serum bilirubin and other

measured endophenotypes in the NI cohort.  An inverse correlation between serum bilirubin and

several important metabolic endophenotypes was observed, with the most notable being MetS

and T2D-risk.  The vast majority of literature currently documents inverse association between

high  serum  bilirubin  and  CVD-risk;  for  a  review  see  (Vítek,  2012).   Some  interesting  clinical

associations between CVD-risk,  obesity and bilirubin concentrations have been observed.  In a

meta-analysis  of  clinical  data  it  was  discovered  that  for  every  1.0  µmol/L  increased in  serum

bilirubin concentration there was a 6.5% decrease in CVD-risk  (Novotný & Vítek, 2003).  A more

recent study exploring the relationship between bilirubin and obesity in CVD high-risk patients

reported a 1% weight loss associating with a linear increase in serum bilirubin (Andersson et al.,

2009).  Recently there have been a few publications observing an inverse relationship with bilirubin

and MetS.  It is interesting to note that apart from a Polish population  (Guzek  et al., 2012), the

other studies have been East Asian cohorts: Korean (Jo et al., 2011; Kwon et al., 2011; Guzek et al.,

2012; Choi, Yun & Choi, 2013); Japanese (Oda & Aizawa, 2013), and Chinese (Wu et al., 2011).  One

paper reports an increased prevalence of MetS with low serum bilirubin in a Chinese cohort (Wu

et al., 2011).  The role of bilirubin in diabetic patients is also starting to be explored.  A large clinical

study  of  15,876  US  participants  observed  a  significant  reduction  in  T2D  risk  with  increasing

bilirubin levels  (Cheriyath  et  al.,  2010).   Another  identified a  similar  inverse  trend in  bilirubin

concentration and T2D in Japanese men and women  (Ohnaka  et al., 2010).  Additionally, serum

bilirubin level was inversely related to insulin resistance using the homoeostasis model assessment

(HOMA-IR), serum insulin, and C-reactive protein (CRP) levels in multiple linear regression analyses

(Han et al., 2010).  

Gilbert Syndrome (GS) is a well documented benign increase in serum bilirubin, and is caused by

the reduced activity of  UDP-glucuronosyltransferase  (Black & Billing,  1969; Koiwai  et al.,  1995;

Borlak et al., 2000).  Recently a study identified that diabetic patients with GS were much less likely

to develop vascular dysfunctions (Inoguchi et al., 2007), it was also noted that the prevalence of GS

within the diabetic cohort was significantly less than expected in the general population.  Based on

the observation that GS patients have lower incidence of CVD-risk mortality a recent study tested

the hypothesis that a drug could mimic the effect in T2D patients and improve endothelial function
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(Dekker et al., 2011).  The drug atazanavir is known to increase serum bilirubin, and was given to

T2D patients in a double-blind, placebo controlled crossover trial.   The mild hyperbilirubinemia

induced by atazanavir was statistically significantly correlated with improved endothelial function.

Atazanavir was therefore suggested as a potential therapy to reduce co-morbidities in T2D (Dekker

et al., 2011).   

Early work detailing the frequencies of functional polymorphisms within the UGT1A gene family

identified significant  differences  between Caucasian and other  populations  (Beutler,  Gelbart  &

Demina, 1998).  This paper found that polymorphisms in the promoter region for  UGT1A1 that

caused increased activity in European Gilbert Syndrome patients were inversely associated with

promoter activity in East Asian and African GS patients; in Europeans this is seen as a 2 bp TA

insertion in the TATA box region, which is not present in African, East Asian and Pacific populations.

The authors suggest that due to the complex nature of environmental and genetic factors, unstable

polymorphisms  within  the  UGT1A1  gene  may  act  to  “fine-tune”  plasma  bilirubin  levels  on  a

population by population basis, meaning that the promoter variation explains the presence of GS

in some populations, but in other populations it's more likely a combination of variants in the

encoding region along with environmental factors  (Beutler  et al., 1998).  Linkage disequilibrium

analysis in the NI cohort identified strong LD across the associated region and suggested that the

unique genomic structure that exists within the NI cohort could potentially be influencing this via

mechanisms  such  as  inbreeding  and admixture.   LD  across  the  same region  in  data  available

through the HapMap project  (Frazer  et  al.,  2007) showed that  the NI  cohort  exhibited an LD

pattern similar  to  that  observed in  the European population (CEU),  while  both the East  Asian

populations (Chinese and Japanese) exhibited very different genetic structure across this region.

Additionally  it  was  noted  that  haplotypes  containing  the  rare  allele(s)  in  the  NI  population

potentially confer protection to metabolic disorders as measured by clinical MetS and T2D-risk.  It

is possible that selection is driving the presence of individuals with high serum bilirubin within a

population.  This selective pressure purely for increased level in a given population appears to be

maintaining  the  proportion  of  high  serum  bilirubin  individuals  at  a  similar  frequency  when

compared across populations, however the genomic variation is quite different.  It has been noted

that in Europeans this is driven by variation specifically located to the promoter region.  Whereas

in East Asian and African populations this is not the case, and it is polymorphisms in the coding

region that seems to account for the associations with increased bilirubin.  This suggests that it is
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beneficial for an individual to have a naturally high serum bilirubin, and potentially points to a

complex  interaction  between environmental  and  genomic  factors  maintaining  this  in  different

functional manors across populations.  

Having established a link between genotype and bilirubin levels, as well as endophenotype and

bilirubin levels, this study explored the potential link between genetic variants at the chromosome

2q37.1 region with specific endophenotypes.  There was one observable significant association

between 2 SNPs (rs2741012 and rs2741027) and categorised T2D-risk; risk of developing T2D was

significantly reduced in those NI individuals exhibiting the minor allele (P=0.0081).  These two SNPs

are just upstream of the promoter and 5'UTR region of the UGTA1 family.  They are potentially in

LD with untyped polymorphisms (SNPs not on the 610quad chip) that reside in these regions and

potentially form a LD block/haplotype in the NI population which confers protection from T2D as

well as MetS.  It is a possibility that these variants (or variants tagged by them) are functional, i.e.

they  could directly  affect  transcript  and/or  translation of  the isoforms encoded in  the UGT1A

family.  Recent work has demonstrated that variation within the 5′UTR of a gene can potentially

alter mRNA expression  (Barrett  et al., 2012).  Additionally, variants within 5'UTRs of genes have

been shown to impact translation, and have also been associated with several human diseases

(Chatterjee & Pal, 2009; Cenik et al., 2011).  As far as we are aware, this is the first documented

research showing significance from a three-pronged approach; a) genotype vs bilirubin level, b)

trait vs bilirubin level, and c) genotype vs trait; this study shows this for T2D-risk in the NI cohort.

This study also has the potential to provide information that may be useful from a personalised

medicine perspective.  This region on 2q37.1 encodes one of the major drug metabolising gene

families  (Tephly  & Burchell,  1990; Fisher  et  al.,  2002),  meaning that  there is  the potential  for

screening individuals for specific signatures/variants that could possibly give an indication with

regards to drug response, as well as speed/efficacy of metabolism, allowing for the tailoring of

drugs and their doses on a individual basis.  Additionally, as bilirubin is a cheap and commonly

measured laboratory test,  routine screening of serum bilirubin levels could be beneficial in the

stratification  and  treatment  of  metabolic  disorders  such  as  CVD  and  T2D.   Identification  of

genes/variants  that  exhibit  pleiotropic  effects  (effects  of  the  same  variant  on  multiple

characteristics  or  disease risks)  is  an  ultimate  goal.   The significant  interaction observed here

provides evidence that bilirubin may be affected by genetic and environmental factors and their
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interactions.

A general lack of strong association was noted for the majority of endophenotypes tested, this is

potentially an issue of numbers, for both; a) genotyped individuals, and b) phenotyped individuals.

This study was based on genotype data for 502 core-pedigree related individuals within the NI

population, however increasing this number would be beneficial for the power of future research

using the NI cohort.  There are more core-pedigree members that could potentially be genotyped,

but there is also a fairly large 'outgroup' of non-founder/pedigree related individuals that would be

useful as a replication cohort (see Chapter 7 where this idea has been successfully implemented).

A  definite  advantage  of  this  outgroup  is  the  fact  that  individuals  share  similar  environmental

conditions,  such as  diet,  and having dense genotype information would make the outgroup a

valuable resource.  In terms of the phenotyping issue, a problem arises with the fact that there

have been multiple 'collections' during a 10 year period, and these haven't always been collections

of the same individuals.  This means that while genotype data is available for 502 individuals this

doesn't always correlate to also having phenotype data for the same 502 individuals.  A further

follow up collection could potentially be conducted in an attempt to maximise the amount of

genotype/phenotype crossover. 

In summary, this study identified strong associations of variants within the UGT1A gene family with

regulation of serum bilirubin levels in the NI population, which replicated previous GWAS findings

from other  populations.   This  successful  implementation of  pedigree-based analysis  using  the

unique properties of the NI cohort highlights a functional region that offers potential protective

benefit  from metabolic  disease  as  well  as  providing potential  biomarkers  that  can be used to

predict  serum  bilirubin  levels.   Specific  haplotype  structure  was  significantly  associated  with

increased serum bilirubin,  and as  such this  study  has  identified a  potential  set  of  'protective'

haplotypes that exist within the NI population.  This work also provided evidence for population

genetic differences between the admixed NI cohort, European, Chinese, and Japanese populations.

As  far  as  we know this  is  the first  study to  use  a 3-pronged approach identifying association

between bilirubin levels, genotype and trait (in this case T2D-risk).  Further studies are warranted

to validate these findings, with the next step being to explore these associations in larger outbred

populations.
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5.8 Supplementary Material

Supplementary  Material  5.1: GWAS  Manhattan  plots  for  all  tested  MetS/CVD  related
endophenotypes.  Higher resolution versions are located on the attached CD (Appendix 3).
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Supplementary Material 5.2: Boxplots of the genotype vs total serum bilirubin level for the 29 Meff

corrected associated SNPs.  

203



Supplementary Material 5.2 (continued): Boxplots of the genotype vs total serum bilirubin level for
the 29 Meff corrected associated SNPs.  
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Supplementary Material 5.3: Boxplots of the genotype vs direct serum bilirubin level for the 29 Meff

corrected associated SNPs.  
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Supplementary Material  5.3 (continued): Boxplots of the genotype vs direct serum bilirubin level
for the 29 Meff corrected associated SNPs.  
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Supplementary Material 5.4: Haploview LD plots for 25 SNPs spanning a region of chr2q37.1 for 4
different populations; NI (Norfolk Island), CEU (European); CHD (Chinese), and JPT (Japanese).  
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Supplementary  Material  5.4  continued:  Haploview  LD  plots  for  25  SNPs  spanning  a  region  of
chr2q37.1 for 4 different populations; NI (Norfolk Island), CEU (European); CHD (Chinese), and JPT
(Japanese).  
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Supplementary Material  5.5: Minor allele frequencies for 25 SNPs across 5 different populations;
Norfolk Island (NI), European (CEU), Chinese (CHD and CHB), and Japanese (JPT).  

Name Position Alleles MAF_NI MAF_CEU MAF_CHD MAF_CHB MAF_JPT
rs2741012 234508963 C:T 0.23 0.29 0.05 0.04 0.04
rs2741023 234516714 G:A 0.27 0.34 0.04 0.03 0.02
rs2741027 234518011 G:A 0.23 0.26 0.05 0.03 0.02
rs7586110 234590527 T:G 0.29 0.38 0.20 0.26 0.20
rs10168155 234596836 C:T 0.38 0.40 0.22 0.27 0.21
rs4485562 234597566 G:A 0.35 0.25 0.19 0.17 0.16
rs7608175 234599089 C:G 0.38 0.40 0.21 0.27 0.21
rs1105880 234601965 A:G 0.33 0.32 0.21 0.27 0.21
rs2070959 234602191 A:G 0.23 0.30 0.20 0.26 0.20
rs1105879 234602202 A:C 0.33 0.32 0.22 0.27 0.21
rs17863787 234611094 T:G 0.31 0.29 0.08 0.04 0.13
rs6725478 234615400 C:T 0.36 0.36 0.08 0.04 0.14
rs6744284 234625297 C:T 0.29 0.27 0.10 0.09 0.17
rs4294999 234635467 A:G 0.49 0.44 0.33 0.29 0.32
rs2008595 234637192 C:T 0.49 0.44 0.34 0.29 0.32
rs2221198 234658623 G:A 0.46 0.43 0.33 0.30 0.33
rs4124874 234665659 T:G 0.48 0.44 0.34 0.30 0.33
rs3755319 234667582 A:C 0.48 0.44 0.34 0.30 0.33
rs887829 234668570 C:T 0.32 0.30 0.14 0.11 0.18
rs6742078 234672639 G:T 0.31 0.30 0.15 0.11 0.18
rs4148324 234672722 T:G 0.31 0.30 0.15 0.11 0.18
rs3771341 234673239 C:T 0.29 0.29 0.15 0.11 0.18
rs4148325 234673309 C:T 0.31 0.30 0.15 0.11 0.18
rs4148326 234673462 T:C 0.48 0.44 0.34 0.30 0.33
rs2361502 234698790 T:C 0.31 0.26 0.11 0.14 0.15

Note: MAF (minor allele frequency)
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Supplementary Material  5.6:  Graphical display of minor allele frequencies for 25 SNPs across 5
different populations; Norfolk Island (NI), European (CEU), Chinese (CHD and CHB), and Japanese
(JPT).  
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Supplementary Material 5.7: Minor allele frequencies for all 29 SNPs in the NI cohort.

Name Position (bp)* ObsHET PredHET HWpval MAF Alleles
rs2741012 234508963 0.35 0.35 1.00 0.23 C:T
rs2741023 234516714 0.40 0.40 1.00 0.27 G:A
rs2741027 234518011 0.35 0.35 1.00 0.23 G:A
rs7586110 234590527 0.40 0.41 0.59 0.29 T:G
rs10168155 234596836 0.49 0.47 0.51 0.38 C:T
rs10168416 234597087 0.34 0.36 0.34 0.23 C:G
rs4485562 234597566 0.44 0.45 0.50 0.35 G:A
rs10171367 234597667 0.49 0.47 0.48 0.38 C:G
rs10179094 234597825 0.40 0.41 0.55 0.29 T:A
rs7608175 234599089 0.49 0.47 0.51 0.38 C:G
rs1105880 234601965 0.44 0.44 0.92 0.33 T:C
rs2070959 234602191 0.34 0.36 0.34 0.23 A:G
rs1105879 234602202 0.44 0.44 0.92 0.33 T:G
rs17863787 234611094 0.43 0.43 0.94 0.31 T:G
rs6725478 234615400 0.49 0.46 0.28 0.36 C:T
rs6744284 234625297 0.42 0.41 0.77 0.29 C:T
rs4294999 234635467 0.54 0.50 0.08 0.49 A:G
rs2008595 234637192 0.54 0.50 0.08 0.49 G:A
rs4663963 234650193 0.54 0.50 0.08 0.49 T:G
rs2221198 234658623 0.55 0.50 0.02 0.46 C:T
rs4124874 234665659 0.55 0.50 0.04 0.48 A:C
rs3755319 234667582 0.55 0.50 0.04 0.48 T:G
rs887829 234668570 0.44 0.43 0.73 0.32 G:A
rs6742078 234672639 0.44 0.43 0.82 0.31 G:T
rs4148324 234672722 0.44 0.43 0.78 0.31 T:G
rs3771341 234673239 0.42 0.41 0.68 0.29 C:T
rs4148325 234673309 0.44 0.43 0.78 0.31 C:T
rs4148326 234673462 0.55 0.50 0.05 0.48 T:C
rs2361502 234698790 0.42 0.43 0.70 0.31 T:C

*physical position is based upon build 37 (GRCh37) of the human genome.
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Chapter 6: Mapping eQTLs in the Norfolk

Island Genetic Isolate Identifies Novel

Candidate CVD-risk Traits

6.1 Preface

The previous chapter identified strong genomic association with several  endophenotypes using

traditional  GWAS  methods  in  the  NI  cohort.   This  chapter  describes  an  original  study  which

identifies expression quantitative trait loci (eQTLs) and associates them with CVD-risk using the

genetic  Isolate  of  Norfolk  Island.   Previously  the  Norfolk  pedigree  has  been  utilised  in  the

successful  mapping  of  CVD,  ocular  and  migraine  traits  using  a  combination  of  linkage  and

association,  however  this  is  the first  document application of  gene expression data within the

cohort.  Pedigree-based association methods were used to map transcript expression to a dense

array of SNPs, which were then tested for correlations with CVD-risk traits.  

Collectively, these original integrated genomic data provide compelling evidence for novel genes of

strong biological  importance to CVD traits  and metabolic  dysfunction.   This  study also further

establishes the power of pedigrees and isolated populations for discovery of eQTLs and genetic

associations  with  complex  disease  traits.   The  findings  of  this  work  should  be  of  interest  to

numerous fields, including population genetics, molecular genetics and metabolic disorders, and

will contribute to the knowledge base of these disciplines. 
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Candidate Genes for CVD-risk Traits
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6.2 Abstract

Cardiovascular Disease (CVD) affects millions of people worldwide and is influenced by numerous

factors, including the environment, lifestyle and genetics.  Expression quantitative trait loci (eQTL)

influence  gene  expression  and  present  good  candidates  as  CVD-risk  factors.   Founder  effect

pedigrees can provide additional power to map disease risk genes.  Therefore we identified eQTLs

in the genetic isolate of Norfolk Island and looked for associations of these with CVD factors.  

We  measured  genome-wide  transcript  levels  of  blood  lymphocytes  in  330  individuals  using

Illumina  Human  HT-12  BeadArrays  and  a pedigree-based  heritability  analysis  to  identify

significantly  heritable  transcripts;  eQTLs  were  identified  by  genome-wide  association  of  these

heritable transcripts.  We then tested association between CVD-risk factors (ie. blood lipids, blood

pressure and body fat indices) and  eQTLs. 

We identified 1712 significantly heritable transcripts (P<0.05) with heritability values from 0.18 to

0.84  (median=0.32),  from  which  270  (200  cis and  70  trans acting  [P<1.84x10-7])  eQTLs  were

identified.  An eQTL-centric genome-wide association against CVD-risk traits revealed multiple loci,

including  12  previously  associated  with  CVD related  traits  (P<0.01).   Trait  vs  eQTL  regression

modelling identified four novel CVD-risk candidates (NAAA, PAPSS1, NME1, PRDX1) all with strong

suggestive biological roles in disease.  In addition, we identified several genes previously associated

with CVD-risk traits, including MTHFR and FN3KRP.

We have successfully identified a panel of eQTLs in the NI pedigree and used this to implicate

several novel genes previously not associated with CVD-risk traits.  Future studies are required to

further assess the functional importance of these eQTLs and whether the novel findings presented

here relate to outbred populations.  
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6.3 Introduction

Cardiovascular disease (CVD) is an abnormal function of the heart or blood vessels.  This can lead

to an increase in risk of heart attack, heart failure, and stroke, which are the leading causes of

death world-wide (Laslett et al., 2012).  It is well established that genetic variants influence CVD

risk,  and  many  genetic  loci  have  been  implicated  in  CVD risk  traits  such  as  hypertension,

hyperlipidemia, hyperglycemia and obesity (Ridker et al., 2008; Hoffmann et al., 2009; Zabaneh &

Balding, 2010).  Expression quantitative trait loci (eQTL) represent regions of the human genome

that harbour genetic variation that confer a marked effect on transcript expression level; being

either proximal (cis-acting) or distal (trans-acting) to the gene.  It is well established that gene

expression levels exhibit genetic heritability (Dixon et al., 2007; Visscher, Hill & Wray, 2008).  Many

eQTL have been mapped using markers such as short tandem repeats (STRs) (Petretto et al., 2006;

Goring et al., 2007; Grieve et al., 2008), and more recently single nucleotide polymorphisms (SNPs)

via dense genome-wide arrays (Innocenti et al., 2011; Bushel et al., 2012; Hernandez et al., 2012;

Powell  et al.,  2012a).   Genome-wide association studies (GWAS) have identified multiple SNPs

associated  with  risk  of  common  diseases,  and  attention  has  now  turned  to  explaining  the

underlying  molecular  mechanisms.   The  aim  of  the  genetics  of  gene  expression  lies  in  the

identification of loci that associate with disease and specific gene expression.

Population and pedigree-based studies have successfully mapped numerous eQTLs (Goring et al.,

2007; Degnan  et al., 2008; Powell  et al., 2012a).  Isolated founder populations potentially have

increased  power  to  detect  the  underlying  genetic  architecture  of  certain  complex  diseases

(Peltonen, Palotie & Lange, 2000; Garagnani et al., 2009).  This is due to several unique properties,

including:  a  shared  stable  environment;  reduced  genetic  complexity;  extended  linkage

disequilibrium  (LD);  and  the  existence  of  large  pedigrees  compared  to  unrelated  outbred

populations (Varilo & Peltonen, 2004; Hoffmann et al., 2009).  A recent pedigree based study used

linkage analyses of genome-wide transcriptional profile data from peripheral blood mononuclear

cells (PBMCs) obtained from participants in the San Antonio Family Heart Study  (Goring  et al.,

2007); heritability and linkage analysis of the pedigrees led to a detailed eQTL map and  discovery

of several functional variants associated with CVD and metabolic disorders, the most significant

being 67 cis-regulated transcripts associated with high-density lipoprotein cholesterol levels.

216



This study examined a very large pedigree from the isolated population of Norfolk Island (NI) to

identify eQTLs associated with CVD risk traits.  The NI population is a genetic isolate with strong

family groups and a well-documented family genealogy (Edgecombe, 1999; Hoare, 1999).  To date

the Norfolk Island Health Study (NIHS) has collected data and samples for 1199 Norfolk Islanders,

52% (N=624) of whom were found to have direct links to the original founders. Using this in-depth

genealogical  information  a  large  multi-generational  Norfolk  pedigree  has  been  reconstructed

(Macgregor  et  al.,  2010).   Several  studies  have  established admixture  scores  and presence  of

founder effects within the NI pedigree (Macgregor et al., 2010; McEvoy et al., 2010).  This pedigree

has been shown to have the statistical power to detect genetic loci influencing complex traits via

linkage and association (Bellis et al., 2008a, 2008b; Cox et al., 2009; Maher et al., 2012). 

The Norfolk population has high rates of CVD related risk factor traits, especially obesity, compared

to mainland Australia.  Reported rates of type-2 diabetes (T2D) were similar to mainland Australia

(4-8%), although a significantly higher proportion of individuals had fasting blood glucose in excess

of these normal ranges suggesting under-diagnosis of T2D  (Bellis  et al., 2006).  Research on the

Norfolk pedigree has shown that traits for obesity, dyslipidaemia, blood glucose and hypertension

exhibit a substantial genetic component, with heritability estimates ranging from 30% for systolic

blood pressure (SBP) to 63% for low density lipoproteins (LDL) cholesterol (Bellis et al., 2006).  In

addition, factor analysis identified “composite” phenotypes with high heritability (Cox et al., 2009),

suggesting that common gene(s) underlie CVD related phenotypes.  Genetic linkage analysis in the

Norfolk pedigree has successfully identified previously documented regions associated with  CVD

risk traits, the most significant being for systolic blood pressure (SBP) on chromosome 1 (1p36)

(Bellis et al., 2008a). 

This  study  is  based  on  the  hypothesis  that  variation  in  heritable  gene  expression  in  PBMCs

contributes to  CVD risk factor traits, and therefore, that mapped eQTLs will  also correlate with

these  traits.   Using  genome-wide  SNP  and  gene  expression  data  we  mapped  eQTLs  and

interrogated  them  for  correlations  with  CVD risk  traits.   Using  a  pedigree-based  association

approach we showed that variation in  CVD risk factor traits can be partly explained by heritable

variation in gene expression (a quantitative endophenotype),  and have identified several  genes

implicated in CVD risk.
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6.4 Materials & Methods

6.4.1 Sample/cohort collection and Ethics

The Norfolk Island Health Study (NIHS) is already well established in previous research (Bellis et al.,

2006, 2008b; Cox et al., 2009).  The study group of individuals used were selected from the “core”

pedigree, meaning that they related back to the original founders, and we have phenotype and

genotype information for these individuals.  The total number of core pedigree members selected

was 330 (this was adjusted to exclude individuals under the age of 18).  Baseline statistics have

been previously calculated for all  CVD related traits – these include all the biochemical measures

as well as body size and composition traits (Bellis et al., 2006).  Phenotypic baseline statistics were

calculated in R 2.15.2  (R-Development-Core-Team, 2010); a breakdown of these statistics can be

seen in Chapter 3 Table 3.2.  The 'complete' NI pedigree structure includes ~5700 NI individuals,

spanning 11 generations and ~200 years  (Macgregor  et al., 2010).  This extended pedigree was

used by SOLAR to estimate heritability (h2) and power (Supplementary Figure 1).   All individuals

gave written informed consent.  Ethical approval was granted prior to the commencement of the

study by the Griffith University Human Research Ethics Committee.

6.4.2 Metabolic disease  risk assessment 

A series of metabolic disease risk predictions for MetS, T2D and CVD were calculated using the

available clinical data previously reported on (Bellis et al., 2006); see Chapter 3 Table 3.2. All  risk

assessment tools were converted into custom R scripts.  For MetS, the risk equation used was

based on an established clinical diagnosis of MetS, according to the joint recommendations of the

International Diabetes Federation and the American Heart Association/National Heart, Lung and

Blood Institute (Eckel et al., 2010).  The risk of developing T2D was estimated using the AUSDRISK

tool (Chen et al., 2010) available as a self-completion form online (http://www.ausdrisk.com.au/).

Type-2  diabetes  risk  in  NI  was  compared  with  mainland  Australian  (data  obtained  prior  to

publication [personal communication]).  Risk of developing CVD in the next 5 years was estimated

for each individual using the PREDICT-CVD equation (Bannink et al., 2006) . 
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6.4.3 Genome-wide Expression

For gene expression analysis blood was collected and stored at -20°C in PAXgene tubes (Qiagen,

Valencia, CA).  PAXgene Blood miRNA Kits kits (Qiagen) were used to extract total RNA according to

the  manufacturers’  instructions  and RNA was  assessed for  quality  using  the Bioanalyzer  2100

(Agilent Technologies, Santa Clara, CA).  A total of 250ng RNA was amplified and labelled using the

Illumina TotalPrep-96 RNA Amplification Kit (Life Technologies, Grand Island, NY), according to the

manufacturers’ instructions.  Expression profiling was performed using the Illumina HumanHT-12

v4.0 Expression BeadChip Kit (Illumina, San Diego, CA) using 750ng of amplified RNA and following

the  Whole-Genome  Gene  Expression  Direct  Hybridization  Assay  Guide.   Array  images  were

scanned  on  the  Illumina  iScan  and  analyzed  initially  using  the  Gene  Expression  Module  of

GenomeStudio  (V2011.1).   Background  subtraction  was  applied  and  missing  bead  types  were

imputed using GenomeStudio.  Based on the number of expressed probes (at “detection p-values”

<= 0.05),  mean raw expression values across probes, and correlations (across probes) between

samples, all samples provided high quality data, except for one sample that was of questionable

quality and that was removed.  Significantly expressed probes were then determined at a false

discovery  rate  (FDR)  of  5%,  based on  p-values  generated  in  a  binomial  test  on the counts  of

samples in which a probe generated “detection p-values” <= 0.05 (success) and >0.05 (failure).

Subsequently, the raw expression levels of probes detecting significant expression were shifted by

a constant amount so that the minimum observed value of any probe in any sample was 1.0,

followed by log2 transformation and quantile normalization. 

6.4.4 Genome-wide SNP Genotyping

EDTA anticoagulated venous blood samples were collected from all participants. Genomic DNA was

extracted from  blood buffy coats using standard phenol-chloroform procedures.  Genome-wide

genotyping was carried out using the Illumina Human610-Quad v1.0 beadchip.  Raw data from

Illumina  idat  files  was  SNP  genotyped in  R  using  the  CRLMM package  (Scharpf  et  al.,  2011).

Genotype data then underwent QC routines using PLINK (Purcell et al., 2007).  Briefly, SNP analysis

was restricted to autosomal SNPs with minor allele frequency >0.01, call rate >0.95 and Hardy-

Weinberg equilibrium testing p-value>10−5.  After quality control,  590,603 SNPs were used for

association analyses with expression.  Genotype data was then exported from PLINK and imported

into the CRAN package GenABEL (Aulchenko et al., 2007) for analysis.

219



6.4.5 Statistical Analysis

6.4.5.1 Identification of eQTLs 

Estimation of the power to detect heritability in the NI population was conducted using SOLAR

(Almasy & Blangero, 1998).  Normalised gene expression data (23323 transcripts) was split into

smaller 'packets' of 1000 to facilitate high-throughput batching using parallel processing via the

SNOW package in R.  Transcript heritability analysis was batched using custom R scripts and the

package GenABEL (Aulchenko et al., 2007), using the polygenic linear mixed model approach (see

Chapter 2 Section 2.5.3 for more detail), factoring in age and sex interactions, as well as genetic

structure  (the  top  2  principal  components  of  the  complete  SNP  set  as  calculated  by  KING

(Manichaikul et al., 2010)).  All heritable transcripts were then treated as phenotypes and batched

GWAS was run.  For association analysis the mmscore function as implemented in GenABEL was

used.  This function represents a mixed model approximation analysis for association between a

trait and genetic polymorphism(s), and is specifically designed for association testing in samples of

related individuals.  This allows for per SNP association testing using a mixed model polygenic

approach (see Chapter 2 Section 2.5.4 for more detail).  After correcting for multiple testing, the

study-wide significance was set based on  Meff adjustment (P = 1.84x10−7, see Chapter 2 Section

2.5.2  for  more  detail).   A  series  of custom  filters  were  designed  to  identify  cis/trans eQTLs;

presence of multiple adjacent SNPs in a peak (within +/-20Kb), a quick parse SNP/CHR location

filter, a chromosome quadrants filter, and a graphical filter (modified Manhattan Plots with kern

smoothing to facilitate peak identification).  All eQTLs were defined by the 'tagging' SNP, the SNP

which showed the most significant association with the given transcript.  A custom R script was

used to identify eQTLs that map to genes previously associated with disease in the GWAS database

(http://www.genome.gov/gwastudies/)  (Hindorff  et  al.,  2009).   The  GWAS  database  was

downloaded  as  a  plain  text  file  on  the  22-Feb-2013,  so  analysis  was  conducted  on  reported

associations up to that date.

6.4.5.2 eQTL-centric association analysis

A set of n=2200 SNPs representing all those within eQTL peaks which surpassed the Meff adjusted
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threshold (1.84x10-7) were filtered out and used as a basis for an eQTL-centric association analysis.

This analysis involved all CVD/obesity related phenotypes being run in a GWAS-based approach in

GenABEL (Aulchenko et al., 2007) using the filtered SNP set.  A short list of traits was obtained by

using a relaxed significance threshold.

6.4.5.3 Correlation of key transcript(s) with phenotype

To  investigate  effects  of  expression  on  CVD phenotypes  step-wise  regression  modelling  was

performed in R 2.15.2 (R-Development-Core-Team, 2010) using a forward selection algorithm with

the  CVD  phenotype  as  the  response  variable.  The  forward-selection  algorithm  starts  with  no

variables in the model and adds variables one by one to the model. At each step, the variable

added is the one that most improves the fit of the model as measured by AICc (Akaike information

criterion).  The regression model  included a set of  covariates which were tested in a step-wise

fashion: expression transcript (one-at-a-time), age, sex, kinship and genetic structure (the top 2

principal components of the complete SNP set as calculated by KING (Manichaikul  et al., 2010)).

Kinship is an index of relatedness among individuals based on the IBD probability matrix and is

used to control for the effect of non-independence among individuals in the sample. It is generally

used as a pairwise measure, but in this instance we have generated an average kinship for each

pedigree  member  (calculated  in  GenABEL  using  SNP  data).  Genetic  structure  is  assessed  via

principal components analysis to characterize population stratification (eg. admixture), whereby

the component  membership coefficient  can be used to  adjust  for  structure  effects.   Only  the

models  with  transcript  as  a  significant  covariate  and  an  overall  model  P-value  of  0.05  were

included. Model p-values were generated from an ANOVA using the F Distribution which tests the

null hypothesis that the coefficients represented in the overall regression model (represented by

R2) are equal to zero.  

6.4.5.4 Protein:Protein Interaction Prediction

STRING version  9.1  (Franceschini  et  al.,  2013) was  used to  generate  a  schematic  overview of

predicted protein:protein interactions of NME1, PRDX1 and PAPSS1.  The default active prediction

methods were used, which include: Neighbourhood; Gene Fusion; Co-occurrence;  Co-expression;

Experiments; Databases, and Textmining.  The medium required cut-off confidence score was set at

0.4; the minimum observed was 0.410 and the maximum was 0.986.  
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6.5 Results

6.5.1 Prevalence of CVD risk traits in the NI population

It is well documented that the NI cohort shows an increased prevalence of CVD-related risk traits

(Bellis  et al., 2006; Cox  et al., 2009).  To further confirm these and provide a proof of principle

baseline risk for our heritability and eQTL analyses we conducted risk assessment using a range of

established tools,  which allowed us  to  report  predicted  risk  in  relation to  mainland Australia.

Metabolic Syndrome (MetS) diagnosis is a well established predictor for risk of developing further

diseases,  namely  T2D  and  CVD.   Clinical  diagnosis  of  MetS  in  the  NI  cohort  was  conducted

according  to  the  joint  recommendations  of  the  International  Diabetes  Federation  and  the

American Heart Association/National Heart, Lung and Blood Institute (Alberti et al., 2009).  MetS

prevalence was 26.4% in the total NI cohort for whom appropriate phenotype data was available

(see Chapter 3 Table 3.4 for further detail).  A noticeable difference in prevalence between male

(31%) vs female (23%) was observed.  A recent estimate for MetS prevalence in mainland Australia

was approximately 22% (Cameron et al., 2007).   Risk of developing T2D was assessed using the

AUSDRISK tool  (Chen  et al.,  2010); (see Chapter 3 Table 3.5 for further detail).   43% of the NI

cohort  were classed as  high risk,  with another  42% identified as  intermediate  risk.   Mainland

Australian data was kindly provided (ahead of publication) by the authors of the AUSDRISK tool

(personal communication).  31% of the mainland Australian cohort were predicted to be at high

risk of developing T2D.  Using the PREDICT-CVD tool  (Bannink  et al., 2006) 7% of the NI cohort

were estimated to be at high risk of developing CVD over the next 5 years; (see Chapter 3 Table 3.6

for further detail).  This increased to 12% when adjustments were made for MetS (as per model

recommendations).  PREDICT-CVD suggests that individuals with moderate risk or higher report to

a clinician for further assessment and analysis, according to this criteria approximately 31% of the

NI cohort would be in this bracket.  All 3 risk assessment scores further highlight the increased risk

of  developing  CVD,  MetS  and T2D in  this  population and suggest  the  presence of  underlying

genetic risk factors.
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6.5.2 Heritable gene expression transcripts and clinical associations

Prior  to  eQTL  analyses,  gene  transcripts  (probes)  were  filtered  to  exclude  those  with  non-

detectable expression and poor-mapping, hybridisation and/or annotation issues.  After filtering

23323 transcripts  remained for  analysis,  and  normalised  expression  values  were  submitted to

heritability analysis.  Power calculations (SOLAR (Almasy & Blangero, 1998)) revealed 80% power to

detect  transcripts  at  a  heritability  of  ≥ 0.31  (Supplementary  Figure  6.1).   We  observed  1712

significantly heritable transcripts (p<0.05) with a range of h2 from 0.15 to 0.84 (Figure 6.1; see

Appendix  4  [Supplemental  Data  1]  on  the  attached  CD  for  detailed  information  on  all  1712

transcripts).  

Several of the most significantly heritable transcripts are of potential biological relevance in the

context of CVD-risk factors.  The transcript for GM2A, a gene evolved in lipid metabolism, exhibited
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Figure  6.1: Density histogram displaying 1712 significantly heritable expression transcripts in NI
population.



a h2=0.79 in the NI cohort. Another gene,  PSAT1 (transcript h2=0.70), has been shown to contain

variants that associate with visceral fat levels (Fox et al., 2012).  In addition the UTS2 (urotensin-2)

transcript showed a high h2 (0.69); UTS2 is an active vaso-constrictor in the brain.  Interestingly the

NI pedigree exhibits an increased incidence of migraine compared to other population (Griffiths et

al., 2009; Maher et al., 2012), which makes further investigation of UTS2 particularly pertinent.

To interrogate  potential  biologically  significant  relationships we performed correlation analyses

between all 1712 heritable transcripts and 14 well-established CVD-related clinical traits: systolic

blood pressure (SBP); diastolic blood pressure (DBP); pulse pressure (PP); blood lipids (HDL, LDL,

total  cholesterol,  triglycerides);  plasma  glucose;  waist  circumference  (WC);  hip  circumference;

body mass  index  (BMI);  waist-hip  ratio (WHR);  weight,  and body fat  (BF).   Using  a  step-wise

regression model, factoring age, sex, kinship and genetic structure as covariates, we observed that,

of these 14 clinical traits, 7 (WHR, BF, weight, WC, SBP, PP, HDL) showed significant association with

a  range of  expression  transcripts  (transcript  P<0.05).   Table  6.1  presents  the  most  significant

associations with an R2 value >0.2. 

Table 6.1: Summary of heritable transcript versus trait associations

Trait no. transcripts h2_trans_min h2_trans_max R2_model_min R2_model_max Genes
WHR 174 0.19 0.64 0.42 0.46 166
BF 407 0.16 0.74 0.36 0.42 387
WEIGHT 249 0.16 0.78 0.35 0.40 240
WC 222 0.15 0.74 0.30 0.37 209
SBP 124 0.22 0.74 0.24 0.28 122
PP 101 0.23 0.60 0.23 0.27 100
HDL 3 0.27 0.36 0.20 0.20 3

The  strongest  correlation  was  seen between  WHR  and  2  separate  transcripts,  ILMN_1683093

(R2=0.46, transcript P=1.73x10-6, R2 P<=1x10-6) a probe within the glycophorin B gene (GYPB), and

ILMN_2352921  (R2=0.46,  transcript  P=3.47x10-6,  R2 P<=1x10-6)  a  probe  within  the

bisphosphoglycerate mutase gene (BPGM).  Interestingly, both of these genes play a functional role

in blood (Siebert & Fukuda, 1987; Pritlove et al., 2006): BPGM is involved in glycolysis and oxygen

transport.  Interestingly ILMN_2352921 (tagging BPGM) was also significantly associated with SBP

(R2=0.25,  P<=2.01x10-5).   These  results  strongly  suggest  that  there  is  a  potentially  biologically
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significant correlation between heritable gene expression levels and CVD related traits in NI.

6.5.3 eQTL mapping in NI

Next  we  mapped  all  heritable  transcripts  to  specific  genomic  loci  (eQTLs).   Pedigree-based

association  analysis  of  approximately  590K  SNPs  with  the  1712  heritable  transcripts  was

conducted.  Due to the unique population of  NI  we needed to  control  for  population genetic

structure,  and did  so by  factoring  the  top  2  genetic principal  components  into  the modelling

process (see methods for more details).   To identify potential eQTL peaks we used a series of

custom filters to interrogate chromosome and physical position, as well as SNP proximity.  Peaks

were  determined to  be robust  if  2  or  more SNPs  (+/-20Kb)  passed a  Meff (minimum effective

number of tests) adjusted threshold (1.84x10-7).  270 robust eQTLs were identified, of which 200

were cis-acting and 70 trans-acting (see Appendix 4 [Supplemental Data 2] on the attached CD for

detailed  information  on  the  270  eQTLs).   Figure  6.2  shows  Manhattan  plots  for  the  3  most

significant cis-acting eQTLs.  Price et al., 2011, and others (Powell et al., 2012a) have also observed

more cis- than trans- acting eQTLs in a similarly designed studies (Price et al., 2011).  A genome-

wide eQTL map (Figure 6.3)  was generated by plotting each eQTL as  represented by its  most

significantly associated SNP.  This allowed easy visualisation of eQTL rich regions, such as 6p21 and

12q13, which are both significantly enriched for cis-eQTLs.
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Figure  6.2:  eQTL  Manhattan  plots.  Example  Manhattan  plots  of  expression  transcript  vs  SNP
associations.
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Figure  6.3: Genome-wide eQTL map for NI cohort.  The eQTLs plotted outside the circle in blue
demonstrate cis-acting loci, while those displayed inside the circle in red are trans-acting loci.  The
distance from chromosome corresponds to the significance of the eQTL, i.e. further away is more
significant, with all eQTLs passing the Meff adjusted threshold (P<=1.84x10-7).



6.5.4 Association with CVD risk factors

Recent work has suggested that trait-associated SNPs in GWAS studies are more likely to be eQTL

associated, and as such suggest that increased discovery of biologically relevant loci  should be

facilitated if applied to past and present GWAS (Nica et al., 2010; Nicolae et al., 2010).  Therefore

we investigated potential associations between robustly identified eQTLs and all  CVD related risk

factors  (an  eQTL-centric  analysis).   All  significant  eQTL-SNPs  (n=2200)  were  interrogated  for

association with a given trait (using the above mentioned pedigree-based association approach).

There were no SNP associations that passed correction for multiple testing (P<=2.2x10 -5).  When

we relaxed the threshold (P<=0.01)  we observed 27 SNP:trait  associations which represent  10

separate eQTL-transcripts and 12 traits(Table 6.2). 

Table 6.2: List of eQTL-centric association results – significant  hits

Trait SNP Chr Position A1 A2 chi2 p_value Probe_ID

Transcript

Gene

Transcript

Chr eQTL
GLU rs1335051 1 107460385 G T 9.78 1.8E-03 ILMN_2399463 VAV3 1 cis
GLU rs2303565 2 219253553 T C 9.33 2.3E-03 ILMN_1704985 CYP27A1 2 cis
GLU rs1344642 2 219263506 G A 9.33 2.3E-03 ILMN_1704985 CYP27A1 2 cis
CHOL rs11373 16 55102676 A G 17.30 3.2E-05 ILMN_1723116 AMFR 16 cis
CHOL rs12447395 16 55086841 T C 9.42 2.1E-03 ILMN_1723116 AMFR 16 cis
CHOL rs2288055 16 55059307 C T 9.25 2.4E-03 ILMN_1723116 AMFR 16 cis
CHOL rs2288056 16 55076598 A G 9.25 2.4E-03 ILMN_1723116 AMFR 16 cis
CHOL rs3790113 16 54942221 T C 8.82 3.0E-03 ILMN_1723116 AMFR 16 cis
HDL rs3851117 11 56993689 C T 10.13 1.5E-03 ILMN_1765332 TIMM10 11 cis
HDL rs2848630 11 57113483 G A 8.82 3.0E-03 ILMN_1765332 TIMM10 11 cis
LDL rs11373 16 55102676 A G 14.89 1.1E-04 ILMN_1723116 AMFR 16 cis
Trig rs927340 6 2968717 G A 10.42 1.2E-03 ILMN_1674285 LOC401233 6 cis
Trig rs17106351 14 19762145 G A 10.21 1.4E-03 ILMN_1719158 CTBP1 4 trans
Trig rs9503375 6 2991536 T G 9.11 2.5E-03 ILMN_1674285 LOC401233 6 cis
Trig rs911536 6 2972130 G A 8.95 2.8E-03 ILMN_1674285 LOC401233 6 cis
Weight rs2243523 17 78273738 G T 13.41 2.6E-04 ILMN_1652333 FN3KRP 17 cis
BMI rs2243523 17 78273738 G T 12.95 3.2E-04 ILMN_1652333 FN3KRP 17 cis
WC rs10831551 11 2194864 A C 11.75 6.1E-04 ILMN_1668605 NAAA 4 trans
WC rs2243523 17 78273738 G T 11.75 6.1E-04 ILMN_1652333 FN3KRP 17 cis
WC rs10831570 11 2199188 C A 10.81 1.0E-03 ILMN_1668605 NAAA 4 trans
HIP rs2243523 17 78273738 G T 10.62 1.5E-03 ILMN_1652333 FN3KRP 17 cis
HIP rs10831551 11 2194864 A C 9.37 2.8E-03 ILMN_1668605 NAAA 4 trans
WHR rs2726207 4 108858940 A C 9.55 2.0E-03 ILMN_1781819 PAPSS1 4 cis
SBP rs17526904 8 29003762 C T 12.00 7.7E-04 ILMN_1720059 HMBOX1 8 cis
SBP rs7225515 17 78389072 G A 9.53 2.7E-03 ILMN_1652333 FN3KRP 17 cis
SBP rs1044661 17 78494309 G A 9.42 2.9E-03 ILMN_1652333 FN3KRP 17 cis
DBP rs4793854 17 43927132 G A 9.31 2.3E-03 ILMN_1810274 HOXB2 17 cis

GLU (glucose), CHOL (cholesterol), HDL (high density lipoprotein), LDL (low desity lipoprotein), Trig (triglycerides), 
BMI (body mass index), WC (waist circumference), HIP (hip circumference), WHR (waist-hip ratio), 
SBP (systolic blood pressure), DBP (diastolic blood pressure).
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Next we used step-wise linear regression to investigate whether the expression level of each of the

10 transcripts correlated with their respective CVD-risk trait (shown in Table 6.2).  As above, the

step-wise model factored in the effects of age, sex, kinship and genetic structure.  Only models

with a significant transcript effect of p<0.05 were accepted.  Table 6.3 shows the results for the 5

eQTL-transcripts which met this criteria.  When adding the top ranked eQTL-SNP as a covariate in

the  regression  model  the  prediction  scores  improved  slightly  for  all  significant  correlations.

Predictive values (R2) ranged from 0.25 to 0.42 (Table 6.3). 

Table 6.3: Results from step-wise linear regression of transcripts vs traits

Trait Transcript Gene Transcript p-value R2 R2 p-value

WHR ILMN_1668605 NAAA 0.021 0.42 <2.2e-16

Body Fat ILMN_1668605 NAAA 0.007 0.37 <2.2e-16

Body Fat ILMN_1781819 PAPSS1 0.018 0.37 <2.2e-16

Body Fat ILMN_1741133 NME1 0.014 0.37 <2.2e-16

Weight ILMN_2366388 PRDX1 0.011 0.36 <2.2e-16

Weight ILMN_1741133 NME1 0.003 0.37 <2.2e-16

SBP ILMN_1652333 FN3KRP 0.033 0.25 3.3e-15

The 5 genes (represented by the above 5 transcripts) were noted to be novel in terms of having no

prior  direct  association with  CVD-risk  traits.   While  5  genes is  a  small  number  we wished to

investigate  whether  they  were  enriched  for  a  specific  biological  pathway(s).   Therefore  we

performed  pathways  enrichment  analysis  using  WebGestalt

(http://bioinfo.vanderbilt.edu/webgestalt/,  (Zhang,  Kirov  &  Snoddy,  2005)),  and  applied

Bonferonni correction as a robust filter.  This revealed enrichment for purine metabolism (P=2x10 -4)

with both NME1 and PAPSS1 present in the pathway.  The potential biological significance of this

observation is indicated by the role of purine synthesis dysregulation in hereditary disorders such

as gout and kidney failure (Nyhan, 2005) which are both found at high levels in the NI cohort.  In

addition, we observed enrichment of insulin signalling (P=9.4x10-3) with both  NME1 and  PRDX1

present in this pathway, which plays a role in the metabolic dysfunction seen in CVD and related

traits.   To  visualise  interaction  pathways  between  NME1,  PAPSS1 and  PRDX1 the  STRING

(Franceschini et al., 2013) web-server was used.  The resultant protein-protein interaction network

(Figure  6.4)  verifies  that  the  3  genes  appear  to  be  significantly  enriched and  share  biological
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function.   The  remaining  2  genes  (NAAA and  FN3KRP)  were  not  significantly  enriched  in  any

pathways.   However,  both have interesting metabolic  related associations.   The  NAAA  gene is

involved  in  the  endocannabinoid  system  (ECS),  and  has  a  potential  role  in  obesity  through

modulation of food-seeking behaviour  (Di Marzo, Bifulco & De Petrocellis, 2004; Van Gaal et al.,

2005).   The  FN3KRP  gene has  been tentatively  associated  with diabetes  and measurement  of

FN3K/FN3KRP activity has been proposed in assessing the risk of diabetes (Szwergold, 2007; L et

al., 2008).  The SNP (rs1046896) tagging the  FN3KRP eQTL has been previously associated with

glycated hemoglobin levels (Soranzo et al., 2010).
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Figure 6.4: STRING analysis of protein-protein interaction network for 3 CVD trait-related candidate
genes.  Proteins of the 3 genes (PAPSS1, PRDX1 and NME1) are indicated in green.  The thickness
of  the  blue  connecting  lines  indicates  the  level  of  confidence  for  a  given  protein:protein
interaction.  The presence of a node background indicates that a protein structure is listed in either
the PDB or swiss-model databases.



6.5.5 Association with GWAS-associated CVD traits

256 unique genes were represented by the 270 eQTLs.  In order to further explore the potential

association  of  the  eQTLs  with  CVD we  interrogated  the  GWAS  database

(http://www.genome.gov/gwastudies/  , date  accessed:22-02-2013)  for  overlap  with  these  256

genes.  Twelve overlapped with genes reportedly associated with CVD or related traits (Table 6.4).

Eleven of these were attributed to  cis-acting eQTL associations, while 1 exhibited a  trans-acting

association.  One eQTL of interest  (tagged by rs1476413) maps to  MTHFR within 1p36.22; this

region has been associated with blood pressure in several  GWAS studies  (Newton-Cheh  et al.,

2009;  Kato  et  al.,  2011;  Wain  et  al.,  2011).   Interestingly  this  region  was  also  identified  as

significantly associated with SBP in a linkage analysis conducted on the NI pedigree (Bellis  et al.,

2008a).  The linkage study by Bellis  et al., (2008) identified the chromosomal region 1p36.22 as

associated with SBP with a LOD >2, a region that is robustly supported for association with SBP by

both genetic isolate (Hoffmann et al., 2009) and general population studies (Qian et al., 2007).

Table 6.4: Overlap of eQTL genes mapping to chromosomal regions previously associated with CVD

related traits (http://www.genome.gov/gwastudies/).

eQTL Transcript eQTL SNP eQTL p-value Gene CHR Region PUBMEDID Disease Trait
ILMN_1734830a rs1476413 1.16E-009 MTHFR 1 1p36.22 19430483; 21909110 Blood pressure
ILMN_1746436 rs9263873 9.74E-009 HCG27 6 6p21.33 22319020 Coronary heart disease
ILMN_1721113 rs9264904 2.16E-015 HLA-C 6 6p21.33 22319020 Coronary heart disease
ILMN_1718063 rs1051338 1.29E-011 LIPA 10 10q23.31 21378988; 21606135 Coronary heart disease
ILMN_2400759 rs7313 1.30E-008 CPVL 7 7p14.3 17903298 Diabetes related insulin traits
ILMN_1661631 rs103294 4.69E-014 LILRA3 19 19q13.42 20686565 HDL cholesterol
ILMN_1737611 rs2532501 2.02E-008 VAMP1 12 12p13.31 17903296 Hip geometry
ILMN_1804735 rs11700748 9.64E-010 CBS 21 21q22.3 20031578 Homocysteine levels
ILMN_1734830 rs1476413 1.16E-009 MTHFR 1 1p36.22 20031578 Homocysteine levels
ILMN_1795336a rs7909832 9.63E-014 PTER 10 10p13 19151714 Obesity
ILMN_1797375 rs2182667 6.51E-008 KLF12 13 13q22.1 22359512 Phospholipid levels (plasma)
ILMN_1722025 rs7736263 1.67E-009 CPEB4 5 5q35.2 20935629 Waist-hip ratio
ILMN_1727045b rs2835138 1.47E-007 RASGPR3 2 2p22.3 19421330 Hypertension

Note: aeQTLs in italics are also reported in Garnier et al., (2013) 

           btrans-acting eQTL – SNP cluster on CHR 21
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6.6 Discussion

Complex disorders such as  CVD are contributed to by the environment, lifestyle, and underlying

genetic signatures and interactions.  NI is a unique population isolate with increased risk factors for

CVD and metabolic related disorders (Bellis et al., 2008a; Cox et al., 2009).  Here we add to this by

showing that predicted risk for CVD, T2D and MetS are all increased when compared to mainland

Australia, supporting the value of the NI population in the identification of genetic risk factors.

Using the NI cohort we set out to identify eQTLs and their associations with  CVD related traits.

Large  multi-generational  pedigrees  from  isolated  populations  can  provide  enhanced  power  to

detect disease genes as well as estimate the heritability of disease traits (Lowe et al., 2009; Sanna

et al., 2011).  CVD traits, along with other complex disorders, are likely to share an underlying and

complex layer of genetic control.  Identifying loci in the genome that influence gene expression

levels,  while  at  the  same  time  associating  with  disease  traits/risk  factors  can  provide  vital

information for further functional analyses. 

Gene  expression  levels  can  vary  greatly  between  different  tissue  types  and  there  is  much

discussion  in  the  literature  about  the  utility  of  using  whole  blood/PBMCs in  gene  expression

studies (Gerrits et al., 2009; Powell et al., 2012b).  As gene expression and therefore eQTLs may be

tissue-specific  (Bullaughey  et  al.,  2009),  it  is  important  to  study  disease-relevant  tissues

(Hernandez  et al.,  2012).  It is well established that many  CVD risk factors are measured using

blood biochemical analyses, i.e. lipid levels (HDL, LDL, total cholesterol, triglycerides), blood sugar

(glucose), and even markers of inflammation (white blood cell counts).   Environmental influences

(such as diet, stress, smoking) are also known to affect the overall blood environment.  All of these

factors contribute to the local tissue environment and in turn potentially influence gene expression

levels, making expression transcript profiling of peripheral blood cells a viable tool to investigate

the  genetic  and  non-genetic  influences  of  relevance  for  disease  pathophysiology  and  risk

assessment.   Powell  et  al.,  (2012)  showed  that  gene  expression  levels  in  whole  blood  are

significantly heritable.  In addition, our population has a well established increased risk of CVD,

which means we should have increased power to detect these eQTLs and potential associations.

As  the  NI  population  is  a  genetic  isolate  all  individuals  share  some  common  environmental

component(s) (for example diet); and environment (as well as cultural influence) has been shown
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to directly affect gene expression (Nath, Arafat & Gibson, 2012).  In addition there is the possibility

of discovering biomarkers in the blood, an easily accessible tissue for clinical sampling.

Using a statistical approach whose efficiency has already been demonstrated in the context of a

GWAS-based eQTL identification method  (Powell  et al.,  2012a),  factoring in the unique genetic

structure of the NI population, we identified 1712 heritable blood-based expression transcripts.

Subsequent analyses identified 270 significantly associated eQTLs (200  cis-acting and 70  trans-

acting), and revealed a genome-wide eQTL map for NI.  Initial results of heritable transcript:trait

associations  indicated  a  few  highly  heritable  expression  transcripts  that  showed  potentially

meaningful biology in terms of CVD and related traits.  Hyperlipidemia and hypertension are CVD-

risk factors.  G2MA, which has functions involved in lipid metabolism, exhibited a high heritability

(h2=0.79) in this  study and Bellis  et  al.,  (2008)  reported that the NI  cohort showed significant

heritability of lipid traits, LDL (h2=0.42), HDL (h2=0.45), Cholesterol (h2=0.41) (Bellis et al., 2008a).

In addition several of the more significantly heritable transcripts map to genes involved in blood

pressure-related  pathways.   Therefore,  we  may  be  seeing  a  relationship  between  trait  and

transcript heritability within a functional pathway.

Further validation of our approach is in the identification of SNP:transcript associations in genes

previously  reported  to  associate  with  obesity  and  CVD related  traits.   A  search  of  the  GWAS

database revealed several eQTL loci that tagged genes and SNPs with prior association to CVD and

related traits.  In addition to this we note further validation within a recent GWAS which examined

the effect of haplotype on the expression of cis-QTL (Garnier et al., 2013).  This study identified 24

eQTL whose genes have been previously associated with disease.  Two transcripts from this study,

ILMN_1734830 (CHR1p36.22: MTHFR) and ILMN_1795336 (CHR10p13: PTER), were also tagged by

eQTLs present in the NI population (Table 6.4).  SNPs within both these genes have been previously

identified to associate with traits such as: blood pressure (Newton-Cheh et al., 2009; Wain et al.,

2011); obesity (Meyre et al., 2009), and homocysteine levels (Paré et al., 2009).  The MTHFR gene

resides  within  1p36.22  and  encodes  methylenetetrahydrofolate  reductase,  an  enzyme  that

catalyses  the  reduction of  methylenetetrahydrofolate  to  methyltetrahydrofolate,  a  cofactor  for

homocysteine methylation to methionine  (Goyette  et al.,  1994).  Genetic variation in this gene

influences,  among  other  disorders,  susceptibility  to  occlusive  vascular  disease  (Huo  et  al.,

2013) and neural tube defects  (Mornet  et al., 1997; Christensen et al., 1999), making MTHFR an
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important candidate gene for diseases such as hypertension, glaucoma, and migraine (Oterino et

al., 2004; Scher et al., 2006).  Interestingly, the 1p36 region has been reported to associate with

hypertension in a Slavic population isolate from Germany (Hoffmann et al., 2009).  This region has

also been previously associated with blood pressure in NI (Bellis et al., 2008a), suggesting that our

current approach has potentially pinpointed the functional locus of this previous linkage hit.  It is

also interesting to note that migraine has previously been reported to exhibit a higher incidence in

the NI population (Griffiths et al., 2009; Maher et al., 2012) compared to mainland Australia, and

the MTHFR gene is a prime functional candidate.

Further evidence for the ability of our approach to identify loci of biological significance is provided

by association of eQTL with other genes implicated in CVD and related traits.  VAV3 encodes a

guanine nucleotide exchange factor for Rho family GTPases.  Vav3-deficient mice have been shown

to exhibit  tachycardia,  systemic  arterial  hypertension and extensive  cardiovascular  remodelling

(Sauzeau et al., 2006, 2011).  The protein product of  CYP27A1 participates in the degradation of

cholesterol to 27-hydroxycholesterol.  Macrophages are one of many cells that express  CYP27A1

and  it  has  been  identified  that  27-hydroxycholesterol  may  counteract  the  production  of

inflammatory factors associated with cardiovascular disease (Taylor et al., 2010).   CTBP1 belongs

to a family of corepressors that regulate the repression of white adipose tissue genes and can

induce the switch to brown adipose tissue  (Vernochet  et al., 2009).  Interestingly white adipose

tissue stores energy in the form of triglycerides; in this study we identify an association between

the trans-eQTL for CTBP1 and triglyceride levels in the NI population.  The NAAA gene is involved in

the endocannabinoid system, which has been implicated in obesity through its ability to attenuate

or lower the desire of finding and consuming food (Di Marzo et al., 2004; Van Gaal  et al., 2005).

FN3KRP has been tentatively suggested to associate with diabetes, measurement of FN3K/FN3KRP

activity  may  be  of  diagnostic  value  in  assessing  an  individual’s  susceptibility  to  diabetic

complications (Szwergold, 2007; L et al., 2008).

In  addition  our  candidate  loci  showed  significant  enrichment  for  several  biologically  relevant

pathways of interest.  Enrichment of NME1 and PAPSS1 in the purine metabolism pathway could

represent a shift in ATP-based cellular energetics and function.  NME1 encodes for the A isoform of

nucleoside  diphosphate  kinase  (NDPK)  an  enzyme  that  catalyses  the  reversible  exchange  of

phosphate between nucleoside diphosphates and nucleoside triphosphates (Dzeja & Terzic, 2003;

234



Boissan  et  al.,  2009).   This  phosphate shuttling  maintains  the balance between GTP/GDP and

ATP/ADP.  As a result, changes in NDPK levels driven by enrichment of  NME1 could significantly

impact on nucleotide homeostasis and, ATP-dependent energy transfer and signalling within cells.

The PAPSS1 gene encodes for phosphoadenosine phosphosulfate synthetase 1 which synthesises

the ubiquitous sulphate donor phosphoadenosine phosphosulfate (PAPS) from ATP and organic

sulfate.  PAPS is a substrate used by sulfotransferase to sulfonate metabolites,  increasing their

solubility to facilitate bilary excretion (Lindsay et al., 2008).  Therefore enrichment of both NME1

and PAPSS1 could be indicative of a change in energy management as well as the regulation of ATP

metabolism.  ATP plays a key part in cardiac metabolism involved in supporting tissue growth,

survival and contractility.  Metabolic remodelling, including changes in both ATP generation and

expression of NDPK, is commonly observed in CVD patients (Lutz et al., 2004; Hippe et al., 2007;

Doenst,  Nguyen  &  Abel,  2013;  Kolwicz,  Purohit  &  Tian,  2013).   Therefore  shifts  in  metabolic

function such as those indicated by changes in NME1 and PAPSS1 may be indicative of increased

CVD risk.  We also saw enrichment of  NME1 and  PRDX1 genes in the insulin pathway.  Insulin

release is also dependent on ATP, and therefore enrichment of  NME1 could mark a downstream

change in insulin secretion due to an NDPK-catalysed rebalance of intracellular ATP levels.  PRDX1

encodes for peroxiredoxin 1 which is a key scavenger of H2O2 (Neumann, Cao & Manevich, 2009).

H2O2 is  known to  play  a  role  in  both  insulin  signalling  and resistance  (Tiganis,  2011).   PRDX1

enrichment may therefore reflect a change in insulin regulation that in combination with a change

in NDPK activity may associate with susceptibility to the development of diabetes.  Thus, together

the observed pattern of enrichment of  NME1,  PAPSS1 and  PDRX1 genes may be a marker for a

metabolic rebalance in the NI cohort possibly indicative of early metabolic dysregulation.

In conclusion, using a pedigree-based approach we have generated an eQTL map for the NI cohort

and have identified potential candidate regions of the genome that alter gene expression levels

and are at the same time associated with CVD related traits.  We have observed several novel loci

that could underlie CVD risk in NI, all  of which have strongly suggestive biological relevance to

disease.   We also broach the idea that  several  of  these could potentially  be early  markers  of

metabolic risk within the NI population.  Not only do these eQTLs provide insights into potential

functional pathways, but our analyses have revealed associations of loci, transcript and trait for a

specific set of CVD risk factors.  We have built upon previous work in the NI cohort and highlight

the importance of integrative genomic analyses in identifying genes that play potential roles in
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complex disorder development.
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6.8 Supplementary Material

Supplementary Figure 6.1: SOLAR power calculation for detection of heritable transcripts in the NI
population.
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Chapter 7: A Phenomic Scan Identifies a

Pleiotropic Effect Locus Associated with

CVD risk in the Genetic Isolate of

Norfolk Island

7.1 Preface

To begin to overcome the issue of missing heritability previously identified in GWAS studies the

preceding chapter explored the potential of integrative genomics, combining both gene expression

and SNP data to map eQTLs within the Norfolk Island population.  These eQTLs were then tested

for association with a range of metabolic disease risk traits, and then integrative models factoring

in trait, SNP and transcript were successfully validated.

This  chapter  aimed to  identify  potential  genomic  pleiotropic  effects  that  exist  within  complex

metabolic disorders and their related traits.   This was achieved using the statistical  method of

principle components analysis, which interrogates the underlying trait variance within a collection

of variables, in this case clinical endophenotypes, generating a series of independent components

which were then used in further genomic association analyses.  
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7.2 Abstract

Many  heritable  cardiovascular  disease  (CVD)  risk  traits  tend  to  be  correlated  suggesting  the

presence  of  pleiotropically  acting  genes.   Genome-wide  association  studies  (GWAS)  aimed  at

composite  CVD  traits  may  reveal  such  genes,  which  would  remain  undetected  using  single

phenotype  analyses.   Analysis  of  large  pedigrees  offers  the  added  advantage  of  accurately

assessing trait heritability, which can help prioritise genetically influenced phenotypes for GWAS

analysis.  This study utilised an unsupervised principal components analysis (PCA) and subsequent

heritability (h2) estimation of 37 CVD-related phenotypes in 330 related individuals forming a single

large pedigree from the Norfolk  Island (NI)  genetic isolate (a phenomic scan).   Pedigree-based

GWAS was then performed using Illumina Human 610-Quad BeadChips to search for pleiotropic

effect loci underlying composite traits.

PCA revealed 13 components explaining >75% of the total variance within the sample space. Nine

components yielded statistically significant h2 values ranging from 0.22 to 0.54 (P<0.05).  The most

heritable component was loaded with 7 phenotypic measures including: % body fat, waist-to-hip

ratio, systolic and diastolic blood pressure, creatinine, urea, and uric acid. This component trait is

correlated with the Framingham CVD risk  score (r=0.4,  P=1.2x10-8).  A GWAS of  this  composite

phenotype  revealed  statistically  significant  associations  for  3  adjacent  SNPs  on  chromosome

1p22.2  (P<1x10-8).   These  SNPs  form a  42kb haplotype  block  and  explain  11% of  the  genetic

variance  indicating a  major  susceptibility  locus  for  this  phenotype. Replication analysis  of  the

tagging SNP in an independent outgroup from NI supports the association and indicates it may be

female-specific  (P=0.006).  Gene  expression  and  pathways  analysis  revealed  55  distally  located

genes associated with this 1p22.2 locus, three of which were significantly enriched in the purine

metabolism pathway (P=0.0015).

Overall,  our  findings  provide  convincing  evidence  for  a  major  pleiotropic  effect  locus  on

chromosome  1p22.2  influencing  CVD  risk  in  the  NI  population.  Additional  studies  are  now

warranted to test this locus in large general population cohorts and to interrogate the functional

relevance of this locus in terms of CVD pathology.
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7.3 Introduction

Cardiovascular  diseases  (CVD)  are  highly  prevalent  conditions  and  are  the  leading  cause  of

morbidity and mortality in many developed nations  (Laslett  et al.,  2012).  In general,  CVDs are

comorbid conditions that arise from several major underlying risk factor traits eg. excess adiposity,

hypertension and dyslipidemia.  These component traits, and therefore risk of CVD, are influenced

to varying degrees by inherited genetic factors. Many genome wide association studies (GWAS)

have been conducted in recent years and have identified common genetic variants associated with

all major risk factor traits for CVD (see GWAS database: http://www.genome.gov/gwastudies/). 

It is well known that risk factor traits for CVD tend to be correlated in populations suggesting the

presence  of  underlying  genetic  variants  that  affect  multiple  different  phenotypes  ie.  exert

pleiotropic effects. GWAS analysis aimed at multiple CVD phenotypes simultaneously may reveal

such  genetic  loci,  which  could  remain  undetected  using  univariate  (single)  phenotype  analysis

methods. For example, a large-scale population-based GWAS of >25,000 Americans revealed that

novel  variants  within  the  genes  APOC1,  BRAP and  PLCG1 may  confer  pleiotropic  effects  on

composite traits associated with CVD (Avery et al., 2011). These results support the “phenomics”

approach for mapping pleiotropic effect genes for CVD.

GWAS analyses of isolated populations have also been successfully utilised to map genes for CVD

traits (Lowe et al., 2009; Traglia et al., 2009; Sanna et al., 2011). Features such as founder effect,

reduced  genetic  and  environmental  diversity  as  well  as  the  availability  of  very  large  multi-

generational pedigrees can offer advantages over GWAS approaches in general populations (Lowe

et al., 2009). For example, pedigree information can allow accurate estimates of heritability to be

calculated that can help prioritise genetically influenced phenotypes for GWAS analysis. Moreover,

founder  effect  leading  to  reduced  genetic  heterogeneity  in  isolated  populations  can  amplify

genetic effects and thus improve power to detect susceptibility loci  (Shifman & Darvasi,  2001;

Heutink & Oostra, 2002). 

The Norfolk Island Health Study (NIHS) is a long running investigation of the genetics of CVD traits

in the isolated population of NI – situated off the East Coast of Australia (Bellis et al., 2006).  The NI
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population was founded by a small group of European “Bounty” mutineers and their Polynesian

wives  in  the  late  1700s  and  now  forms  a  6000-member  pedigree  spanning  11  generations

(Edgecombe, 1999; Hoare, 1999).  The NI population exhibits features such as genetic founder

effects and admixture  (McEvoy  et al.,  2010), and has high rates of heritable CVD traits such as

hypertension and obesity (Bellis et al., 2006; Cox et al., 2009). The aim of this study was to perform

a multi-phenotype (or phenomics-based) GWAS in the genetic isolate of NI in an effort to identify

novel pleiotropic effect loci influencing CVD.
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7.4 Materials and Methods

7.4.1 Sample/cohort collection, Pedigree Information and Ethics

The Norfolk Island Health Study (NIHS) is well established  (Bellis  et al., 2006, 2008a; Cox  et al.,

2009).  The NI pedigree structure was previously outlined (Bellis  et al., 2008b), and has recently

been  updated  (Macgregor  et  al.,  2010).   The  updated  pedigree  structure  includes  ~5700  NI

individuals,  spanning  11 generations and ~200 years.   This  study focused on  a  reduced ‘core’

pedigree, meaning that individuals a) were genetically related to the original founders, and b) had

phenotype and genotype information available.   The total  number  of  core  pedigree members

examined was 330 (152 male, 178 female, excluded individuals under the age of 18) and spans 4

generations at its greatest depth.  Also included in the  Norfolk Island Health Studies were a group

of individuals identified to be non-founder related, meaning they have no genetic link to the core-

pedigree.  These individuals have the same collected phenotype information available and thus

form an ideal replication outgroup (for further detail see Chapter 2).  All individuals gave written

informed consent. Ethical approval was granted prior to the commencement of the study by the

Griffith University Human Research Ethics Committee.

7.4.2 Multiple Phenotype Analysis

Baseline statistics were calculated for 37 CVD-related measures – including all  the biochemical

measures as well as body size and composition traits (see Chapter 3 for further detail).  Phenotypic

baseline statistics were calculated in R 2.15.2 (R-Development-Core-Team, 2010).  All 37 traits were

then subjected to Principle Component Analysis (PCA); see Chapter 2 for further detail.  Briefly, the

PCA  method  is  a  multivariate  reduction  method  that  is  commonly  used  to  identify  latent

components in highly dimensional datasets.  When applied to a set of observed variables, PCA will

extract a smaller number of derived variables (principle components) which should account for the

majority of the total variance originally observed.  Thus one of the major benefits of PCA is that

once an underlying set of components has been identified the data can be compressed with very

little loss of information.  These component scores can then be retained and utilised in further
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analyses.  The experimental method utilised in this study is termed unsupervised in the sense that

the PCA was run across all the available CVD trait data, as opposed to selecting a subset of core

CVD related traits (such as BMI, weight, lipids, blood pressure, and insulin).  All previous published

studies have utilised a more ‘supervised’ (selective) approach in this sense, and it is hypothesised

that  this  may  impact  on  the  outcome  of  underlying  CVD  component  structures.   PCA  was

conducted on 37 biochemical and anthropometric measures related to CVD.  Components with

eigenvalues  greater  than  1  were  retained;  the  number  of  significant  variables  loading  on  a

component was reduced through the implementation of orthogonal rotation (varimax).

7.4.3 Heritability Analysis

Using  the  extended  NI  pedigree,  the  genetic  analysis  program  SOLAR  (Almasy  &  Blangero,

1998) was utilised to calculate heritability (h2) estimates for all 37 endophenotypes as well as the

13 defined principle components.  Both the endophenotypes and component traits were screened

for covariant effects of age and sex interactions using a polygenic linear mixed model approach

(see Chapter 2 Section 2.5.3).  All traits which SOLAR calculated as having a high kurtosis were log

transformed before calculating heritability estimates.

7.4.4 Genome-wide SNP Genotyping

EDTA anticoagulated venous blood samples were collected from all participants. Genomic DNA was

extracted from blood buffy coats using standard phenol-chloroform procedures.  Genome-wide

SNP genotyping was carried out using the Illumina Human 610-Quad v1.0 BeadChip.  Raw data

from Illumina idat files was SNP genotyped in R using the CRLMM package (Scharpf et al., 2011).

Genotype data then underwent QC routines using PLINK (Purcell et al., 2007).  Briefly, SNP analysis

was restricted to autosomal SNPs with minor allele frequency >0.01, call rate >0.95 and Hardy-

Weinberg equilibrium testing p-value>10−5.   After quality  control,  590,603 SNPs were used for

association analyses with expression. Genotype data was then exported from PLINK and imported

into the CRAN package GenABEL (Aulchenko et al., 2007) for analysis.
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7.4.5 Genome-Wide Association Analysis, LD testing and Genotype Association

A pedigree based GWAS analysis of the 9 heritable components was batched via custom R  (R-

Development-Core-Team, 2010) scripts and the package GenABEL (Aulchenko et al., 2007), using

the polygenic model with age and sex interactions, as well as genetic structure (the top 2 principal

components of the complete SNP set as calculated by KING (Manichaikul et al., 2010).  The GWAS

analysis used the mmscore function as implemented in GenABEL.  This function represents a mixed

model approximation analysis for association between a trait and genetic polymorphism(s), and is

specifically designed for association testing in samples of related individuals.  This allows for per

SNP association testing using a mixed model polygenic approach (see Chapter 2 Section 2.5.4 for

more detail).  After correcting for multiple testing, the study-wide significance was set based on

Meff adjustment (P = 1.84x10−7, see Chapter 2 Section 2.5.2 for more detail).  Haplotype/LD testing

was  conducted  in  Haploview  4.2  (Barrett  et  al.,  2005).   Genotype  association  testing  was

conducted in R 2.15.2.

7.4.6 Replication  of rs1396315

An  independent  NI  outgroup  of  288  genotyped  and  phenotyped  individuals  was  used  in  a

replication analysis for the most prominent Component 3 SNP, rs1396315.  Association analysis

was conducted using a logistic regression modelling approach as implemented in R 2.15.2.  The

association analyses were conducted on the total replication cohort, as well as male and female

separated sub-cohorts.  Where appropriate, the regression model was corrected for age and sex.  

7.4.7 Transcript Association and Pathways Analysis

1712 previously identified heritable expression transcripts (described in detail in Chapter 6) were

treated  as  phenotypes,  and  association  with  the  top  three  Component  3  SNPs  (rs1396315,

rs2221660, rs10754303) was run in GenABEL (Aulchenko et al., 2007).  The model was corrected

for age, sex and pedigree structure using polygenic modelling and GenABEL's mmscore function.

Pathways analysis of significantly associated transcripts was conducted using the Webgestalt server
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(Zhang, Kirov & Snoddy, 2005) and the KEGG enrichment gene set.  All reported p-values were

Bonferroni corrected.
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7.5 Results

This study focused on a well-characterised core pedigree from the NI genetic isolate  (Cox  et al.,

2009).   This  core-pedigree  is  comprised  of  330  individuals  and  has  been  measured  for  37

quantitative traits as part of the NIHS to assess the genetics of CVD.  The study involved principal

component analysis (PCA) of all  37 traits to assess intercorrelation, and subsequent heritability

analysis  to estimate genetic variance of  resultant components.  This  was followed by pedigree-

based GWAS of heritable components using SNPs to identify major pleiotropic effect loci for CVD in

this population.  Results of the individual trait GWAS analyses are published elsewhere (Benton et

al., 2013,  see  Chapter  6)  and  showed  loci  significantly  associated  with  a  number  of  the  37

individual traits, many of which are known loci, including serum bilirubin at chromosome 2q37.1

(Benton et al., 2013, see Chapter 6).

7.5.1 Principle Component Analysis (PCA) of CVD traits

An ‘unsupervised’ (PCA) of 37 CVD related traits was conducted.  The PCA extracted 13 composite

phenotypes which explained >75% of the total variance (Table 7.1).  Heritability values for all 13

components, as well as a total combined component were calculated, with 9 components showing

significant heritability with estimates ranging from 0.22 – 0.55 (nominal  P<0.05).  Component 3

was the most heritable (h2=0.55) and was loaded with 7 measures related to CVD – % body fat,

waist-to-hip ratio, systolic and diastolic blood pressure, creatinine, urea, and uric acid. The clinical

relevance  of  the  Component 3  score  was  explored  by  comparison  with  the  well-known

Framingham score (D’Agostino et al., 2008) and showed a positive correlation (r=0.4, P=1.2x10-8).

The relationship between all extracted components is displayed in Figure 7.1.  Overlap between

components  is  suggestive  of  comorbidity  among  traits  as  well  as  the  possibility  of  genetic

commonalities. 
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Table 7.1: PCA and Heritability Analysis of components derived from 37 quantitative traits

Component Loaded Traits Eigenvalue % Variance Cumulative% h2 P value

Component 1 body fat, weight, waist circumference, BMI, 
hip circumference, DBP

7.84 21.19 21.19 0.27† 2.35e-2

Component 2 cholesterol, LDL 2.96 8.00 29.19 0.37† 4.07e-3

Component 3
body fat, WHR, SBP, DBP, creatinine, urea, 
uric acid 2.60 7.02 36.22 0.55† 2.85e-5

Component 4* GGT, ALT, AST (liver enzymes) 2.08 5.63 41.85 0.22 5.66e-2

Component 5 triglycerides, HDL, WHR, chol/HDL ratio 1.92 5.19 47.04 0.32† 1.43e-2

Component 6* iron, total bilirubin, direct bilirubin 1.80 4.85 51.89 0.40† 2.65e-2

Component 7 total protein, globin 1.57 4.23 56.12 0.46† 9.08e-3

Component 8* LDH, albumin, calcium, total protein 1.42 3.83 59.95 0.41† 2.50e-2

Component 9* Sodium, calcium, adj_al 1.39 3.75 63.70 0.53† 1.26e-4

Component 10* bicarb, anions 1.16 3.12 66.82 0.14 1.18e-1

Component 11* glucose, potassium 1.14 3.08 69.91 0.08 3.33e-1

Component 12* chloride 1.05 2.83 72.73 0.02 4.35e-1

Component 13* phosphate 1.00 2.70 75.43 0.22† 3.99e-2

Component total* (all components) 27.91 75.43 75.43 0.23 7.15e-2
*component was normalised (log transformed in SOLAR) due to large kurtosis
†h2 significant below P<0.05 
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Figure 7.1: Venn diagram showing the inter-correlation and heritabilities of components extracted
from the PCA of 37 quantitative traits. Relationships between components were inferred either by
variable overlap, or eigenvalues trending towards significant correlation (Pearson’s r >0.3 or <0.4).
Heritability of each component is colour coded (as per key) with the non-significant traits being
coloured white.  

BMI  (body  mass  index),  Chol  (Cholesterol),  Chol/HDL-C  (cholesterol-HDL-C  ratio),  Creat
(creatinine),  DBP (diastolic  blood pressure),  D  Bili  (direct  serum bilirubin),  HDL-C (high-density
lipoprotein cholesterol),  Hip (hip circumference),  LDL (low-density lipoprotein cholesterol),  liver
enzymes (ALT, Alk Phos, AST, GGT, LDH), SBP (systolic blood pressure), T Bili (total serum bilirubin),
Trig (triglycerides), U Acid (uric acid), Waist (waist circumference), WHR (waist-to-hip ratio).



7.5.2 GWAS of principle components

Following  PCA,  GWAS  analysis  was  performed  using  the  9  significantly  heritable  (P<0.05)

components shown  in Table 7.1.  Of these 9 components, only 2 showed evidence for genome-

wide association exceeding the statistical significance Meff adjusted threshold (P=1.8x10-7).  Figure

7.2 shows that Component 6, loaded with iron, and bilirubin measures, yielded the most striking

association with SNPs chromosome 2q37.1 (P=1x10-11).  Analysis of the individual component traits

revealed that this peak was entirely associated with total and direct bilirubin, and maps to the

well-known bilirubin metabolising gene – UGT1A1 (see Benton et al., 2013 [Chapter 6] and Chapter

4 for more detail). 
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Figure  7.2:  Results  of  the  Component  6  GWAS.  A)  Genome-wide  Manhattan  plot  of  all  22
autosomes demonstrates a significant association on chromosome 2.  B) Plot of chromosome 2 for
Component 6 confirms the association is located at 2q37.1.



The other component trait to yield a statistically significant association was  Component 3, the

most heritable component.   Figure 7.3 shows that the GWAS of Component 3 identified three

associated SNPs located at chromosome 1p22.2 (minimum P=1.3x10-9  for rs1396315), as well as a

supportive peak easily  visualised below the study-wide significance (Figure  7.3).   Interestingly,

GWAS of the 7 traits loaded into Component 3 did not show any significant peak at this locus, nor

anywhere else in the genome, when analysed individually (Supplementary Figure 7.1).  

Linkage  Disequilibrium  (LD)  analysis  of  the  SNPs  spanning  the  peak  on  chromosome  1p22.2

illustrated that rs1396315 tagged the associated haplotype and could be used as the reference SNP

for  further  analysis  (Figure  7.4).   Genotype  association  analysis  of  rs1396315  against  the

Component 3 score showed that the rare allele (A) was associated with elevated Component 3

score in an additive fashion (Figure 7.5).   Locus-specific heritability estimates showed that this

haplotype explained ~11% of the genetic variation in the Component 3 score.
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Figure  7.3:  Genome-wide  Manhattan  plot  for  Component  3  showing  an  association  peak  on
chromosome 1p22.2.
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Figure 7.4: Linkage-disequilibrium and haplotype block locus-specific analysis of COMP3.

Figure  7.5:  Genotype  association  of  tag  SNP  with  Component  3  score  in  227  genotyped  and
phenotyped individuals.



7.5.3 Replication Analysis

In  an  effort  to  replicate  the  association  signal  seen  for  rs1396315  on  Component 3  the  NI

outgroup,  comprising 288 individuals,  was interrogated.  This  outgroup is  genetically unrelated

(independent) to the core pedigree but is also part of the NIHS and thus had comparable genotype

and phenotype  data  available  for  analysis.   Association analysis  of  the  total  replication group

showed a  trend  toward  association,  which  became statistically  significant  when  females  were

analysed separately as a subgroup (Table 7.2).

Table 7.2: Genotypic Association Analysis between rs1396315 and Component 3 in Independent
Outgroup from NI.

ß coefficients (P values)
Model Males+Females* Females only** Males only**

Additive 0.11 (0.067) 0.23 (0.006) -0.056 (0.33)
Dominant (A/?) 0.13 (0.068) 0.31 (0.003) -0.090 (0.28)
Recessive (A/A) 0.16 (0.22) 0.20 (0.202) 0.068 (0.43)

Note: *P-values adjusted for age and sex ** P-values adjusted for age
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7.5.4 Gene Expression and Pathways Analysis

Due to the lack of functional genes in close proximity to the identified region on chromosome

1p22.2, potential trans (distal) associations were explored with the top 3 SNPs and available gene

expression data.  This involved interrogation of 1712 genetically heritable expression transcripts

previously identified in the NI population (Benton et al., 2013, Chapter 6).  Analysis revealed 55

significantly associated (P<0.05) transcripts,  with the majority of transcripts associating with all

three  Component 3  SNPs  (Supplementary  Figure  7.3).   When  annotated,  35  transcripts  were

assigned to well documented functional genes, with the remaining 20 residing in regions of the

genome that are less well annotated (i.e. pseudogenes, lncRNA's).  Gene set enrichment analysis of

these 35 genes identified 5 functional pathways exhibiting significant enrichment (Figure 7.6).  The

most significantly enriched pathway was found to be that of purine metabolism (P=0.0015), with 3

genes showing enrichment; PDE6D, GART, and NME2.  This finding is interesting as previous work

in NI reported on a set of eQTL associated genes implicated with CVD-risk traits which also resided

with the purine metabolism pathway (Benton et al., 2013, see Chapter 6).
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Figure 7.6: Significantly enriched pathways identified from KEGG enrichment analysis.



7.6 Discussion

Many heritable CVD risk traits tend to be correlated; suggesting the presence of underlying genes

acting pleiotropically to influence multiple traits.  GWAS studies aimed at composite CVD traits

may reveal such genes, which would remain unnoticed using single phenotype analyses.  Analysis

of  large  pedigrees  from isolated  populations  can  offer  advantages  for  mapping  disease  genes

including the ability to estimate heritability for disease prioritisation.  This chapter outlines the

search for major pleiotropic effect loci associated with CVD risk in the well characterised genetic

isolate  of  NI.   An unsupervised PCA was performed and heritability  testing identified a highly

heritable  component  trait  loaded  with  indices  of  body  fat,  blood  pressure,  kidney  and  liver

function.   Pedigree-based  GWAS  analyses  were  subsequently  performed  and  identified  a  risk

haplotype  on  chromosome 1p22.2  that  explains  11%  of  the  variance  in  this  composite  trait.

Replication analysis in an independent outgroup from NI supports the association and indicates a

female-specific  effect.  The  clinical  relevance  of  the  Component 3  score  was  explored  by

comparison  with  the  well-known  Framingham  CVD  risk  score  (D’Agostino  et  al.,  2008) which

showed a positive correlation indicating that the A allele of rs1396315 is associated with increased

risk of CVD in the Norfolk population.

There have been a number of  other GWAS studies which have reported association of  loci  at

chromosome 1p22.2 with CVD risk traits.  Zabaneth and Balding, reported association of SNPs in

this region to metabolic syndrome (including obesity) in 2554 Indian men  (Zabaneh & Balding,

2010).   Beck  et  al., reported  association  to  liver  enzyme  indices  in  a  population  of  133,653

Europeans and Asians  (Beck  et al., 2003).  Hasstedt  et al., reported association of  chromosome

1p22.2  locus  to  coronary  artery  disease  in  984  whites  (Hasstedt,  Hanis  &  Elbein,  2010).

Additionally, several GWAS have identified SNPs within 1p22.2 associated with both obesity related

traits (Comuzzie et al., 2012) and liver enzyme levels (gamma-glutamyl transferase) (Chambers et

al., 2011).  Interestingly in another GWAS the same intergenic region of 1p22.2 was associated

with atherosclerosis and coronary artery calcification (O’Donnell et al., 2007).  Our examination of

the genomic landscape around the chromosome 1p22.2 region showed this to be a relatively gene-

poor region with no obvious candidate genes for CVD risk; the nearest genes are ZNF326 (encodes

a zinc finger protein) and BARHL2 (see Supplementary Figure 7.2).  There is currently no evidence
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of  association  between  CVD  and  related  traits  with  these  genes,  however  a  recent  review

implicates the role of zinc finger proteins in adipogenesis  (Wei  et al., 2013), suggesting that this

could be a potential target gene to follow up in further studies.  Despite the lack of functional

annotation it is quite plausible that the presence of non-coding elements, eg. epigenetic marks,

trans-acting eQTLs, or long-non-coding RNAs within this region may be influencing genes and/or

other regulatory factors at a distance.

In an attempt to elucidate a potential trans-acting mechanism, association analysis was conducted

between the top ranking Component 3 SNPs and heritable gene expression transcripts.  Pathways

analysis  of  the resultant  genes revealed that  the purine metabolism pathway was significantly

enriched.  A previous study identified enrichment of NME1 and PAPPS1 in the purine pathway in

the NI cohort (Benton  et al., 2013, see Chapter 6).  In this study  GART,  NME2 and  PDE6D were

found to be enriched in transcripts associated with  Component 3 scores in NI.  Whereas  NME1

encodes for the A isoform,  NME2 encodes for the B isoform of nucleoside diphosphate kinase

(NDPK) which maintains the balance of nucleosides and high energy nucleotides (ATP/GTP) via the

reversible transfer of phosphate.  Interestingly, GART plays a central role in the de novo synthesis of

nucleotides where it catalyses three of the ten steps involved in the conversion of phosphoribosyl

pyrophosphate into inosine monophosphate (Welin et al., 2010).  Genetic variation in both GART

and  NME2 would have the potential  to have significant  effects  on nucleotide metabolism and

homeostasis.  Modifications in the purine metabolic pathway are linked with a number of diseases

including gout and hyperuricaemia (Nyhan, 2005).  Combined with our previous data (Benton et

al., 2013, see Chapter 6),  there is evidence of a shift in the regulation of purine synthesis and

metabolism in the NI cohort that may be linked with developing diseases associated with diagnosis

of metabolic syndrome including CVD, diabetes and gout.

Variation in  PDE6D was also identified in relation to the purine pathway.  PDE6D encodes the

phosphodiesterase (PDE) 6δ subunit of the enzyme PDE6 that specifically hydrolyzes cyclic GMP (Li

et al.,  1998).  PDE6 is localised in rod or cone membranes of the mammalian retina focussing

research on its involvement in visual dysfunction  (Tsang  et al., 2008).  Interestingly there is also

data indicating that GART also plays a role in ocular development (Ng et al., 2009).  These findings

may  provide  insight  into  the  high  incidence  of  ocular  diseases,  including  glaucoma,  in  the  NI

population (Sherwin et al., 2011).
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Overall,  our  findings  provide  convincing  evidence  for  a  major  pleiotropic  effect  locus  at

chromosome  1p22.2  influencing  CVD  risk.   Further  studies  are  now  warranted  to  replicate

association of this locus in larger population cohorts and to interrogate the functional relevance of

this  locus  in  terms  of  CVD pathology.   This  study  also  illustrates  the  value  of  the  phenomics

approach to gene mapping in large-pedigrees and genetic isolates.
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7.8 Supplementary Material

Supplementary Figure 7.1: GWAS Manhattan plots for the 7 traits loaded on Component 3.
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Supplementary  Figure  7.1  (continued):  GWAS  Manhattan  plots  for  the  7  traits  loaded  on

Component 3.

272



Supplementary  Figure  7.2:  Genetic  mapping  of  the  area  around  1p22.2  showing  the  9  most

significant Component 3 SNPs.

Supplementary  Figure  7.3:  Association  of  top  3  Component  3  SNPs  with  previously  identified

heritable eQTL transcripts.
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Chapter 8: Overall Conclusions and

Future Directions
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8.1 General Conclusions

This study successfully used the unique genetically isolated population of Norfolk Island (NI) to

investigate the genetics of Metabolic Syndrome MetS and metabolic dysfunction.  There were four

overarching objectives outlined in Chapter 1, Part 4.  The first objective was achieved with this

thesis  being the first  documentation of  MetS diagnosis  as  well  as  CVD and T2D within the NI

population, which was hypothesised to partly be contributed to by the mixed European/Polynesian

ancestry within the population.  Following from this, the general objective of this research was to

organise and statistically analyse the large body of pedigree, molecular genetic, clinical and lifestyle

data collected from the NI  population and use advanced bioinformatics techniques to identify

genomic signatures (or risk profiles) that influence the development of metabolic disorder.  The

overarching hypothesis of this research was that MetS and associated disorders would exhibit a

substantial genetic component in the NI population isolate, which would be detectable owing to

the unique population structural  properties of  the cohort,  and that  genetic markers  for  these

heritable  traits  could  be  identified  via  genome-wide  analysis.   It  was  expected  that  the

identification of genomic markers would be achieved by implementing specialised bioinformatic

approaches alongside integrative genomic methods.  

Objective two revolved around the validation and reconstruction of the NI core-pedigree.  The

cleaning, reconstructing and validation of the NI pedigree by utilising dense genotype data was the

first crucial component of future disease gene mapping studies utilising the NI population.  The

completion of this milestone ensured increased accuracy of inbreeding and admixture parameter

estimates  and  statistical  power  for  the  analyses  to  follow.   The  identification  of  clinical

endophenotypes  that  exhibit  'large'  genetic  components,  combined  with  the  observation  of

increased prevalence and risk of MetS, CVD and T2D, consolidated the NI cohort as a powerful

population to detect genomic markers of complex disease.  Thus objective two was successfully

completed and formed the foundation and justification for further, more complex and integrative

genomic analyses exploring the genetics of MetS and CVD related traits in the NI population.  

The  third  outlined  objective  related  to  the  organisation,  integration  and  analysis  of  multiple

genomic data sets.  These results were presented throughout the 5 results chapters but as discrete

substudies.  Chapter  4  detailed  the  identification  of  genomic  structure  within  the  NI  isolate.
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Successful  utilisation of  isolated populations in disease gene mapping studies (especially  those

comprised  of  mixed  ancestral  populations)  requires  a  prior  understanding  of  the  underlying

population structure  that  characterises  the gene  pool.   Genomic  structure  (e.g.  admixture)  in

populations  has  the  potential  to  influence  genetic  associations  with  disease,  and  is  therefore

important  to consider  in  future  study  design.   Using a  range of  approaches in  Chapter  4 this

research  has  shown  that  the  NI  cohort  exhibit  unique  genomic  structure  (global

admixture/ancestry as well as locus-specific, inbreeding and runs of homozygosity), and that this

structure shows association with MetS related traits.   This  thesis  has improved upon previous

estimates  of  admixture  and  inbreeding  with  the  NI  population,  and  further  builds  a  detailed

overview of genomic structure by reporting on locus-specific admixture and runs of homozygosity

for the first time in the NI cohort.  This knowledge provided strong justification for the further

examination  of  the  NI  population  in  the  context  of  MetS  and  has  been  successfully  utilised

throughout this thesis as an important feature in disease gene mapping studies.

Chapter 5 explores the first GWAS for MetS and CVD related phenotypes, which yielded interesting

results in terms of a highly statistically significant locus on chromosome 2q37.1 associated with

levels of serum bilirubin (P<1.87x10-16).  Specifically, this study identified that variants within the

UGT1A gene directly influence serum bilirubin levels, which in turn are associated with reduced

risk of developing MetS and T2D in the NI population.  This successful implementation of pedigree-

based  association  analysis  highlighted  a  functional  region  that  offers  protective  benefit  from

metabolic disease as well as providing potential biomarkers that can be used to predict serum

bilirubin levels.  Specific haplotype structure was significantly associated with increased serum

bilirubin, and as such it  was identified that a set of 'protective'  haplotypes exist  within the NI

population.  The UDPGT gene family metabolises a significant proportion of known xenobiotics

(drugs) and is thus an exciting region to investigate in future studies.  This association led to the

identification  of  biomarkers  that  may  be  able  to  be  used  in  earlier  detection  of  T2D  and/or

potential treatments and dietary intervention strategies.  

Apart from the striking association with bilirubin there was a distinct lack of robust genome-wide

association for the majority of clinical endophenotypes observed in Chapter 4, this lead to the

development of integrative genomic approaches to further explore the underlying genomic profiles

of metabolic disease with the NI cohort.  Previously the Norfolk pedigree has been utilised in the
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successful  mapping  of  CVD,  ocular  and  migraine  traits  using  a  combination  of  linkage  and

association studies, but here Chapter 6 documents the first use of gene expression data within the

cohort.   An  integrative  genomics  approach  facilitated  the  mapping  of  eQTLs  using  both  gene

expression and dense SNP data.  This resulted in the development of a genome-wide map of 270

robustly associated eQTLs for the NI cohort, which were then explored for association with CVD

related traits.  The resultant analyses led to the  identification of novel candidate regions of the

genome that alter gene expression levels and are at the same time associated with  CVD related

traits.  This eQTL-centric association approach has identified several novel loci that could underlie

CVD risk in NI, all of which have suggestive biological relevance to disease.  Alongside this, and in-

line with objective four,  is  the idea that several  of these could potentially be early markers of

metabolic risk within the NI population.  Not only do these eQTLs provide insights into potential

functional pathways, but these analyses have revealed associations of loci, transcript and trait for a

specific set of  CVD risk factors.  This thesis has built upon previous work in the NI cohort and

highlights the importance of integrative genomic analyses in identifying genes that play potential

roles  in  complex  disorder  development.  Collectively,  these  original  integrated  genomic  data

provide compelling evidence for novel genes of strong biological  importance to CVD traits and

metabolic dysfunction.  

The final results chapter, Chapter 7, outlines the initial application of a multi-variate approach to

the phenotype data in NI to discover factors associated with CVD related traits.  To further explore

this data an unsupervised PCA approach was used, with the aim of uncovering a set of components

that could be used to investigate pleotropic effects for MetS.  The PCA produced 9 statistically

significant  heritable components,  each loaded with meaningful  phenotypic  data.   When these

components  were used in genome-wide association analyses,  Component 3 showed a striking

association with an intergenic region in chromosome 1 (1p22.2).  Interestingly, the individual traits

of Component 3 exhibit no significant hits in this area, indicating that this approach had identified

a  region  of  pleiotropy  associated  with  CVD  risk  in  the  NI  cohort.   A  set  of  3  SNPs  robustly

associated with Component 3 were identified as predictors for increased CVD-risk, and if replicated

in larger population(s) have the potential to be developed into biomarkers.  Overall, our findings

provide convincing evidence for a major pleiotropic effect locus at chromosome 1p22.2 influencing

CVD risk.  This study illustrates the value of the phenomics approach to gene mapping in large-

pedigrees and genetic isolates.  
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The results presented throughout this thesis provide strong evidence that the NI genetic isolate is a

suitable population in which to identify both common and rare variants associated with complex

phenotypes that may be difficult to study in larger but more heterogeneous populations.  The

implementation of integrative genomics alongside specific pedigree-based approaches facilitated

the identification of  both novel  candidate  genes and genetic pleiotropy that  underlie  complex

metabolic  dysfunction.   The  research completed in  this  thesis  has  contributed significant  new

knowledge regarding the underling genetic relationships  influencing development of  MetS and

related disorders, it is expected that this information will also be useful for better understanding

CVD and diabetes risk in NI and perhaps the general mainland Australian population.  There is

strong evidence that genomic markers identified from this project could form the basis of new

diagnostic tools, which may allow for more personalised treatment of MetS and related metabolic

dysfunctions, thus helping reduce the burden of diabetes and associated disorders.  

8.2 Future Directions

Throughout  this  research  many  additional  (and  sometimes  novel)  project  ideas  have  been

identified that fall outside the scope of this thesis, yet are interesting and viable as follow-up or

standalone studies.  Additionally there were many scientifically important discoveries that warrant

additional exploration and validation.  

One important future direction that would greatly increase the power of the current NI cohort as a

population for disease gene mapping would be the complete genome sequencing of key pedigree

members using next-generation platforms.   Due to the number of  large families within the NI

pedigree structure, the original study design avoided genotyping siblings where possible.  Thus the

genome-wide sequencing of ~100 (or more) key pedigree members would allow the use of current

SNP data as a scaffold for accurate imputation based on complete genome sequences.  This is a

way to cheaply obtain genome-wide SNP information for a large percentage of the pedigree in a

cost effective manner.  This has many benefits:

• cost efficient use of resources that already exist, with the cost of high-throughput
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sequencing consistently falling this makes even more sense.

• allows for additional correction/validation of the pedigree structure

• increases the power of future disease mapping and association studies

The proof of principle for this procedure has already been established by collaborators at the Texas

Biomedical Research Institute who have employed the same technique in their San Antonio Heart

Study cohort.  In late 2014 there is a next-generation exome sequencing project in which 300-400

NI  individuals  will  be  sequenced,  this  will  greatly  facilitate  further  research  and  accurate

imputation.

There is still whole blood available for a reasonably large proportion of the NI cohort, allowing for

further  gene  expression  analyses.   This  could  include  additional  mRNA expression  data  being

generated for individuals that weren't selected in the first analysis due to budget constraints, but

could  also  include  the  collection  of  expression  data  for  other  molecules  such  as  mico-RNAs

(miRNA) and long-noncoding-RNAs (lncRNA), both of which are currently exciting prospects for

analyses for disease traits.  

There is currently validation of selected SNPs from the results from this thesis (as well as additional

associations)  being  run  by  collaborators  in  the  USA.   These  SNPs  are  being  typed  in  the  NI

outgroup, which consists of ~300 individuals who live on the island but are not genetically related

to the original founders.  It is expected that several of these SNPs and effects will be replicated in

the outgroup, justifying the further replication in larger populations.  Further results would also

greatly benefit from replication analyses in larger general populations.  The bilirubin finding will be

followed up in several different clinical cohorts, with the potential to genotype specific  UGT1A1

SNPs and replicate observed associations whilst at  the same time exploring novel associations.

Additionally, the CVD-risk prediction SNPs located on chromosome 1p22.2 were replicated in the

NI outgroup and are also excellent candidates for replication in larger studies.  

In this thesis previous estimations for various genomic structure indices (admixture, inbreeding)

were greatly improved upon, and aspects such as locus-specific admixture and homozygosity by

descent (HBD) regions were produced for the first time in the Norfolk population.  It was outside

the scope of this body of work to further explore in detail the unique structural elements, but

future  work  in  the  NI  cohort  would  greatly  benefit  from  experiments  such  as  locus  specific
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admixture  mapping  and HBD association  with  metabolic  and  CVD-related  traits.   The  level  of

admixture observed and reported in this thesis suggests that the NI population would be an ideal

candidate for these types of approaches.

Longitudinal analyses between those individuals with overlapping data collected in 2000 and 2010

(NIHS2000 and NIHS2010) could provide an understanding of how genomics (SNPs, eQTLs) affect

the change in a trait over time, and could help identify 'markers' that may predict the change of a

given trait and potentially its outcome in terms of disease.  Additionally,  as gene expression is

dynamic (a sampled profile is merely a snapshot of the current expression environment at the time

collected) there is the potential that an eQTL analysis done at one time point, will not produce the

same results  if  repeated at  an  additional  time point  (using  'newly'  obtained expression data).

Herein lies the potential for longitudinal analysis of expression data, as SNPs/DNA markers are

'static' this could reveal epigenetic influences of eQTL sites.  

There  is  great  potential  in  further  exploration  of  the  eQTL  data.   This  could  be  achieved  by

investigating functional gene regions (promoter, transcription start site, exons, 5'UTR/3'UTR) and

determining  the  presence  of  eQTL  SNPs,  and  how  many  SNPs  reside  within/around  TSS

(transcription start sites).  Associations could be made around where these SNPs reside and their

potential effects on expression as well as exploration of association with disease.  This could be

followed by running haplotype analysis of the eQTL related SNPs, which would further explore the

association between SNP haplotypes and gene expression levels.  

During the course of this thesis genome-wide methylation data was obtained for 36 core-pedigree

individuals (18 obese and 18 'thin', based on BMI and body fat scores) using the Illumina Human

450K Methylation Array.  Outside the scope of this thesis was the development of methodologies

and a custom pipeline to analyse this genome-wide methylation data (see the List of Research

Output at the beginning of this thesis for an overview).  This is a pilot study to investigate the

potential presence of differential methylation profiles between thin and obese individuals.  There

is great scope to apply multi-omics approaches using the methylation data alongside both the SNP

and transcript (gene expression) data.  For example there is great potential to identify regions of

methylation associated with SNPs (identification of  cis/trans acting methylation sites), while also

exploring the potential heritability of methylation profiles.  Mining of methylation data alongside

281



the gene expression data could also identify genes/regions that are under epigenetic control.  

Due to the multitude of phenotypic and rich genomic data available for the NI cohort there is great

potential  to  collaborate  with  labs/departments  that  specialise  in  large  scale  data  mining

approaches.   These  approaches  apply  computationally  intensive  algorithms  and  modelling

methodologies  to mine any/all  available data  in  new and novel  ways.   This  involves  taking all

overlapping  data  sets  (phenotype,  genotype,  transcript/expression,  CNVs,  methylation)  and

'mining' it, to look for patterns.  The benefit of these approaches is that they are hypothesis free,

and therefore  might  identify/open up new areas  of  research that  otherwise  might  have been

overlooked.  

A other project is expected to have sequenced >90% of the core-pedigree mitochondrial genomes

by mid 2014.  The data generated from this project will further facilitate pedigree cleaning and

reconstruction,  and  will  also  allow  investigation  into  mitochondrial  associations  with  complex

traits.

8.3 Final Word

This thesis was successful in achieving all of the major outlined aims.  The prevalence of MetS and

related disorders has now been documented for the NI  population,  and the findings from the

integrative genomic approaches have the potential to provide important information which could

influence both the treatment and diagnosis of MetS and other metabolic disorders.  This thesis to

date  has  provided  an  initial  manuscript  which  has  been  accepted  for  publication,  as  well  as

additional self-contained results chapters which will  hopefully see publication in peer-reviewed

scientific journals.  As outlined above, there is enormous scope for future work leveraging off the

results and finding of this thesis.  The work conducted throughout provides new insights into the

underlying genomics of metabolic dysfunction, which could hold direct health benefits for the NI

island population, as well as contributing new knowledge to the scientific community.  The findings

of this work should be of interest to numerous fields, including population genetics, molecular

genetics and metabolic disorders, and will contribute to the knowledge base of these disciplines.  
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