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Abstract 

Hypertension, which is defined as persistent high blood pressure, is a major risk factor for 

cardiovascular diseases and affects more than 1 billion people worldwide. Approximately 

twenty percent of Australian adults receive treatment for hypertension and thus hypertension 

is also a major cost to healthcare systems, both in Australia and worldwide. Despite the high 

burden of hypertension on society, the majority of the risk factors for developing hypertension 

are still unknown. Though the involvement of environmental factors in hypertension 

development has been relatively well-characterised, hypertension is a complex polygenic 

disease of which only a few susceptibility genes have been identified.  

 

The broad aims of this research were therefore to identify hypertension susceptibility genes 

through both a traditional hypothesis-driven approach (candidate gene studies) and through 

gene discovery methods that do not rely on a priori biological assumptions (genome-wide 

association studies and pathway analysis studies). Using a combined approach, this research 

investigated both canonical blood pressure regulation pathways and novel mechanisms for 

association with hypertension susceptibility. The study utilised a case-control association 

approach involving Australian hypertensive cases and age-, sex-, and ethnicity-matched 

controls to investigate specific candidate genes and a more comprehensive genome-wide 

association study (GWAS) and pathway analysis for novel gene discovery.  

 

The candidate gene approach was based on the hypothesis that hyperhomocysteinemia-

causing gene variants in enzymes of the homocysteine (Hcy) metabolism pathway increase the 

risk of hypertension and examined four such markers in three Hcy pathway genes, MTHFR, 

MTRR, and MTHFD1. Despite some mixed reports on the positive association of hypertension 
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and MTHFR, this approach found no significant association of any of the Hcy gene markers 

with hypertension either individually or in an epistatic interaction model.  

 

The GWAS approach was based on the hypothesis that many small effect loci may contribute 

to hypertension susceptibility and that both known and novel hypertension genes could be 

detected in a genome-wide association scan. Using a pooled DNA GWAS approach, several 

interesting loci on different chromosomes which approached genome-wide significance were 

identified although no markers passed the stringent genome-wide significance threshold of p < 

5 X 10-8. Various methods were used to examine the GWAS data and it was determined that 

the approach did detect both a higher proportion of previously implicated hypertension genes 

in the top GWAS hits than expected by chance, and a number of interesting and novel 

potential candidate loci, including the nuclear factor of kappa light polypeptide gene enhancer 

in B-cells gene (NFKB1). GWAS validation of four of the top ten ranked markers through 

individual genotyping confirmed the association with both NFKB1 and glioma-associated 

oncogene family zinc finger 2 (GLI2), two loci which are completely novel in relation to 

hypertension but whose biological functions suggest plausible mechanisms for hypertension 

susceptibility. Validation also showed that the pooling DNA GWAS conformed to all previously 

reported standards of pooled DNA GWAS performance, including a slight overestimation of 

allele frequencies by allelotyping, and a high correlation of pooling allele frequency and 

individual genotyping frequency for the control group.  

 

GWAS data was also analysed using a pathway analysis approach. This approach was based on 

the hypothesis that GWAS associations too moderate to be detected at the genome-wide 

significance level may be utilised to identify overall pathways implicated in hypertension 

susceptibility, which could then be investigated in more detail. This approach found that 

pathway analysis of both the Australian GWAS dataset alone, as well as a combined dataset of 
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the Australian and Wellcome Trust Case-Control Consortium hypertension cohorts, identified a 

number of pathways significantly associated with hypertension. This included AMPA-receptor 

trafficking, immune system complement pathways, and Rho/Ras small GTPase and guanyl 

exchange factor related pathways. Investigation of the function of these pathways suggests 

that they are highly plausible novel candidate pathways for hypertension susceptibility, with 

functions that suggest their involvement in mechanisms of blood pressure regulation.  

 

Overall, it can be seen that the approaches utilised in this research have been effective and 

reliable methods of both detecting the association of gene variants with hypertension and 

identifying novel variants, genes, or pathways contributing to hypertension aetiology. It is 

hoped that future studies will replicate and investigate the putative hypertension susceptibility 

genes and pathways identified in this research, and that this may lead to a more thorough 

understanding of hypertension genetic susceptibility. With further research, it is possible that 

the genes and pathways identified may contribute to the development of a hypertension 

susceptibility genomic signature, allowing improved screening and risk identification, or 

become the target for the development of novel hypertension treatments. 
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1.1 Significance 

Hypertension is a persistent increase in blood pressure, defined by the Joint National 

Committee on prevention, detection, evaluation and treatment of high blood pressure as a 

systolic blood pressure consistently above 140 mmHg and/or diastolic blood pressure 

consistently above 90 mmHg. It is a major risk factor for cardiovascular disease (CVD) and 

affects more than 1 billion people worldwide, with approximately twenty percent of Australian 

adults receiving treatment for hypertension according to the National Heart Foundation of 

Australia. Furthermore, hypertension is implicated in 7.1 million deaths each year from 

ischaemic heart disease and stroke;1 it has been estimated that a reduction in population 

blood pressures of around 5mmHg would reduce the incidence of stroke by 26% and heart  

 

 

Figure 1 - Mortality Attributed to Leading Risk Factors, by Income Level, 20042 
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disease by 15%.3 CVD is a leading cause of death (Figure 1), and this trend is expected to 

become more acute over the coming decades due to the growing number of elderly persons in 

both the Australian population and worldwide. Further, it has been projected that in 2025, 

1.56 billion people worldwide will suffer from hypertension (95% Confidence Interval: 1.54 

billion – 1.58 billion).4 Hypertension and CVD are also a major cost to healthcare systems, both 

in Australia and worldwide. 

 

Essential hypertension (EH), which is a rise in blood pressure that is not due to a secondary 

cause, affects 95% of hypertension sufferers and currently is of unknown aetiology. EH is a 

complex polygenic disease with both genetic and environmental factors playing a role in its 

development. Few EH-susceptibility genes have been currently identified; however, disruption 

of a few key physiological systems seems to be linked to the onset and progression of 

hypertension, including the renin-angiotensin-aldosterone system (RAAS), the sympathetic 

nervous system, and the renal system. Investigation into the genetic basis of these systems, as 

well as identification of novel pathophysiological pathways that play a role in EH development, 

will allow researchers to better understand EH aetiology and ultimately to develop better 

prevention, screening, and treatment of hypertension and its associated cardiovascular 

disease.  

 

1.2 Hypotheses 

1.2.1 Genetic Architecture of Complex Diseases 

This research aims to investigate the genetic basis of EH. Traditionally, geneticists have focused 

on investigation of monogenic traits and aimed to identify one or a few key genes of large 

effect that account for most of the disease phenotype. However, as genetic knowledge and 

technology has accumulated, it has become clear that complex diseases such as EH cannot be 
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explained by single genes of large effect.5 Rather, it has been proposed that complex or 

heterogeneous diseases arise from the combined effect of multiple genes of individual small 

effects. Further, it is proposed that for highly common diseases such as EH, the array of gene 

variants contributing to disease development will be common among the population. This is 

termed the “common disease, common variant” or CDCV paradigm,6 implying that the set of 

genetic variation (or genomic signature) underlying a common complex disease will be 

consistent between diseased individuals.  

 

In contrast, an alternative hypothesis, termed the “common disease, rare variant” or CDRV 

paradigm,6 implies that the set of genetic variants underlying a common complex disease will 

be of rare frequency, under selection pressure, and of large effect size, compared with 

common variants. However, technology to investigate the CDRV hypothesis has only recently 

become available, with the advent of high-throughput re-sequencing technologies for rare 

variant identification. Conversely, the key tool to investigate the CDCV hypothesis has been 

developed much earlier: the single-nucleotide polymorphism (SNP) array, which allows 

thousands of variants across the genome to be investigated simultaneously. Unlike the CDRV 

approach, which relies on a candidate gene or region approach for resequencing targets, the 

CDCV approach allows researchers to scan the genome for variants without making prior 

assumptions about which genes or chromosomal regions are involved in disease 

susceptibility.6 This highlights the utility of the CDCV approach in investigating the genetics of 

complex disease. Further, the CDCV approach has had considerable success in identifying novel 

susceptibility genes, while the relative contribution of rare variants to disease burden is 

currently in dispute.7 For all these reasons, the CDCV approach remains one of the most 

practical and useful approaches for investigating the genetic aetiology of complex diseases like 

essential hypertension, and will be adopted in this investigation of EH susceptibility genes. 
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1.2.2 Hypertension Aetiology 

Hypotheses regarding the aetiology of EH have traditionally focused on the renin-angiotensin-

aldosterone system, the sympathetic nervous system, the renal system, vasoactive substances 

and endothelial dysfunction, and insulin sensitivity.8 These systems are involved in regulation 

of normal blood pressure and dysregulation in such systems could therefore lead to 

hypertension. Furthermore, drugs targeting specific enzymes and/or receptors of these 

systems are successful in reducing blood pressure, suggesting that dysregulation of these 

enzymes and receptors may be responsible for the development of hypertension.  

 

Additionally, it has been hypothesised that genes or pathways that lie outside of these normal 

blood pressure regulation systems can also have the potential to cause hypertension 

development, through indirect impact on the canonical systems. For instance, the 

homocysteine metabolic pathway does not directly contribute or influence blood pressure 

regulation, but it is thought that a dysregulation of this pathway leading to 

hyperhomocysteinemia can damage endothelial surfaces and increase vasoconstriction, 

leading to a sustained increase in blood pressure.9 Likewise, other currently unknown genes 

and pathways may indirectly impact blood pressure regulation, with no pre-existing biological 

involvement that would suggest importance in hypertension development. Therefore, gene 

discovery methods that do not rely on a priori biological assumptions have the potential to 

investigate the hypothesis that novel genes outside canonical blood pressure regulation 

pathways may also play an important role in hypertension susceptibility. 

 

1.3 Aims 

This research is based on the premise that particular genetic variations across the genome 

underlie the molecular pathology of essential hypertension, which has an estimated 
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heritability of 30-60%.10, 11 This research aims to identify novel polymorphisms, genes, or 

pathways that confer hypertension susceptibility, by using case-control association study 

methods. 

 

This research will address the following specific aims: 

1. To investigate genetic variants within candidate genes involved in the homocysteine 

metabolism pathway, which have the potential to dysregulate the pathway resulting 

in hyperhomocysteinemia and potentially contributing to hypertension 

susceptibility. 

2. To conduct a genome-wide association study (GWAS) on hypertensive (HT) cases 

and normotensive (NT) controls from an Australian cohort using a DNA pooling 

approach.  

3. To validate GWAS findings through individual genotyping on the Australian cohort 

and compare genotype and allele frequencies between cases and controls.  

4. To identify pathways implicated in EH susceptibility by conducting gene enrichment 

pathway-based analysis of GWAS results.  

 

The accomplishment of these aims should assist in the identification of variants, genes, or 

pathways contributing to EH aetiology. Gene variants or pathways that are found to be 

involved in EH development could be used for development of an EH susceptibility screening 

method, allowing genetically predisposed individuals to adopt protective measures such as 

lifestyle changes well before the manifestation of any clinical signs of the disease, and leading 

to increased prevention. EH genes or pathways may also become targets for novel treatment 

methods for hypertension, improving disease management outcomes.  
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2.1 Hypertension 

2.1.1 Definition 

Blood pressure (BP) is defined as the pressure generated against the walls of arteries, veins, 

and other blood vessels by blood circulating around the body. BP is directly dependent on both 

cardiac output (CO), which is the volume of blood that the heart pumps per minute, and total 

peripheral resistance (TPR), which is the total amount of resistance exerted by the peripheral 

vasculature, specifically the collective resistance of peripheral arterioles in the systemic 

circulation. This relationship is given by the formula: 

BP  =  CO  X  TPR 

Changes in either cardiac output or total peripheral resistance can therefore alter blood 

pressure. 

 

Cardiac output itself is the product of stroke volume and heart rate, with heart rate being 

simply the number of heart beats per minute, and stroke volume being the volume of blood 

pumped out of the heart with each beat. Increasing either heart rate or stroke volume 

increases cardiac output.12 Stroke volume is dependent on several factors including venous 

return. Venous return is defined as the flow of blood back to the heart and is modulated by the 

state of the venous vessels. Venous capacitance can be altered by venous dilation causing 

decreased venous return while venous constriction increases venous return. Likewise, TPR 

depends on the quality of the arteriolar bed, flexibility of aortic and arterial walls and the 

overall factors affecting viscosity of blood. TPR can also be dramatically changed with arteriolar 

radius, as vasoconstriction results in increased TPR, while vasodilation results in decreased 

TPR.13, 14 Therefore, changes in any one of these factors can cause dramatic changes in blood 

pressure. 
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Hypertension can be described as a persistent rise in blood pressure. Normal systolic blood 

pressure has been established as being between 110 and 140 mmHg whereas a reading 

ranging between 70 and 90 mmHg is regarded as normal for diastolic blood pressure. A 

sustained systolic pressure greater than 140 mmHg and/or a sustained diastolic pressure in 

excess of 90 mmHg are generally considered to constitute hypertension.1 Though either an 

elevated systolic or diastolic blood pressure can result in hypertension, elevated systolic blood 

pressure is a more significant risk factor for uncontrolled hypertension, coronary heart disease 

and heart failure than an elevated diastolic blood pressure.15 

 

2.1.2 Classification of Essential and Secondary Hypertension 

Hypertension has been classified into two major groups: primary hypertension, commonly 

known as essential hypertension and secondary hypertension. Secondary hypertension, as the 

name suggests, is due to a pre-existing condition. It can result from a number of disorders 

including obstructive sleep apnoea, aldosteronism, artery stenosis, renal parenchymal disease, 

excess catecholamines, coarctation of the aorta, Cushing's syndrome, excess erythropoietin 

and endocrine disorders.16 

 

Hypertension has also been classified based on its mode of inheritance. Essential, or primary 

hypertension, is classified as polygenic, and is thought to be due to the influence of many 

genes, most of them with small, cumulative effects. Hypertension which is due to a single gene 

defect is known as Mendelian hypertension or monogenic hypertension. Liddle’s Syndrome, 

glucocorticoid-remediable aldosteronism, apparent mineralocorticoid excess and Gordon’s 

Syndrome (pseudohypoaldosteronism type II) are all classified as monogenic hypertension 

disorders. What these monogenic disorders have in common is a single genetic defect in a key 

player in the kidney salt/water regulatory pathways. All of these conditions lead to salt-

sensitive hypertension. Conversely, EH occurs as a result of an intricate interaction of a 
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number of genes and environmental factors without a preceding disease.17 Ninety five percent 

of persons diagnosed with hypertension fall into the EH category.18 The high prevalence of EH, 

coupled with its unknown aetiology, make EH the focus of most hypertension research. 

 

2.1.3 Stages of Essential Hypertension 

Hypertension can be divided into three stages, each indicating a progression from least 

hypertensive to most hypertensive.1 Each stage requires differential treatment and must be 

considered by practitioners during diagnosis. The three stages are:  

 

• Prehypertension. This stage is indicated by blood pressures in the range 120-139/80-89 

mmHg. Though this stage does not require medication, patients in this stage are at high 

risk of developing hypertension and are recommended to control their diet and are 

encouraged to exercise in order to prevent progression. 

• Stage 1 Hypertension. This stage is indicated by blood pressures in the range 140-159/90-

99 mmHg. This stage usually requires one type of anti-hypertensive medication for the 

patient to control blood pressure, as typically this is sufficient to lower blood pressure to 

normal levels. Different types of anti-hypertensive medication may be tested for patients 

in order to determine which single medication will be most effective in controlling their 

condition. Other cardiovascular conditions may complicate dosing; therefore medication 

must be determined on an individual basis. 

• Stage 2 Hypertension. This stage is indicated by blood pressure above 160/100 mmHg. 

This stage usually requires multiple anti-hypertensive medications given simultaneously as 

a regimen. Depending on patient medical history, the medications included in the 

regimen may differ. For instance, some combinations of anti-hypertensive medications 

may be contra-indicated for diabetics, or for patients who have experienced 

cardiovascular events (such as heart attacks) or that have a history of renal disorders.  
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Before 1997, blood pressure was classified into categories as either optimal, normal, high-

normal, or hypertensive, with hypertension divided into three stages (1, 2, 3), while after 1997, 

stages 2 and 3 were combined into one stage (Stage 2 Hypertension) because their treatment 

is not substantially different, as shown in Table 1.1 

 

Table 1 - Changes in Blood Pressure Classification1 

 

 

2.2 Pathophysiology and Aetiology of Essential Hypertension 

EH is a complex quantitative disease influenced by both genetic and environmental factors, 

and which may involve gene-gene and gene-environment interactions19. The environmental 

factors that contribute to increased blood pressure have been relatively well-characterised, 

and include stress, high salt intake, and alcohol consumption. Nevertheless, environmental 

factors cannot explain the development of EH alone, and many epidemiological studies 

suggest that genetic factors account for 30-60% of the variation in blood pressure in various 

populations.20, 21 Additionally, EH is about twice as common in individuals who have one or two 

hypertensive parents,20 further supporting the role of genetic predisposition in EH 

development and progression. However, the genetic aetiology of EH has proven difficult to 

determine. Despite the fact that defects in single genetic factors can cause hypertension in 
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some monogenic disorders, no single genetic factor has thus far explained a substantial 

proportion of the EH variance. The aetiology of hypertension is therefore a complex 

interaction of a few well-known environmental factors and multiple, largely unknown genetic 

factors of small individual effects. 

 

2.2.1 Demographic Risk Factors 

Like most complex diseases, the demographic factors of age, sex and ethnicity contribute to 

variation in blood pressure. There is a well-documented trend of increasing BP with increasing 

age, specifically an increase in diastolic BP until age 55 to 60 years while systolic BP increases 

throughout life.22 Thus EH prevalence increases with age.23 There is a higher percentage of 

hypertensives among men than among women and it is thought to be due the protective 

effects of oestrogen. This is suggested by the fact that postmenopausal women have an 

increased prevalence of hypertension,24 thus diminishing the difference between men and 

women.  

 

Hypertension prevalence also differs by country. A 2004 study of worldwide hypertension 

prevalence found that age-adjusted hypertension prevalence ranged from 5.5% in rural North 

India (3.5% in males, 7.5% in females) to approximately 55% in Germany (55.4% in males and 

56.6% in females).25 Data from the World Health Organisation on age-standardised worldwide 

prevalence of raised blood pressure also shows wide ranging prevalences across different 

countries, for both males and females (Figure 2 and Figure 3).26 
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Figure 2 - WHO World Map of Age-Standardised Prevalence of Raised BP (Males)26 

 

 

Figure 3 - WHO World Map of Age-Standardised Prevalence of Raised BP (Females)26 
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Even within countries, hypertension prevalence differs by ethnicity. A 2000 study of US 

hypertension prevalence found hypertension prevalence of 32.4% in African Americans 

compared with 23.3 % in Caucasian Americans and 22.6% in Mexican Americans.22 Although 

this effect may be somewhat confounded by socio-economic status, as socio-economic status 

has been inversely correlated to hypertension prevalence and mortality rates,22 most 

epidemiological studies agree that ethnicity is an important factor in hypertension 

susceptibility. These key demographic factors are important in any consideration of 

hypertension epidemiology, to avoid confounding in analyses of other risk factors such as 

hypertension candidate genes. 

 

2.2.2 Clinical Risk Factors 

In addition to demographic factors such as age and sex, two clinical factors are thought to 

contribute substantially to variation in BP: obesity and insulin resistance. First, the link 

between obesity and hypertension has been well-characterised, with a clear-cut trend 

between increasing body weight/fat and increasing blood pressure. The Framingham study 

estimated that an increase of 6.5 mmHg in systolic BP results from each 10% increase in 

weight.22 There is also a clear trend between high body mass index (BMI) and high BP, most 

probably due to the increase in blood volume and cardiac output observed in overweight and 

obese patients.22 This relationship is confirmed by the fact that weight loss decreases BP in 

patients of all weight ranges.  

 

Second, insulin resistance and the resulting hyperinsulinemia appear to have an independent 

effect on BP, though mechanisms are less clear. One study found that a drop in insulin levels in 

response to an exercise regimen in overweight women was associated with a decrease in BP, 

independent of weight loss or gain during the study period.22 Another study has shown that 

non-obese hypertensive patients had lower glucose disposal mediated by insulin (i.e. increased 
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insulin resistance) compared to normotensives.27 Furthermore, insulin is known to stimulate 

the sympathetic nervous system, increase water and sodium retention by the kidney, and 

induce vascular smooth muscle hypertrophy.22, 27 However, the mechanisms by which this can 

influence hypertension development are still under investigation, and is complicated by the 

fact that a clear relationship exists between obesity, insulin resistance and hypertension, 

termed “metabolic syndrome” or “syndrome X”.22 In this syndrome, obesity is observed as 

being co-morbid with, as well as a highly significant risk factor for, the development of insulin 

resistance, adult-onset diabetes mellitus, dyslipidaemia, and hypertension.  

 

2.2.3 Lifestyle Risk Factors 

Hypertension development can also be massively influenced by environmental and lifestyle 

factors such as alcohol intake, diet, exercise level, and stress levels. First, high alcohol intake 

has been associated with high blood pressure independent of other hypertension risk factors 

like obesity, even showing an additive effect in combination with factors like age, obesity, or 

high salt intake.28 This effect is not related to the type of alcoholic drink consumed and is 

related instead to overall quantity of alcohol, a clinical study showing that cessation of drinking 

alcohol in former drinkers lowered blood pressure 4-5 mmHg in days.28, 29 Though the 

correlation between high alcohol intake and increased hypertension prevalence has been 

demonstrated undeniably, the mechanisms by which alcohol causes hypertension are still 

under investigation.29 

 

Second, a number of diet-related conditions have been linked to alterations in BP, including 

sodium, potassium, calcium, fibre, and dairy intake. The most well-known of diet-related risk 

factors is high sodium intake, which has shown a highly consistent relationship to increased BP 

through water retention. Clinical trials have shown that reducing sodium levels in the diet 

(usually through reduction of added table or cooking salt to food) are able to significantly 
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lower BP in hypertensive patients.28 However, a diet low in potassium, calcium, and fibre has 

also been linked to raised blood pressure, as studies have shown that adopting a diet rich in 

fruits and vegetables and low-fat dairy products has the ability to reduce BP. The Dietary 

Approaches to Stop Hypertension (DASH) trial showed a decrease of 11.4 mmHg systolic BP 

and 5.5 mmHg diastolic BP in hypertensives on such a diet, compared to those on a standard 

diet.28  

 

Third, exercise level is known to have an effect on BP, as patients with a sedentary lifestyle 

have higher prevalence of hypertension, independently of obesity or sodium intake. Clinical 

trials have shown that short periods of moderate exercise lower systolic BP by 4-8 mmHg and 

that a decrease in BP can be seen in both normotensive and hypertensive participants.28 

Weight loss and exercise have also been shown to increase response to antihypertensive drug 

therapy, independent of dietary modifications or obesity status,28 though it is not entirely clear 

whether the mechanism is related to weight loss or to other exercise-related factors. 

 

Lastly, stress is known to contribute to elevated blood pressure by stimulation of the nervous 

system and through production of adrenaline, which causes both vasoconstriction and 

elevated heart-rate.22, 30 The effect of stress is well-documented in the example of the “white-

coat” hypertension, in which the anxiety caused by being in a clinical setting elevates the blood 

pressure when measured in that setting, though not in other settings.31 The effect of stress on 

elevating blood pressure is further highlighted by studies which show that stress-reduction 

treatments have a secondary effect on BP reduction, including both pharmacologic and non-

pharmacologic stress treatments such as meditation.31 

 



17 
 

2.2.4 Genetic Risk Factors 

Demographic, clinical, and lifestyle risk factors for hypertension, though not completely 

understood, are relatively well-characterised compared with the genetic risk factors which 

have been estimated to comprise 30-60% of the variation in BP, due to relatively small effect 

on BP of individual genes. Research into the genetic aetiology of EH has traditionally examined 

the physiological mechanisms that maintain normal blood pressure (Figure 4), as disruption of 

these mechanisms may play a part in the development of EH.15  

 

 

Figure 4 - Systems Involved in BP Regulation32 (SNS – Sympathetic nervous system) 

 

Maintenance of normal blood pressure is dependent on the balance between the cardiac 

output and the total peripheral resistance.33 Most individuals with essential hypertension have 

a normal cardiac output but raised TPR, thought to be caused by thickening of the arteriolar 
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vessel walls due to prolonged smooth muscle constriction.34 Dysregulation or disruption of 

blood pressure regulation systems that act on blood vessel constriction therefore has the 

potential to increase TPR and blood pressure, causing hypertension. These systems, which 

include the renin-angiotensin-aldosterone system (RAAS), the sympathetic nervous system 

(SNS), and the action of both systemic and local (endothelial) vasoactive substances, are 

among the most thoroughly studied in hypertension pathophysiology. 

 

2.2.5 Renin-Angiotensin-Aldosterone System 

RAAS may be the most important of the systems that modulate blood pressure.35 It influences 

arterial pressure by both increasing TPR, by vasoconstriction, and increasing cardiac output, by 

means of increased heart rate and blood volume. The renin-angiotensin system is composed of 

a series of enzymatic processes in the resulting in the production and release of the active end 

products angiotensin II and aldosterone (Figure 5).36 These processes commence with the 

generation of renin, a proteolytic enzyme, from its precursor prorenin. Prorenin is cleaved by 

trypsin to form renin, released from the kidneys, which then converts angiotensinogen 

(formed by the liver and present in excess in the body) to angiotensin I. Angiotensin I is an 

intermediary peptide (an inactive substance), which is converted by angiotensin converting 

enzyme (ACE) in the lungs to angiotensin II.8, 37 Angiotensin II then acts upon a number of 

different tissues or target organs to effect an increase in blood pressure.  
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Figure 5 - Schematic of Renin-Angiotensin System36 
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Firstly, angiotensin II stimulates the sympathetic nervous system via activation of adrenergic 

receptors. These receptors, located in heart tissue and smooth muscles, are stimulated by the 

adrenaline and noradrenaline. In the presence of angiotensin II, noradrenaline release is increased 

significantly, while its re-uptake is simultaneously hampered. This causes a longer activation of the 

β1 adrenoceptors in heart tissue, leading to increased heart rate.38, 39 An increase in heart rate 

results in increased cardiac output and thus increases blood pressure.  

 

Secondly, angiotensin II acts on smooth muscle cells that surround the endothelium of blood vessels, 

causing vasoconstriction when it binds to the angiotensin-1 (AT1) receptors present in arterioles.35 

This action has two effects: a) at a systemic level, it increases the cumulative resistance of arterioles 

to blood flow by decreasing the diameter of arterioles, and b) at the renal level, it decreases the flow 

of blood intro the kidney, increasing reabsorption of water and salts into the body.  

 

Thirdly, angiotensin II acts on both the adrenal gland cortex and pituitary gland to further increase 

salt and water retention by the kidney further. Angiotensin II causes aldosterone release from the 

adrenal cortex, causing the kidney to re-uptake salt,38 while in the pituitary gland, angiotensin II 

causes release of anti-diuretic hormone (ADH, also known as vasopressin), which increases the 

permeability of the nephron to water, increasing water reabsorption.8, 38 Both these mechanisms 

cause an increase in blood volume through water retention and thus increase cardiac output, 

ultimately leading to an increase in blood pressure. 

 

Angiotensin II therefore appears to be heavily involved in all three mechanisms by which arterial 

pressure is increased: increasing heart rate, increasing blood volume, and increasing vascular 

resistance.38 The regulation of angiotensin II levels through the RAAS cascade is therefore of the 

utmost importance in normal regulation of blood pressure, which is dependent on the enzymes 

involved in the RAAS cascade, most importantly, renin and ACE.  
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Renin is secreted from the juxtaglomerular (JG) apparatus of the kidney or in response to stimulation 

from the sympathetic nervous system.40 Renin is released or inhibited in response to alterations in 

arteriole pressure and salt concentration, with a view to maintaining homeostatic blood pressure 

levels. Reduction in arteriole pressure causes renin release, whereas increased pressure inhibits 

renin release. Renin can also be released via sympathetic nerve stimulation of the β1-adrenoceptors 

located on the JG cells.38 The cells adjacent to JG cells (the macula densa) sense the amount of 

sodium and chloride ions and inhibit renin release when sodium chloride is elevated, while 

stimulating renin release when NaCl is low. There is also evidence that NaCl levels influence renin 

release through prostaglandin (PGE2 and PGI2) stimulation.38 

 

ACE is secreted from the lungs and kidneys and is a circulating enzyme readily available for 

conversion of angiotensin I to angiotensin II in the lungs, increasing blood pressure both by 

generation of angiotensin II and by repressing bradykinin, the most potent vasodilator in the body.41 

Both ACE activity and ACE levels are determined by genetic expression, and while levels of ACE are 

not affected by blood pressure changes, ACE activity is reduced through the competitive binding and 

degradation of ACE’s substrate angiotensin I by an alternative version of ACE designated ACE2.42 This 

decreases the amount of available angiotensin I for ACE to convert, and thus has a vasodilatory 

effect. ACE is also known to be inhibited by various substances, most of which comprise the ACE-

inhibiting drugs used in the treatment of hypertension. The release and inhibition both renin and 

ACE therefore have a profound impact on blood pressure regulation, and these enzymes have been 

considered good targets for the development of antihypertensive drugs. 

 

Lastly, while the systemic RAAS is highly implicated in hypertension due to its role in normal BP 

regulation, recent findings have cast doubt on its importance in hypertension development. Newer 

research has focused on the intrarenal RAAS, where intrarenal angiotensin II may be formed by a 

non-classical RAAS pathway, with prorenin receptors and chymase playing a large role.39 All RAAS 
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components are present in the kidney, such as angiotensinogen in the proximal tubule and renin in 

the collecting duct, and tubular AT1 receptors have been shown to be increased by intrarenal 

angiotensin II.39 These studies suggest that a new theory of hypertension development may focus on 

local RAAS pathways in the kidney.37, 39 

 

2.2.6 Sympathetic Nervous System 

The sympathetic nervous system (SNS), which, along with the parasympathetic nervous system 

(PNS), comprises the autonomic nervous system, plays a critical part in blood pressure regulation. 

SNS stimulation can cause both arteriolar constriction and dilation. Thus, the SNS has an important 

role in affecting blood pressure. It is also important in the mediation of short-term changes in blood 

pressure in response to stress and physical exercise, which has implications for hypertension 

treatment.43, 44 SNS overactivity may be implicated in hypertension development as it has been 

found in hypertensive patients.37 

 

The SNS together with the PNS acts in tandem to maintain homeostasis, and are sometimes 

summarised as the ‘flight or fight’ response and the ‘rest and digest’ response, respectively. This is 

because SNS activation results in an arousal and generation of energy, taking vital nutrients such as 

oxygen and energy (via blood flow) to the skin, skeletal muscles, and heart. PNS activation, on the 

other hand, diverts blood flow to the digestive system and calms SNS nerve activation to a resting 

state. The SNS is therefore important in the mediation of short-term changes in blood pressure in 

response to stress and physical exercise.8, 44  

 

The mechanism by which SNS stimulation causes this increase in blood pressure is both by increased 

heart rate and arteriolar constriction.8 The sympathetic nervous system activates adrenergic 

receptors located by binding of catecholamines (adrenaline and noradrenaline) in most organ 

systems around the body. Noradrenaline, which is released by the sympathetic postganglionic nerve 
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fibres, has a major effect on the heart and vascular structures. It stimulates the β1 adrenergic 

receptors in the cardiovascular system, resulting in increased heart rate.45 The α1 and α2 receptors 

are located in smooth muscle, such as that surrounding arterioles, and binding of the same 

catecholamine agonists to these receptors stimulates smooth muscle contraction, resulting in 

vasoconstriction of arterioles. This decreases arteriole diameter resulting in higher vascular 

resistance, contributing to an increase in blood pressure. Inhibition of SNS stimulation has the 

opposite effect on blood pressure, with inhibition of smooth muscle-mediated vasoconstriction.  

 

SNS regulation of BP is itself controlled via pressure-detecting baroreceptors in the heart, carotid 

sinuses, and aortic arch, which are connected to a part of the brainstem which stimulates the caudal 

part of the medulla in the brain. Stimulation of the caudal medulla inhibits the rostral ventrolateral 

medulla, the part of the brain that controls sympathetic stimulation and therefore SNS-mediated 

vasoconstriction and heart rate elevation.46 A rise in blood pressure detected by the baroreceptors 

therefore stimulates the caudal medulla, causing inhibition of the rostral medulla and thus 

decreasing sympathetic activity. This causes a corresponding drop in blood pressure to maintain 

homeostasis. On the other hand, a drop in blood pressure detected by these baroreceptors fails to 

stimulate the caudal medulla, abrogating its rostral medulla inhibition. This allows the rostral 

medulla to stimulate the sympathetic nervous system, resulting in a corresponding rise in blood 

pressure.46 

 

SNS overactivity has been implicated in hypertension development. A number of studies have 

demonstrated that hypertensive patients displayed evidence of an activated SNS, including higher 

basal heart rate and increased blood pressure in response to stimuli.37 This overactivity usually 

results from an elevated drive from brain centres, including increased hypothalamic response,37 

faulty baroreceptor autoregulation,37 and amplification of neurotransmitter signals at the target 

tissue.47, 48 One theory of the pathogenesis of essential hypertension is the ‘adrenaline hypothesis’, 
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which states that stress-induced adrenaline release results in the overstimulation of the SNS, leading 

to blood pressure upregulation and the development of arterial hypertension.30 This is supported by 

the finding that prolonged release of noradrenaline elicits the release of adrenaline, which may then 

be released with noradrenaline as a cotransmitter. This facilitates further release of noradrenaline 

and increases the amount of noradrenaline released per nerve impulse, resulting in SNS 

overstimulation.30 In addition, experimental stimulation of several areas in the central nervous 

system (CNS) such as the medulla and vasomotor centre has been shown to alter blood pressure.49 

 

However, isolated SNS overstimulation may not be sufficient to induce hypertension. It is thought 

that interaction between SNS regulation and RAAS together may influence hypertension 

development greater than either system alone.50-52 Furthermore, renal sympathetic nerve activity is 

being increasingly investigated for its ability to decrease renal function and lead to a long-term SNS 

arterial blood pressure upregulation.50 

 

2.2.7 Vasoactive Substances and Endothelial Dysfunction 

Vasoactive substances are chemicals or hormones that cause dilation or constriction of the vascular 

system. These have potent ability to regulate blood pressure by controlling vessel diameter and 

elasticity, altering vascular resistance. Some vasoactive substances have already been mentioned 

above, such as noradrenaline, adrenaline, bradykinin, and prostaglandin. Vasoactive substances may 

be produced and act systemically, being released into the bloodstream from a specific organ (for 

instance, the adrenal glands release adrenaline). They may also be produced and act locally, being 

released by endothelial cells (for instance, local production of endothelin) (Figure 6).8  
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Figure 6 - Schematic of the Vasoactive Substances8 

 

One important systemic vasoactive substance includes bradykinin, which is a potent vasodilator.41 

Bradykinin is a nonapeptide product of the kinin-kallikrein system, which is heavily involved in 

coagulation, inflammation, and blood pressure control. Cleavage of bradykinin’s kininogen precursor 

protein by the enzyme kallikrein results in bradykinin generation. Bradykinin acts on the bradykinin-1 

and -2 (B1 and B2) receptors to cause vasodilation. The B2 receptor forms a complex with ACE, 

which has implicated bradykinin in ‘cross-talk’ mechanisms between RAAS and the kinin-kallikrein 

system. Additionally, bradykinin is also inactivated by ACE; however, further research is needed to 

understand the exact interactions between bradykinin and other mechanisms of blood pressure 

regulation.41  
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Another important blood pressure regulatory substance is atrial natriuretic peptide (ANP). ANP is a 

hormone secreted by myocytes of the heart in response to stretching, which is usually the result of 

increased blood volume.53 ANP modulates fluid and electrolyte balance by increasing sodium and 

water excretion from the kidney through the specific binding to a cell surface receptor, termed type 

A natriuretic peptide receptor.54 This causes reduction in blood volume (easing heart stretching) and 

lowering blood pressure.8, 54 Fluid retention followed by hypertension can result if this system is 

defective.  

 

Local vasoactive substances may also regulate blood pressure in combination with systemic 

regulators of the vasculature. Vascular endothelial cells play an important role by producing a 

number of potent local vasoactive agents such as nitric oxide (NO), which is a vasodilator, and 

endothelin, which is a vasoconstrictor.55 

 

NO is a chemical compound produced by endothelial cells in a continual release at a basal rate.56 It 

helps regulate blood pressure by causing smooth muscle relaxation around endothelial cells where it 

is secreted (vasodilation). It performs this regulation by stimulating a cascade that results in a 

decrease in sarcoplasmic reticulum calcium concentration (necessary for muscle contraction).57 It 

may also interact with the RAAS to antagonise the vasoconstrictive effects of angiotensin II to 

modulate blood pressure.56, 57 Additionally, NO reduces generation of endothelial-damaging oxygen 

free radicals, but paradoxically causes endothelial damage if it reacts with superoxides to form 

peroxynitrite.57  

 

Contrary to NO, which is a vasodilator, endothelin (also produced by local endothelial secretion) is a 

potent vasoconstrictor. In fact, endothelin is the most powerful vascular endothelial 

vasoconstrictor,58 which produces a salt-sensitive rise in blood pressure. Endothelin acts by binding 

two receptors termed ETA and ETB, which act in an opposite mechanism to NO by increasing the 
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calcium levels in smooth muscle cells surrounding blood vessels.56 It also activates local renin-

angiotensin systems. This causes a vasoconstrictive effect, raising blood pressure. However, 

endothelin’s effects may be abrogated by the stimulation of NO release from endothelial cells. 

Endothelin may therefore be seen as the ‘natural counterpart’ to NO, achieving a balance of 

endothelium-derived blood pressure regulation factors.56  

 

The dysregulation of vasoactive substances is thought to be involved in the development of 

hypertension as changes in vascular structure and function can increase peripheral resistance. These 

changes include arterial wall thickening and abnormal vascular tone, and are due to alterations in 

the biology of the cellular and non-cellular components of the arterial wall.16 For instance, 

dysregulation of NO synthases (NOS), a family of enzymes that convert the amino acid L-arginine to 

L-citrulline and produce NO, may result in a disturbance of the NO-endothelin blood pressure 

regulatory balance.57  

 

Many other disturbances in normally secreted endothelial vasoactive substances can impact blood 

pressure regulation, which can be seen in Figure 6. These may all interact to contribute to 

hypertension development through misregulation of blood pressure by endothelial dysfunction. It 

has been suggested that endothelial dysfunction is one of the primary events in hypertension and, as 

the disease progresses, becomes irreversible.8 Mechanisms that cause endothelial dysfunction are 

therefore of prime importance in investigations of hypertension aetiology. 

 

2.3 Hypertension Treatment 

Prevention is the most effective method of keeping blood pressure under control. In a population 

with high to normal blood pressure, a reduction in the risk of cardiovascular problems caused by 

hypertension can be achieved by lifestyle adjustments.59 Regular physical exercise and a low-fat and 

high-fibre diet can drastically reduce high blood pressure.28 Patient education on the risk associated 
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with hypertension, the prospect that a combination of medications might be required and focusing 

on achieving the lower blood pressure target is of utmost importance. Informed patients are more 

successful in adhering to treatment regimens.60 In addition to diet and lifestyle alterations, diuretics, 

β-blockers, ACE inhibitors, angiotensin-receptor blockers, calcium-channel blockers, α-blockers, 

vasodilators, and other drugs are used in the medical treatment of hypertension, and demonstrate 

reduced rates of cardiovascular events and mortality.28 

 

2.3.1 Diuretics 

Diuretics assist the kidneys in clearing excess salt and water. They are the core of anti-hypertensive 

therapy and are most of the time the first drug prescribed for the majority of hypertensive 

sufferers.61 Diuretics are also especially helpful for treating the elderly, heart failure patients and 

patients with isolated systolic hypertension. They also seem to be effective for patients with 

diabetes.62 The Anti-hypertensive and Lipid Lowering Trial To Prevent Heart Attack Trial (ALLHAT), a 

major long-term study, has suggested that diuretics work just as well as newer drugs in lowering 

blood pressure and are more effective in preventing heart failure, heart attack, and stroke.62  

 

The three main types of diuretics include thiazide diuretics, potassium-sparing diuretics and loop 

diuretics with loop diuretics acting much faster than the other diuretics. Loop and thiazide diuretics 

have a propensity to deplete potassium levels in the body and might therefore be responsible for 

increasing arrhythmia episodes. Hence patients who have a history of arrhythmia are usually 

prescribed potassium-sparing diuretics either alone or in combination with a thiazide diuretic. In 

cases where patients have to be on loop diuretics, they are also prescribed potassium 

supplements.61, 63 

 

Potassium-sparing diuretics have their own risks, specifically for patients with high levels of 

potassium. These patients, either suffering from kidney damage or with naturally high levels of 



29 
 

potassium, are at high risk of adverse events if prescribed these drugs. Increased blood sugar levels, 

erectile dysfunction and elevate uric acid levels leading to gout have been associated with thiazide 

diuretics. However, all things being considered, the three types of diuretics have more advantages in 

successful hypertension management than disadvantages from adverse effects.61, 63 

 

2.3.2 β-blockers 

β-blockers are usually prescribed to treat hypertension in patients with angina, previous heart 

attack, heart failure, arrhythmias with fast heart rates or migraine,61 and are classified as non-

selective or selective. β-blockers facilitate lowering blood pressure by blocking β-receptors in the 

heart and thereby decreasing the heart rate. Angiotensin converting enzyme inhibitors and diuretics 

are usually used in combination with β-blockers. However, β-blockers must be prescribed with 

caution, as β-blockers can mask signs of hypoglycaemia in diabetic patients and also reduce high 

density lipoprotein.64 Additionally, non-selective β-blockers may sometimes narrow bronchial 

airways and are contraindicated in patients with asthma, emphysema, or chronic bronchitis. 

Moreover, the sudden withdrawal of β-blockers can rapidly increase heart rate and blood pressure 

and potentially cause angina or heart attack. 

 

2.3.3 Angiotensin Converting Enzyme Inhibitors 

Angiotensin-converting enzyme inhibitors inhibit ACE in the RAAS pathway, decreasing conversion of 

angiotensin I to angiotensin II. Decrease in angiotensin II levels decreases blood pressure by 

preventing constriction of blood vessels. They not only aid in reducing high blood pressure but can 

also assist in protecting the heart and kidneys and are usually prescribed to treat hypertension in 

patients with heart failure or having a history of heart attack, left ventricular enlargement, kidney 

problems and diabetes. Diabetics and heart failure patients are the ones who benefit mostly from 

ACE inhibitors. The ALLHAT study reported that patients with diabetes who were on ACE inhibitors 
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had fewer heart attacks and reduced mortality rates than patients who were on other anti-

hypertensive medications. ACE inhibitors may also help slow progression of kidney disease, in 

addition to controlling blood pressure.62 

 

However, ACE inhibitors have a number of side effects, with hypotension and irritating cough being 

the main ones. These can be severe in some patients, especially at the start of therapy. ACE 

inhibitors have also been reported to be teratogenic and are contraindicated during pregnancy. 

While it has long been known that these drugs can cause problems in the second and third trimester, 

a recent study indicated that ACE inhibitors can also cause major heart birth defects when taken 

during the first trimester.65 

 

2.3.4 Angiotensin Receptor Blockers 

Angiotensin receptor blockers (ARBs) help reduce blood pressure by dilating blood vessels and are 

very similar to ACE inhibitors. ARBs exhibit fewer side effects than ACE inhibitors and are sometimes 

prescribed as a substitute to ACE inhibitors. In general they are prescribed to patients who cannot 

tolerate or are unresponsive to ACE inhibitors. Some common side effects of ARBs include dizziness 

and light-headedness, raised potassium levels, drowsiness and nasal congestion.66 

 

2.3.5 Calcium Channel Blockers 

Calcium channel blockers (CCBs), also known as calcium antagonists, act both on cardiac tissue and 

vascular smooth muscles. They work by blocking voltage-gated calcium channels and thus prevent 

the increase of calcium in those tissues. In cardiac tissues, a decrease of calcium directly results in a 

decrease of the force of contraction of the heart and thus decreases blood pressure. A decrease in 

calcium also relaxes the smooth muscles surrounding blood vessels, helping them to dilate thus 

reducing peripheral resistance which in turn causes a decrease in blood pressure. CCBs are 
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contraindicated in cases of renal or hepatic impairment, bradycardia and unstable angina. Some 

common side effects of CCBs include constipation, swollen feet, erectile dysfunction and fatigue.64 

 

2.3.6 Other Drugs 

Some other classes of antihypertensive drugs include α-blockers and vasodilators. α-blockers help 

dilate small blood vessels. They are rarely prescribed on their own and are usually part of a regimen. 

Vasodilators also help dilate blood vessels by relaxing the smooth muscles surrounding blood 

vessels. Similar to α-blockers, vasodilators are also prescribed in combination with other 

antihypertensive drugs such as a diuretic or a β-blocker. The latest addition to the classes of 

antihypertensive drugs is renin inhibitors. As the name suggests, they inhibit the activity of renin in 

RAAS, causing a decrease of angiotensin I and therefore a reduction of angiotensin II leading to a 

decrease in blood pressure.67 

 

2.3.7 Renal Sympathetic Denervation 

In addition to antihypertensive drugs, a more recently developed method for hypertension 

treatment is to use surgical intervention on the nervous system to moderate BP, especially for drug-

resistant hypertension.68 One of the most promising surgical treatments is the deactivation of renal 

sympathetic nerves, which are known to undergo sustained activation in hypertensives.69 

Overactivation of these nerves has the potential to affect renal structures and thus water and 

sodium reabsorption, as well as stimulating renin release, increasing BP.69 Ablation of the renal 

nerves by surgical ligation or by application of phenol has been previously used in animal models as 

an experimental method of investigating hypertension,69 but the efficacy of the procedure in 

reducing BP in these models led to the adaption of the procedure for treatment of human 

hypertension. The method which has been recently trialled uses radio frequency energy, delivered 

to the renal artery by means of a novel treatment catheter (Symplicity Ardian, Mountain View, CA) 
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containing an electrode at the tip.69 This has been shown to result in sustained BP decrease,68 

though the exact mechanism by which the treatment operates is not completely understood and the 

long term efficacy of the procedure still needs time to be evaluated. 

 

2.3.8 Hypertension Vaccines 

Another promising development in hypertension treatment is the generation of viable hypertension 

vaccines through the use of immunoreactive substances chemically linked to desired BP regulation 

targets. This avenue of research has been investigated as early as the 1950s, with the attempt to 

induce antibodies against renin by injection of purified hog renin into humans and model animals.70 

Though unsuccessful, vaccine research into two other targets from the RAAS pathway, angiotensin I 

and II, have shown some success in reducing blood pressure and are currently in clinical trials. The 

two vaccines showing promise to these targets are PMD3117, consisting of an angiotensin I analogue 

covalently linked to keyhole limpet haemocyanin, and CYT006-AngQb, consisting of angiotensin II 

linked to recombinant virus-like particles.71 Trial findings have shown that although both vaccines do 

successfully induce antibodies against their targets, the effect on BP is only (BP reduction < 10 

mmHg) transient, and largely affected by adjuvant therapies, including anti-hypertensive 

medication.70, 71 Figure 7 shows a schematic diagram of the the common medication and vaccines 

and their targets in the RAAS system. 
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Figure 7 - Schematic of the Classic RAAS with Common Oral Medication and Vaccines70 

 

The target of angiotensin II, the AT1 receptor, has also been recently targeted by the vaccine 

ATR12181 in animal trials, with seemingly greater success in reducing BP (systolic BP decrease of 17 

mmHg) than the PMD3117 and CYT006-AngQb vaccines. However, safety is an important issue 

surrounding all hypertension vaccines since the renin vaccine trials resulted in severe immunological 

disease in some animal models.70 Though none of these vaccine have thus far stimulated immune 

disease in animal models, more trials and testing are required, especially as virus-like-particles are 

used in the CYT006-AngQb and ATR12181 vaccines. Further research is also required to determine 

the effect that vaccine-mediated abrogation of these targets will have on the rest of the BP 

regulation systems and on the body as a whole. 
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Chapter 3  

Genetic Background 
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3.1 Background of Hypertension Genetics 

The influence of genetics in hypertension has been long-known and researched, even before the 

concept of genes and DNA was known. The hereditary nature of cardiovascular disease was 

observed and investigated in the late 1800s, through families which showed a peculiarly high 

frequency of apoplexy (stroke) and hard pulse (high blood pressure).72 When the nature of essential 

hypertension—high blood pressure in the absence of kidney disease, first proposed by Dr Frederick 

Akbar Mahomed in the 1870s73—was thoroughly described in the early 1900s, researchers 

continually noted both the evident hereditary nature of the newly described EH, with high frequency 

of the disease in immediate family members, and the association of EH with mortality from 

cardiovascular disease. By the 1930s, researchers had begun to scientifically approach the study of 

hypertension families, including a large clinical trial in which 277 families (parents and children) in 

both hypertensive and normotensive families were statistically analysed by frequency.72  

 

As statistical methods for analysing inheritance were refined, the family and twin studies 

investigating the genetics of essential hypertension increased dramatically, and heritability of EH 

was estimated to be approximately 20% in early studies, and approximately 30-60% in more recent 

studies.10, 11 The Framingham Heart Study, which begun collecting data on a large cohort of families 

in Framingham, Massachusetts, USA, from 1948 and which has continued to the present day through 

three generations, has estimated heritability of long-term systolic BP as 57% and long-term diastolic 

BP as 56%.11 Though some single-gene disorders were known to result in hypertension (secondary or 

Mendelian hypertension), debate about whether the genetic component of EH could be attributed 

to a single genetic factor or to multiple genetic factors resolved into a consensus by the 1960s that 

EH was a continuous quantitative trait influenced by multiple genetic factors altering multiple 

biochemical pathways.74  
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Attempts to identify the genetic factors underlying EH have taken the form of many different study 

types and designs. Early studies examined the biochemical pathways interrupted in monogenic 

disorders that resulted in hypertension, such as Liddle’s syndrome, Gordon’s syndrome, 

glucocorticoid-remediable aldosteronism, and apparent mineralocorticoid excess, with the 

hypothesis that some of the genetic factors involved in these disorders may also contribute to EH 

pathogenesis. Genetic linkage studies were also employed early on to identify markers that 

segregate amongst affected family members and to identify chromosomal regions and quantitative 

trait loci (QTL) in linkage with EH. Since the development of EH animal models (particularly the 

spontaneously hypertensive rat model), linkage studies have been used to examine QTLs in both 

human families and in animal models.75 

 

 Candidate gene studies have also been used, focusing on key blood pressure regulation systems, 

such as the renin-angiotensin-aldosterone system, sodium transport and blood volume regulation, 

adrenergic receptor involvement, and vascular-related pathways. In the last five years, genome-wide 

association studies, which examine thousands of genetic markers across the genome simultaneously, 

have become increasingly used with the availability of SNP arrays that reduce the time and cost for 

GWAS. Although replication of hypertension-associated genes and regions has sometimes been 

difficult due to the presumed small effect sizes of each genetic factor and complications from 

multiple non-genetic confounding factors,76 all these study methods have exhibited some success in 

identifying putative hypertension susceptibility genes or regions.  

 

3.2 Mendelian Forms of Hypertension 

While EH is today considered to be a continuous trait influenced by multiple genetic factors, some 

monogenic disorders are known to result in hypertension by altering a single gene within key 

biochemical pathways.  Early studies in hypertension examined individuals with such disorders in 

order to identify the key pathways involved—almost always involving dysregulation of sodium and 
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water absorption in the kidneys, leading to elevated BP through increased blood volume. In some 

cases, this has been pinpointed to overstimulation of aldosterone receptors in the kidneys, either by 

overexpression of aldosterone synthesis genes (as in glucocorticoid-remediable aldosteronism), or 

by abnormally-present cortisol, which should usually be degraded in the nephrons (as in apparent 

mineralocorticoid excess), or by molecules that are usually antagonists, but which bind due to 

mutations in the aldosterone receptor itself. In other cases, this has been pinpointed to abrogation 

of inhibitors of sodium channels, caused by either deletion of a repressor segment in a sodium 

channel subunit (Liddle’s syndrome) or by mutations in the genes coding for repressors themselves 

(Gordon’s syndrome). These monogenic disorders have been limited in their capacity to identify EH-

related genes overall, and many EH-associated genes do not play a role in monogenic forms of 

hypertension. However, the findings from studies into Mendelian forms of hypertension have 

successfully identified some EH-associated genes, specifically those with polymorphisms that have 

less severe effects on the gene function than in the Mendelian forms, but which still contribute to EH 

risk. 

 

3.2.1 Glucocorticoid-Remediable Aldosteronism 

Glucocorticoid-remediable aldosteronism (GRA) is an autosomal dominant form of monogenic 

hypertension that results from abnormal salt and water retention in the kidney tubules due to the 

presence of increased levels of aldosterone.77 The genes implicated in GRA are CYP11B1 (coding for 

the enzyme 11-hydroxylase) and CYP11B2 (coding for the enzyme aldosterone synthase, also known 

as 18-hydroxylase).17, 18 An incomplete crossover event causes the 5’ regulatory region of CYP11B1 to 

become fused with CYP11B2.17, 77 This fusion of the 11-hydroxylase regulatory region with the 

aldosterone synthase gene results in increased aldosterone synthase expression, as CYP11B2 

becomes inducible by the adrenocorticotropic hormone.17, 18, 77 The unusually high aldosterone 

synthase expression leads in turn to increased levels of aldosterone, which normally stimulates salt 

and water reabsorption by the kidneys, thereby elevating blood pressure abnormally.  
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These genes have since been investigated in human hypertensives and normotensives in candidate 

gene studies, which have examined multiple polymorphisms in the gene and particularly in the 

promoter region. Some studies have shown significant association of the CYP11B2 promoter 

polymorphism C-344T with EH in various populations.78 Polymorphisms such as C-344T in the 

promoter region of these genes may have the potential to cause upregulation in aldosterone 

synthase expression, contributing to raised BP in a similar manner to the monogenic disorder GRA, 

and continue to be investigated.  

 

3.2.2 Liddle’s Syndrome 

Liddle’s Syndrome is an autosomal dominant, early onset, salt-sensitive form of monogenic 

hypertension.79 It results from a dysfunction of epithelial sodium channels, which are usually present 

in the lung, kidney, intestine, and exocrine and sweat glands (all salt-transporting tissues) and 

function to maintain tissue osmolarity by controlling sodium concentrations.79 Dysregulation of the 

epithelial sodium channels (ENaC) can be caused by truncating or missense mutations in the SCNN1B 

gene, coding for the ENaC β-subunit, or the SCNN1G gene, coding for the ENaC γ-subunit.17, 18 These 

mutations delete the proline-rich domain that is usually the target of the ENaC repressor NEDD4.79 

The NEDD4 gene codes for a ubiquitin E3 ligase protein which downregulates active ENaC by binding 

the proline-rich domain and targeting the ENaC for degradation. Deletion of the NEDD4-binding site 

in either SCNN1B or SCNN1G prevents NEDD4 from downregulating ENaC levels, allowing them to 

remain constitutively active (gain-of-function), and thus resulting in an unusually high sodium 

reabsorption in the nephrons.17, 18, 79 This blood pressure dysregulation leads to severe hypertension 

in patients suffering from Liddle’s Syndrome. 

 

3.2.3 Apparent Mineralocorticoid Excess 

Apparent    mineralocorticoid   excess   (AME)   is    an   autosomal   recessive   form    of    monogenic 
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hypertension resulting from elevated concentrations of cortisol in the kidney. Ordinarily, 

aldosterone binds to mineralocorticoid receptors in the kidney to upregulate sodium-potassium 

channels and promote the reabsorption of sodium and water into the body from the filtrate.80, 81 The 

action of aldosterone therefore increases BP due to increased blood volume and is part of the RAAS 

BP regulation system. However, cortisol and other glucocorticoids may also bind to 

mineralocorticoid receptors in the kidney due to affinity for the receptors, which will similarly 

increase BP if not regulated. Cortisol is therefore usually inactivated when in the vicinity of 

mineralocorticoid receptors by its conversion to cortisone, catalysed by the co-localised isozyme 

hydroxysteroid 11-β dehydrogenase.17, 18, 81 Hydroxysteroid 11-β dehydrogenase is coded by the 

gene HSD11B2; in patients with AME, any one of multiple mutations in this gene (seen in Figure 8) 

causes a loss of hydroxysteroid 11-β dehydrogenase function, leading to accumulation of cortisol. 

The elevated cortisol levels then over-stimulate the renal mineralocorticoid receptors, resulting in 

abnormal water and sodium retention and increased BP.17, 18, 80  

 

Figure 8 – AME-Causing Mutations80 
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Studies examining urine cortisol levels in patients with essential hypertension have found a 

significantly higher level of urine cortisol in hypertensives compared with normotensives,82 leading 

support to the theory that common polymorphisms in HSD11B2 may contribute to EH susceptibility. 

Though microsatellite mapping in HSD11B2 showed association with EH in African Americans, and an 

expression study on HSD11B2 found significantly lower mRNA transcripts in hypertensives, 

association studies on polymorphisms and repeats in or close to HSD11B2 have not shown 

consistent associations with EH.83 It has been proposed that regulatory polymorphisms or epigenetic 

modification of the HSD11B2 promoter, rather than exonic missense or loss-of-function mutations, 

may prove to underlie the involvement of HSD11B2 in EH susceptibility.83 

 

3.2.4 Mineralocorticoid Receptor 

While AME is caused by improper binding of cortisol to mineralocorticoid receptors due to a lack of 

the cortisol-degrading enzyme hydroxysteroid 11-β dehydrogenase, another monogenic disorder 

arises from improper binding to mineralocorticoid receptors caused by mutations in the receptor 

gene NR3C2 itself. An amino acid substitution of serine to leucine at codon 810 has a profound effect 

on the mineralocorticoid receptor,18 due to the fact that the altered residue occurs in the ligand-

binding site and changes the folding of the receptor. This allows binding of compounds which are 

usually antagonists, as the receptor no longer requires the 21-hydroxyl group of aldosterone to 

activate the receptor.84 All steroids, including progesterone, are then able to stimulate the 

mineralocorticoid receptors in the kidney to promote the reabsorption of sodium and water.85 This 

leads to early onset hypertension which becomes increasingly severe during pregnancy (increased 

progesterone)18, 85 or upon treatment with the diuretic spironolactone.84 Other polymorphisms in 

this gene may have potential to influence EH development, and thus far two studies looking at a 

number of markers within NR3C2 have found an association with EH for one SNP (G538A) in a 

Spanish population86 and ten SNPs in a Korean population.87  
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3.2.5 Gordon’s Syndrome 

Gordon’s syndrome (pseudohypoaldosteronism type II) is an autosomal dominant form of 

monogenic hypertension, resulting from potassium-dependent sodium retention in the nephrons.88 

Patients with Gordon’s syndrome show large deletions of the first intron in the WNK1 gene, coding 

for serine-threonine kinase, and missense mutations in the coding sequence of the WNK4 gene, 

outside the protein kinase domain.88 These WNK kinases ordinarily play important roles in the 

regulation of sodium and potassium transport, which then become dysregulated. The mutations in 

WNK4 halt its inhibitory effect on Na-Cl cotransporters, leading to increased cotransporter activity 

and high salt levels,88 while the mutations in WNK1 lead to increased expression of the WNK1 gene, 

increasing epithelial sodium channel activation and abolishing the inhibitory effect of wild-type 

WNK4.88 The resulting elevated salt levels increase water retention and increase blood pressure, 

resulting in hyperkalaemia and hypertension.17, 18  

 

3.2.6 Autosomal Dominant Hypertension with Brachydactyly 

An extremely rare and severe hypertensive disorder has been described in members of a large 

Turkish family, in which affected members display brachydactyly (shortened digits of the hand) and 

short stature, as well as severe childhood-onset hypertension.89, 90 Mortality in affected members is 

high, as the severity of the hypertension results in mortality by multiple strokes by the age of 50.84 

Though the disorder has been shown to be inherited in an autosomal dominant fashion and mapped 

to chromosome 12p2,90 it has proven difficult to determine the mechanism (gene or pathway) 

influencing the development of such severe hypertension. Investigations into all known BP-raising 

mechanisms, including salt-sensitivity, dysregulated renin, angiotensin, aldosterone, and 

catecholamines, has been eliminated as the cause of the disease, and this is further confirmed by 

the lack of efficacy of all current anti-hypertensive medications.84 Investigations into the 

chromosomal region have found that chromosomal rearrangement, including an inversion common 
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to affected family members, is implicated in the disease, though sequencing revealed no genes in 

the region that were linked to the disease.90 Recently, the same group found that splice variations 

and noncoding RNA may play a role, and suggested that dysregulation of the baroreflex may be 

responsible for the condition.90 Research is ongoing into this disorder, which may reveal a novel 

mechanism for hypertension development involving noncoding RNAs. 

 

3.3 RAAS Candidate Genes 

In addition to investigating monogenic disorders for EH candidate genes, studies have examined 

normal blood pressure regulatory mechanisms in order to identify genes that may be dysregulated in 

these pathways. Of all the normal BP regulation systems, most attention has been focused on the 

components of the renin-angiotensin-aldosterone system as candidate genes for EH. Four loci in the 

RAAS have been investigated in particular, namely, the angiotensin-converting enzyme (ACE and 

ACE2) loci, the angiotensinogen gene locus (AGT), the renin gene locus (REN), and the previously 

discussed aldosterone synthase locus (CYP11B2). 

 

3.3.1 Angiotensin Converting Enzyme 

Angiotensin converting enzyme is an exopeptidase which catalyses the conversion of angiotensin I to 

the vasoconstrictor angiotensin II and also degrades the potent vasodilator bradykinin.41 Due to its 

strong effect in promoting vascular resistance, ACE has been extensively studied with respect to 

hypertension and CVD. One of the most-studied polymorphisms in ACE is the ACE insertion (I) / 

deletion (D) polymorphism in intron 16. The D allele results from a deleted Alu repetitive sequence 

of 287 bp, and has been shown to affect the level of circulating ACE.91 This has implications for both 

cardiovascular function and blood pressure regulation as any increase in ACE level has the potential 

to increase the amount of angiotensin II available and thus raise BP, and a strong association of the 

D allele with cardiovascular disease (CVD) has been established.92  
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However, despite clear evidence showing that the ACE I/D polymorphism affects ACE level and is 

associated with CVD, association of either allele with EH has been inconsistent. The polymorphism 

seems to show an association with some ethnic groups, including African-Americans91 and Australian 

Caucasians,93 though it was associated in males only in the Framingham Heart Study,94 as well as a 

large Japanese study of 12,000 hypertensives.95 Though some authors have speculated that this 

shows a race-specific or sex-specific association, these associations have not been replicated in more 

recent studies of similar ethnic groups, including one meta-analysis.91 For instance, a 2005 study in 

German Caucasians found no association of the ACE I/D polymorphism with EH,91 nor did a 2006 

study in Han and Dongxiang Chinese, though the study did find an association for the ACE2 G8790A 

SNP.96 These findings have hitherto confounded efforts to delineate a role of genetic variants of ACE 

in EH susceptibility. 

 

Investigation into ACE2 has shown similarly differing results, with no association found for four 

polymorphisms in ACE2 in Australian Caucasians,97 but conflicting results found for ACE2 in five 

studies on Han Chinese.96, 98 Though the association of ACE2 with EH is not yet established, and its 

role in normal BP regulation not well understood, there is physiological evidence that ACE2 can 

influence BP by degradation of angiotensin II, a potent vasoconstrictor and BP elevator, to 

angiotensin 1-7, a potent vasodilator.96 Further, there is some evidence to suggest that inconsistent 

findings for ACE and ACE2 may be due to gene-gene interactions affecting association of these genes 

with EH. A 2006 study found that the ACE I/D polymorphism was not associated with EH alone but 

did show significant interaction effect when coupled with the G-protein 3-subunit (GNB3) C825T 

polymorphism, which affects G-protein signalling.99 This suggests that future analyses examining 

interactions between genes in the RAAS pathway may elucidate the role of these genes in EH 

susceptibility.  
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3.3.2 Angiotensinogen 

Polymorphisms in the angiotensinogen gene, AGT, were among the first to be linked to essential 

hypertension.100, 101 In 1992, a study was published reporting a significant linkage between a 

microsatellite marker and EH in a sib-pair study, as well as identifying two SNPs in the AGT gene by 

sequencing, the C3389T variant and the C4072T variant.100 Both variants were found to be 

significantly associated with EH, and the C4072T variant was found to be significantly associated with 

plasma angiotensinogen concentration among hypertensive subjects. This association has been 

borne out by further studies, including recent meta-analyses which have shown that the C4072T 

polymorphism is associated with a mild but significant association with EH.101, 102 Further studies 

have also examined other multiple polymorphisms in the coding region—as well as the promoter—

of the AGT gene and suggested that the effect of the C4072T variant on angiotensinogen expression 

level is due to linkage disequilibrium with the G-6A polymorphism located in the AGT promoter 

region.101, 103  

 

3.3.3 Angiotensin II Receptors 

One of the main mechanisms by which angiotensin II can increase BP is through binding to 

angiotensin II type 1 receptors, causing vasoconstriction.35 The angiotensin II type I receptor, coded 

by the gene AGT1R, as well as the angiotensin II type II receptor, coded by AGT2R, have therefore 

been examined for possible EH susceptibility variants. While there is little evidence that AGT2R is 

associated with BP variation thus far,101 two SNPs in AGT1R, the exonic T573C variant and the 3’UTR 

A1166C variant, have been thoroughly investigated and found to associate with EH.101, 104 Of these, 

the role of the A1166C variant has been confirmed biochemically, with the finding that the C allele 

alters a microRNA (miRNA) binding site, preventing miRNA limitation of AT1R receptor expression 

and resulting in increased AT1R availability.101  
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3.3.4 Renin 

Biologically, renin is the first and therefore possibly the most important enzyme of the RAAS 

cascade, and as such may have a profound impact on final angiotensin II levels.105 Renin activity 

variance has also been shown to affect response of BP to salt and to antihypertensive 

medications.105 This makes renin, coded by the gene REN, a strong candidate for EH susceptibility. 

However, although both coding SNPs and SNPs in the 5’ promoter region have been investigated for 

association with EH, study results for REN polymorphisms have been mixed, with some showing no 

association but others showing mild or strong association.101, 105 However, the most recent and 

comprehensive paper on REN has found a strong association for REN polymorphisms.105 The study, 

aimed to type tagged SNPs covering the complete renin gene, showed one tag SNP in REN 

(rs6693954) to be significantly associated with EH, both alone and in a haplotype, and with 

reasonable effect size (Odds Ratio = 1.98 alone; Odds Ratio = 1.63 haplotype).105 This haplotype 

block was also significantly associated with altered levels of plasma renin activity and with a 

significantly decreased change in BP following angiotensin II infusion, showing that this block 

appears to harbour a strongly associated and biologically active EH susceptibility variant.  

 

3.4 Sodium Transport and Blood Volume Candidate Genes 

3.4.1 Adducin α and β 

Adducin is a cytoskeleton membrane protein, which is composed of either α, β, or γ subunits, and 

which is important for the regulation of membrane ion transport, particularly sodium.106 In both 

animal and human models, a mutation of the α adducin gene ADD1 (G1378T), has been shown to 

stimulate sodium-potassium ATPase activity in renal cells, increasing renal sodium reabsorption.107 

This glycine to tryptophan amino acid change at codon 460 and other polymorphisms in both the α 

adducin gene ADD1 and the β adducin gene ADD2 have been investigated for association with EH 

but have shown variable results.106, 108 This confusion has continued with two recent meta-analyses 
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examining the above mentioned polymorphism and EH association, each concluding that no general 

association of the variant with EH was detected, but that subgroup analyses may suggest a mild 

association in Asians but not Caucasians.106, 109 Further study is clearly needed to clarify whether the 

adducins may play a role in EH susceptibility, as suggested by biochemical data. 

 

3.4.2 WNK Kinases 

Due to their involvement with the monogenic disorder Gordon’s syndrome, or 

pseudohypoaldosteronism type II, the WNK kinase genes WNK1 and WNK4 have been suggested as 

strong candidate genes for EH. Polymorphisms in both genes have been identified by whole-gene 

sequencing studies88, 110 and several polymorphisms in both genes have been associated with either 

BP or hypertension, most of which have been intronic SNPs or in the promoter region. Both the 

involvement of WNK kinases with sodium and potassium regulation and the fact that WNK1 intronic 

polymorphisms have also been associated with BP response to thiazide treatment88 suggest that 

WNK-related pathways may strongly influence susceptibility to salt-sensitive hypertension, and WNK 

kinases remain under investigation for their role in EH development. 

 

3.4.3 Solute Carriers 

The solute-carrier gene superfamily consists of 55 gene families which encode membrane-bound 

transporters,111 some of which are thought to have potential to affect BP through their role in 

sodium and water reabsorption. In particular, three families of genes have been investigated for 

association with EH: the electroneutral cation-coupled Cl cotransporter family (SLC12 genes), the 

anion exchanger family (SLC4 genes), and the sodium-calcium exchanger family (SLC8 genes). Genes 

in the SLC12 family have been implicated in BP regulation by hypotensive Mendelian disorders which 

result in massive loss of salt such as Barterr's syndrome and Gitelman's syndrome.112 The main gene 

defects in these syndromes are both loss-of-function mutations in the SLC12 genes, SLC12A1 in 
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Barterr’s, and SLC12A3 in Gitelman’s.32 Less severe mutations in these genes, screened in the 

Framingham Heart Study cohort, have been associated with low systolic and diastolic BP, indicating 

that these may have a protective effect on EH development.112 

 

Though few studies have specifically examined the role of anion exchanger (SLC4) and sodium 

exchanger genes (SLC8), these gene families have been implicated in hypertension susceptibility 

through functional and animal studies, and through a 2009 genome-wide association study focusing 

specifically on a subset of BP regulation related genes selected by cross-disciplinary evidence for a 

role in BP or EH. This study found a SNP in SLC4A2 (rs2303934) with a significance of p = 5.66 X 10-4, 

and three SNPs in SLC8A1 (rs405884, rs406222, rs394112) with p-values of 3.90 X 10-4, 6.62 X 10-4 

and 8.43 X 10-4 respectively, close to p < 2.15 X 10-5, which was the study significance threshold.113 

These findings together indicate that members of the solute-carrier gene superfamily are possible 

candidates for involvement in EH susceptibility, though little is currently known about the extent or 

nature of their role. 

 

3.4.4 Non-Voltage Gated Sodium Channels  

The gene defects in epithelial sodium channel subunit genes, responsible for Liddle’s syndrome, 

have led to the investigation of polymorphisms in the two genes SCNN1B and SCNN1G, as well as 

other genes coding for proteins that interact with or regulate the epithelial sodium channels (such as 

NEDD4). It is thought that common variations in these genes with more subtle effects than the 

mutations observed in Liddle’s syndrome may contribute to EH susceptibility. In SCNN1B, a GT 

dinucleotide short tandem repeat in intron 8 was shown to result in higher expression of the ENaC β-

subunit and lower levels of plasma renin in hypertensives and normotensives,114 while in SCNN1G, 

one promoter SNP and six intronic SNPs have been significantly associated with systolic BP, though 

their effect on the gene expression and on BP regulation has not yet been elucidated.115 NEDD4 

shows association with a number of SNPs, including strong association with one SNP at an intron-



48 
 

exon boundary.116 This SNP results in a cryptic splice site and generation of some transcripts 

encoding a truncated, non-functional ligase, which may potentially reduce the level of functional 

NEDD4 available to regulate epithelial sodium channel expression. The relative contribution of these 

markers to EH susceptibility, as well as confirmation of their causality in BP dysregulation, is still 

being investigated. 

 

3.5 Adrenergic Receptors 

Significant disruptions in autonomic and sympathetic function occur in essential hypertension. These 

observations have suggested a variety of hypertension candidate genes that may act through 

adrenergic and catecholaminergic functions, including adrenergic receptors, G-proteins, and 

catecholamine synthetic enzymes. α-adrenergic receptors and β-adrenergic receptors are both G-

protein-coupled receptors expressed in various sites throughout the body, with effects that can 

impact BP in a number of ways.117 α-adrenergic receptors are part of signalling pathways that can 

result in vasoconstriction, while β-adrenergic receptors act as adrenaline and noradrenaline 

receptors, and are involved in regulating blood pressure.117 While α-adrenergic receptor genes have 

not been as widely studied, linkage studies have shown significant linkage of chromosomal region 

8p22 with EH, which contains the α1A-adrenergic receptor gene ADRA1A, and that polymorphisms in 

the ADRA1A gene have been significantly associated with EH in a Chinese population.118 

Polymorphisms in other α-adrenergic receptor genes, such as the α2 adrenergic receptor genes 

ADRA2A and ADRA2C, have also been investigated for association with EH, with inconsistent 

results.119 

 

However, the β-adrenergic receptor genes have shown more promise as EH susceptibility genes, 

with a number of polymorphisms in the β2-adrenergic receptor gene ADRB2 (T-47C, A46G and C79G) 

showing significant associations with EH.120 Carriers of the A allele at the A46G polymorphism were 
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reported to have a significantly higher risk for EH while carriers of the G allele at the C79G 

polymorphism had a significantly lower risk, and both polymorphisms were significantly associated 

with systolic blood pressure. Haplotype analysis has also shown significant association of the two 

variants as a haplotype in hypertensives.120 A recent meta-analysis on adrenergic receptor gene 

studies found that in spite of high heterogeneity and lack of power in many studies, significant 

association was detected for five polymorphisms, four of which belonged to β-adrenergic receptor 

genes: ADRB1, ADRB2, and ADRB3.121 Haplotype analyses with other BP-associated markers as well 

as gene-gene and gene-environment interactions has been suggested for future studies of 

adrenergic receptors to help elucidate their role in EH susceptibility. 

 

3.6 Other Candidate Genes 

Due to the association between hypertension and insulin resistance, obesity, lipid disorders and 

diabetes, it has been assumed that polymorphisms in genes involved in the regulation of metabolic 

homeostasis might also be involved in hypertension. However, data resulting from these studies 

such as apolipoprotein C-III, glycogen synthase, insulin receptor and lipoprotein lipase investigation 

have not been promising.122 

 

Though not directly affecting BP regulation, genes involved in the homocysteine (Hcy) pathway have 

been extensively investigated with regard to EH, due to the fact that various pathological conditions 

such as stroke and other cardiovascular diseases have been associated with increased homocysteine 

levels.123, 124 Methionine synthase reductase (coded by the gene MTRR) and 5,10- 

Methylenetetrahydrofolate reductase (coded by the gene MTHFR) are both involved in the 

maintenance of normal Hcy levels. An adenine to guanine polymorphism (A66G) in MTRR has been 

identified and shown to affect Hcy levels.125 The A66G polymorphism results in the conversion of an 

isoleucine residue into methionine at codon 22 and decreases enzyme activity four-fold.126 Despite 

the close relationship of methionine synthase and MTRR in homocysteine metabolism, the A66G 
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SNP has not been examined for association with EH currently, though it was examined and found not 

to be associated with deep vein thrombosis and arterial thrombosis.127 

 

The MTHFR gene exhibits two major polymorphisms associated with homocysteine levels namely 

C677T and A1298C. The C667T polymorphism results in an alanine to valine substitution at codon 

222,128 while the A1298C polymorphism results in a glutamic acid to alanine substitution at codon 

429. Both polymorphisms have been shown to reduce MTHFR activity,129 with the C677T variant 

reducing MTHFR activity by 50% in TT individuals,130 and the A1298C variant reducing activity to a 

lesser extent.131 Previous studies have shown that the MTHFR variants C677T and A1298C have been 

associated with both higher levels of Hcy132 and EH risk directly.133, 134 However, this association does 

not hold in all studies, with a 2007 meta-analysis showing high heterogeneity between studies.135 

This may in part be due to the influence of epistasis within the Hcy pathway itself, which has not yet 

been examined in any published studies. 

 

3.7 Hypertension GWAS Genes  

In recent years, there has been an explosion in genome-wide association studies investigating 

complex diseases, including essential hypertension.136 Through the capacity to investigate thousands 

of markers simultaneously, GWAS has proven to be a high-throughput data-generating study tool, 

which has been able to successfully identify disease-associated markers. This has resulted in large 

numbers of putatively-associated markers being discovered, even when adhering to strict genome-

wide significance thresholds. However, even with such thresholds, the likelihood of identifying false 

positive associations is quite high due to the large number of markers tested, and as such, there has 

been only about twenty reliably validated and replicated associations for EH by GWAS. Table 2 lists 

the nine GWAS currently published and the markers that have obtained a significance level of p < 1 X 

10-5, both in the original discovery cohort and in a replication cohort.137 Markers in genes or in LD 
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with nearby genes are listed as putative EH susceptibility genes, while markers in intergenic regions 

but less than 1Mb from a gene have the closest gene listed. 

 

As can be seen in Table 2, one of the first GWAS to be performed on essential hypertension was 

conducted by The Wellcome Trust Case Control Consortium (WTCCC) in 2007, which examined 

14,000 cases of seven common diseases and 3,000 shared controls. Not only was this the first GWAS 

to be conducted on EH, it was also one of the largest, with sample sizes an order of magnitude 

greater than most other GWAS at the time. Twenty-four independent associations were identified 

including nine in Crohn’s disease, seven in type I diabetes, three in both type II diabetes and 

rheumatoid arthritis and one in both bipolar disorder and coronary artery disease. Of the seven 

diseases investigated, only hypertension failed to be statistically associated with any marker at the 

genome-wide significance level of 5 X 10-7,138 though the strongest marker (closest to gene CHRM3) 

obtained significance of 7.7 X 10-7. Since then, the WTCCC GWAS data has become available to other 

research groups intending to use alternative analysis methods, including a two-marker analytical 

method published by Slavin et al in 2011, which found nine associated SNP pairs: five in the genes 

GPR39, XRCC4, MYO6, ZFAT, and MACROD2, and four in intergenic regions.139 This demonstrates 

that alternative analytical methods that increase power may have the ability to detect missed 

associations in previously published datasets like the WTCCC.  

 

Another notable GWAS was performed in 2009 in another large cohort, the CHARGE Consortium 

(Cohorts for Heart and Aging Research in Genome Epidemiology), which was composed of six smaller 

population-based cohorts: the Age, Gene/Environment Susceptibility Reykjavik Study (AGES), 

Atherosclerosis Risk in Communities (ARIC) Study, Cardiovascular Health Study (CHS), Framingham 

Heart Study (FHS), Rotterdam Study (RS) and the Rotterdam Extension Study (RES).140 The CHARGE 

Consortium investigated 29,136 participants of European descent for both systolic and diastolic BP 

measurements and for clinical hypertension, and found ten SNPs associated with EH at significance  



52 
 

Table 2 - GWAS Genes Associated with EH 

Year Reference Top SNPs Allele Gene Region 

2007 WTCCC138 rs2820037 
rs2398162 

T 
A 

CHRM3 
NR2F2 

1q43 
15q26 

2009 Adeyemo et al142 rs1550576 
rs991316 

T 
T 

ALDH1A2 
ADH7 

15q21.3 
4q23-q24 

2009 Levy et al140 

rs2681472 
rs11014166 
rs16982520 
rs11775334 

A 
A 
A 
A 

ATP2B1 
CACNB2 
ZNF831 
MSRA 

12q21.3 
10p12 

20q13.32 
8p23.1 

2009 Org et al143 rs11646213 T CDH13 16q23.3 

2009 Yang et al144 

4-SNP-haplotype: 
rs9308945 
rs6711736 
rs6729869 

rs10495809 

 
- 
- 
- 
- 

 
LOC344371 
MYADML 
FAM98A 
RASGRP3 

 
2p22.3 
2p22.3 
2p22.3 
2p22.3 

2010 Padmanabhan et al145 rs13333226 A UMOD 16p12.3 

2010 Hiura et al146 none - - - 

2011 ICBP GWAS141 

rs6015450 
rs633185 
rs805303 

rs1799945 
rs1173771 
rs932764 

rs4373814 
rs11953630 
rs2932538 

rs13107325 
rs2521501 

G 
G 
G 
G 
G 
G 
G 
T 
G 
T 
T 

ZNF831 
ARHGAP42 

BAT3 
HFE 

C5orf23 
PLCE1 

CACNB2 
EBF1 

MOV10 
SLC39A8 

FES 

20q13.32 
11q22.1 
6p21.3 
6p21.3 
5p13.3 
10q23 
10p12 
5q34 

1p13.2 
4q22-q24 
15q26.1 

2011 Slavin et al139 

2-SNP haplotype-7 
2-SNP haplotype-6 
2-SNP haplotype-3 
2-SNP haplotype-2 
2-SNP haplotype-5 
2-SNP haplotype-1 
2-SNP haplotype-9 
2-SNP haplotype-8 
2-SNP haplotype-4 

- 
- 
- 
- 
- 
- 
- 
- 
- 

ZFAT 
NOV 

RANBP3L 
GPR39 
MYO6 

Intergenic 
MACROD2 

ANO6 
XRCC4 

8q24.22 
8q24.1 
5p13.2 

2q21-q22 
6q13 

- 
20p12.1 
12q12 
5q14.2 

 

level p < 4 X 107.140 An even larger GWAS, utilising the largest cohort to date was performed in 2011 

by the International Consortium for Blood Pressure (ICBP) GWAS, on 69,395 individuals, and found 

six associated SNPs with significance of p < 5 X 10-8 with EH.141 
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Interestingly, no previously associated EH genes were found in the top associated SNPs, either for 

the CHARGE GWAS or for the WTCCC GWAS. However, some interesting new candidates have 

emerged from these studies. The top-associated marker for the CHARGE GWAS (rs2681472; p = 2 X 

10-11) is an intronic SNP in the gene ATP2B1, coding for the plasma membrane calcium-transporting 

ATPase 1.140 This ATPase plays a role in maintaining calcium homeostasis, a particularly interesting 

finding given that low calcium diets have been linked to increased EH risk, and calcium-channel 

blockers are a class of drug used as antihypertensives. For the ICBP GWAS, some previously EH genes 

were identified, such as the NPPA, NPPB, and NPR3 genes, which are natriuretic peptide-related 

genes141. The top associated marker (rs6015450; p = 4 X 10-14) is located closest to the ZNF831 gene, 

though the EDN3 gene coding for endothelin-3, an endothelium-derived vasoactive peptide, is a 

proximal locus for which a role in hypertension susceptibility is highly plausible. Thus, despite the 

difficulties and limitations of typing thousands of markers to find a few truly associated ones, these 

EH studies show that GWAS can be a highly useful method of identifying potential EH susceptibility 

genes for further investigation. 
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Chapter 4 

General Methodology 
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4.1 Hypertension Phenotyping 

In any case-control association study, clearly defined and standardised criteria for cases and controls 

is of paramount importance. Choice of a particular phenotype or sub-phenotype for investigation 

can influence not only how data can be statistically analysed, but it can also affect the interpretation 

of association results, how data can be used when comparing with other studies or in conducting 

meta-analyses. Essential hypertension is somewhat difficult to define as a phenotype as categorical 

clinical diagnosis as hypertensive is a complex criteria based on the quantitative continuous traits of 

systolic BP (SBP) and diastolic BP (DBP) being greater than an agreed threshold of 140 mmHg for 

systolic and 90 mmHg for diastolic.32 

 

Mitigating factors such as anti-hypertensive medication further complicate definition of the 

hypertension phenotype as such medication will lower BP and must be included in consideration of 

hypertension status. Further complicating factors in correct phenotype classification include any of 

the sources of natural variation in systolic and diastolic BP that occurs in an individual over the 

course of the day, and even between heartbeats. These include factors such as exercise, movement, 

posture, disease, drugs, diet, and stress (especially “white coat syndrome”). These factors can cause 

inaccurate readings of an individual’s true BP and standardised protocols for measuring BP 

accurately and reliably have been developed to counteract these difficulties.  

 

However, it still remains for investigators to decide which phenotype they will examine: specifically, 

the clinically defined diagnosis of hypertension (a categorical outcome), or the underlying 

quantitative traits of systolic BP or diastolic BP. The use of the quantitative traits SBP and DBP can be 

preferred to the categorical use of “hypertensive” versus “normotensive”, as continuous 

quantitative traits have increased power to detect associations compared with binary categorical 

variables,121 due to the ability to differentiate subtle phenotypic variability between patients.147 

Increased power is especially important when conducting genome-wide association scans, due to 
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the large corrections that must be made for multiple testing; however, investigation of both SBP and 

DBP as separate outcomes are necessary if such an approach is taken, despite the fact that they are 

to a large extent correlated.32 It is possible to use another quantitative measure of BP in lieu of SBP 

and DBP, such as mean arterial pressure (MAP) or pulse pressure (PP), which captures most of the 

information of SBP and DBP in a single variable and are similarly associated with cardiovascular 

disease risk.147 

 

However, despite possible increases in power from the use of quantitative BP phenotype traits, 

many studies still select the categorical outcome of hypertension as the target phenotype, as this is 

the clinically relevant phenotype, and as such may have greater implications for diagnosis, 

prevention and treatment of EH.121 In this research, the clinical outcome of hypertension was chosen 

as the target phenotype for investigation, and hypertension cases were defined as individuals who 

were clinically diagnosed as suffering from hypertension (having a SBP greater than 140 mmHg 

and/or a DBP of more than 90 mmHg) and who were taking antihypertensive drugs. Normotensive 

controls were defined as participants who were not taking antihypertensive drugs, and whose 

SBP/DBP was less than 140/90 mmHg. 

 

4.2 Sample Preparation 

4.2.1 DNA Extraction 

There are multiple methods of DNA extraction from tissue or blood, but most methods involve the 

following three steps: a) breakdown or homogenisation of tissue into individual cells; b) lysis of the 

cellular membrane to release cell contents, including DNA; c) removal of proteins and cell debris and 

isolation of pure intact DNA. The most common DNA extraction methods are phenol-chloroform, 

salting-out, and column-based.  
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The phenol-chloroform method involves separation of cell debris and proteins from DNA using the 

organic solvent phenol.148 Upon addition of phenol, the cell lysate separates into an aqueous phase 

(which retains the polar DNA) and floats upon the denser phenol organic phase (which retains the 

cell debris and proteins). The aqueous phase can then be removed and the DNA isolated through 

precipitation by ethanol (Figure 9).  

 

 

Figure 9 - Phenol-Chloroform DNA Extraction Procedure149 

 

The salting-out method involves separation of proteins and cell debris from DNA using extremely 

high salt solutions.150 NKM buffer (1 mM Tris-HCl, pH 7.4; 0.13 M NaCl; 5 mM KCl; 7.5 mM MgCl2) 

and reticulocyte standard buffer (RSB) are added to initially break down blood or tissues into lysate, 

followed by centrifugation and removal of supernatant containing debris. A buffer containing the 

detergent SDS and the enzyme proteinase K are added to further lyse cell contents and release DNA, 

then 6M NaCl is added and the solution centrifuged to precipitate and pellet remaining proteins. The 

DNA does not precipitate with the addition of salt and is left in the supernatant, which can then be 

separated, the DNA precipitated with 100% ethanol, and the DNA placed in sterile water or 1X TE 

(Tris-EDTA) buffer (Figure 10).  
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Figure 10 - Salting-Out DNA Extraction Procedure151 

 

Column-based methods involve the use of silica bead wash columns to separate proteins and cell 

debris from DNA, using the property of nucleic acids to bind to silica under certain pH and salt 

conditions. The lysate can be added to a column and the DNA bound to the beads, followed by 

washes that elute the unbound proteins and cell debris. The DNA is then eluted into a new sterile 

tube by washes that alter salt and pH concentration, allowing DNA to unbind silica beads (Figure 11). 

Columns typically also contain filters that ensure uncontaminated DNA, and centrifugation of 

columns allows fast and easy extraction. 
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Figure 11 - Qiagen Column-Based DNA Extraction Procedure152 

 

Of these methods, the salting-out method is relatively non-hazardous and inexpensive compared to 

extraction with phenol and chloroform, which are both toxic and costly chemicals to use. The salting-

out method is both less expensive and more practical than column-based DNA extraction kits, which 

cannot be easily scaled for different extraction volumes and quantities. The salting-out procedure 

was therefore the method selected for sample extraction in this research. 

 

Genomic DNA was derived from whole blood samples taken from hypertensive and normotensive 

patient samples obtained in various sample collections and stored in the Genomics Research Centre 

(GRC) at Griffith University. The largest proportion of samples was derived from two main 

collections: the Gemini collection (collected in South East Queensland from 1997 to 2000) and the 

Nambour collection (collected in the town of Nambour, 100km from Brisbane in 1996). A subset of 

patient DNA samples were previously extracted from blood and stored at -20 oC in 1X TE buffer at 

the GRC; an aliquot of these samples were obtained for use in this study from the pre-existing stored 

DNA. The remaining patient samples were stored as whole blood at -80 oC. Each sample contained 

between 5-7 mL of whole blood, which was then thawed and the DNA extracted for use in this study. 

Extracted DNA was stored at -20 oC in 1X TE buffer, which is recommended for long-term storage of 

DNA in order to prevent acid hydrolysis and subsequent DNA degradation. 
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4.2.2 DNA Quality and Quantity Assessment 

A crucial step of DNA preparation is DNA quality and quantity assessment, which is usually 

undertaken to determine: a) the concentration of the DNA sample; b) the purity of the DNA 

(whether the DNA is largely uncontaminated by protein or salts); and c) the integrity of the DNA (the 

extent to which the DNA is fragmented). These qualities will affect both the number of assays that 

can be performed on the sample and the amplification efficiency and reliability of the assays 

undertaken. These characteristics can be assessed mainly through three methods: 1) agarose gel 

electrophoresis, 2) spectrophotometry, and 3) fluorometry.  

 

Firstly, agarose gel electrophoresis involves electrophoresing certain quantity of the extracted DNA 

on a 0.8% agarose gel alongside a standard concentration ladder, which contains DNA bands of pre-

determined concentration. The brightness of the extracted DNA can thus be compared with the 

ladder bands to approximate concentration (Figure 12: A), and the presence of a single large band at 

high molecular weight will indicate good integrity, while the presence of multiple smaller bands or 

smears will indicate DNA degradation or fragmentation (Figure 12: B).  

 

Secondly, spectrophotometry involves passing light through the extracted sample (stored in an 

optically clear container) and measuring the amount of light (or optical density, OD) which is 

absorbed at different wavelengths. The proportion of light absorbed at wavelength 260 nm is 

directly related to the concentration of DNA. DNA quantity can then be calculated using the formula 

1OD260 = 50 ng/µL for double-stranded (ds) DNA. As contaminants in the solution will also be 

detected at different wavelengths (protein at 280 nm; phenol at 270 nm; other organic 

contaminants at 230 nm), the purity of the sample can also be determined by comparing the ratio of 

OD at these wavelengths. Pure DNA has an A260/A280 ratio of approximately 1.8, and an 

A260/A230 ratio of approximately 2.0.153  
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Figure 12 - DNA Assessment by AGE A) DNA ladder showing relative concentration of each band for 

comparison to sample.154 B) AGE gel showing high molecular weight intact DNA compared with 

degraded DNA smearing .155 

 

 

Figure 13 - Nanodrop ND-1000 Spectrophotometer Apparatus153 

 

Traditional spectrophotometers use large amounts of diluted sample to measure light absorbance, 

usually in 1ml cuvette (path length of 1cm); however, newer spectrophotometers such as the 

Nanodrop ND-1000 (Thermo Fisher Scientific, USA) can measure concentration reliably with 1 µL of 

sample, and samples can optionally be recovered.153 To measure DNA with the Nanodrop ND-1000, 

the sample arm is raised and a 1-2 µL droplet of DNA is placed on the pedestal (Figure 13). The 
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sample arm is then lowered and measurement initiated on the computer software connected to the 

machine. The sample arm slightly compresses the droplet forming a column of given path length and 

the absorbance measured. The absorbance measurements at different wavelengths are plotted as a 

graph of OD by wavelength.  

 

Thirdly, fluorometry involves addition of fluorescent dyes such as SYTO9, SYBRgreen or Picogreen, 

which is excited preferentially when bound to dsDNA, and can therefore be detected by a 

fluorescence-reading instrument.156 DNA standards containing known DNA concentrations must be 

prepared by serial dilution and included, in order to form a standard curve which can then be used 

to read concentration of measured samples (Figure 14). 

 

 

Figure 14 - Picogreen Fluorometry showing preferential fluorescence emission with dsDNA and 

standard curve for DNA quantitation.156 

 

Each of these methods has their advantages and disadvantages; the sensitivity of agarose gel 

electrophoresis is weak compared to the other methods, while spectrophotometry cannot 

distinguish between double stranded and single stranded DNA, or intact and fragmented DNA. 
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Fluorometry is thought to be the most accurate method of quantifying DNA since it binds only to 

double stranded DNA (dsDNA), but disadvantages include preparation time, cost of fluorescent dye, 

and the fact that sample purity and/or integrity must be separately assessed. In this research, 

Nanodrop spectrophotometry was employed due to the convenience of fast preparation time and 

the ability to assess both quantity and purity simultaneously. 

 

4.2.3 DNA Purification 

DNA quality assessment may show that samples are contaminated with remaining proteins, buffers, 

ethanol, or salts from the extraction process, which may affect DNA amplification efficiency in 

genotyping assays. Purification methods, such as ethanol precipitation or phenol-chloroform 

purification, can remove these contaminating substances. Ethanol precipitation involves adding a 

salt solution and absolute ethanol to the sample. This causes DNA to precipitate, allowing the DNA 

to be removed by pelleting. Specifically, one volume of the DNA solution is combined with one-tenth 

volume of 3M sodium acetate and two volumes of chilled 100% ethanol. The solution is inverted 

several times to mix and cooled either using liquid nitrogen or in a -20 oC for 2 hours. Samples are 

then centrifuged at 10,000 rpm at 4 oC for 30 minutes to pellet the DNA and the supernatant is 

removed. DNA pellets then undergo a 70% ethanol wash to help remove impurities. Lastly, the DNA 

pellet is dried to evaporate remaining ethanol and then resuspended in a desired volume of either 

1X TE buffer (for long-term storage of DNA) or sterile distilled water (for working aliquots used in 

genotyping assays). 

 

Phenol-chloroform purification is identical to the protocol for DNA extraction, except that the 

procedure starts with the DNA solution instead of cell lysate.157 Specifically, one volume of DNA 

solution is combined with one volume of phenol-chloroform-isoamylalcohol (25:24:1, Invitrogen, Life 

Technologies, USA) in a fume hood and vortexed vigorously. Samples are then centrifuged at 10,000 

rpm for 2 minutes and the aqueous phase removed by pipetting into a new sterile tube. DNA in the 
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aqueous phase can then be transferred to a suitable buffer using the ethanol precipitation method. 

Compared to ethanol precipitation, phenol-chloroform purification is more costly and time-

consuming, and it necessitates the use of fume hood facilities due to the toxicity of phenol and 

chloroform. However, it is more efficient at contaminant removal than ethanol precipitation, which 

will remove some impurities but not all. In this research, both purification techniques were used to 

improve DNA sample quality and concentration, depending on the level of sample contamination 

observed for each sample. 

 

Pre-existing samples from both the Gemini and Nambour collections that were of low concentration 

(< 20 ng/µL) underwent either ethanol precipitation, to concentrate the samples and resuspend the 

DNA in 1X TE buffer, or phenol-chloroform purification, if they were also of poor Nanodrop quality 

(1.7> A260/A280 >2.0). DNA that was extracted using the ‘salting-out’ method of DNA isolation150 

was assessed for quality via Nanodrop spectrophotometry and visual inspection. Samples that 

displayed poor colouration (indicating presence of red blood cell debris in the solution) and/or that 

had poor Nanodrop quality were purified using a phenol-chloroform purification procedure.157 

Quality and concentration of purified stock samples were then re-assessed by Nanodrop 

quantitation.  

 

To standardise sample concentration for genotyping assays, a 400ul aliquot of 1X TE stock DNA was 

removed for each sample, which was then ethanol precipitated and resuspended in 200ul of distilled 

water (dH2O) for use in this research. DNA samples in dH2O were re-quantitated and then 

normalised to a standard working concentration of 20ng/µL in (8 X 12) 96-well 200ul PCR trays using 

the CAS1200 automated liquid handling robot (Corbett) available in the GRC. 
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4.2.4 Whole-Genome Amplification 

DNA samples which are low in quantity limit the capability of multiple assays to be performed. 

Fortunately, in 1992, a modified PCR technology using non-stringently annealing primers was 

developed, which amplifies DNA from across the whole genome.158 Since 1992, many whole-genome 

amplification (WGA) methods have been developed, including the primer-extension PCR method,158 

degenerative oligonucleotide PCR,159 ligation-mediated PCR, T7-based linear amplification of DNA, 

and multiple displacement amplification, and commercial kits for each of these WGA methods are 

readily available. WGA techniques have allowed low-quantity DNA samples to be copied for various 

applications, including use of low-quantity DNA samples from forensic crime scenes160 or the use of 

degraded field samples from conservation or population studies.161 Though a major limitation of 

WGA is the potential for preferential amplification of specific chromosomal areas, leading to poor 

representation of centromeric or telomeric regions, WGA samples have been shown to perform well 

for molecular studies such as association linkage studies.159-162 In this research, in order to preserve 

study DNA, WGA was performed on an aliquot of the prepared population using the GenomiPhi 

WGA Kit (GE Healthcare) for individual genotyping assays. Due to the potential for WGA preferential 

amplification, non-WGA DNA samples were used for GWAS and assay validation purposes. 

 

4.3 Genotyping Methods 

4.3.1 Polymerase Chain Reaction 

All genotyping assays today rely on polymerase chain reaction (PCR) as an initial step, which 

amplifies the specific DNA fragments to be analysed. This process is a fast and simple technique 

which can easily amplify large amounts of DNA in a short time (1-2 hours). Further, the use of 

sequence-specific primers on opposite strands which flank a region of interest, for instance, a DNA 

marker, will ensure that the region between the primers is preferentially amplified. The resulting 

amplified sequence (amplicon) can then be assayed. 
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PCR mimics the natural replication mechanism of DNA. High temperatures (typically 95 oC) are used 

to denature dsDNA into single strands, and then cooled slightly (typically 55-65 oC) so that short 

oligonucleotides complementary to a target sequence can anneal to the template DNA strand. 

Annealing temperature typically depends on the melting temperature (Tm) of the oligos determined 

by their sequence. These oligos act as “primers”, allowing DNA replication to progress in a 5’ to 3’ 

direction outwards from the primer. Thermostable DNA polymerase (usually derived from the 

Thermus aquaticus bacteria, or “Taq” polymerase) extends the primers at an optimal temperature 

(72 oC for Taq) via addition of free deoxyribonucleotides (dNTPs) to the primer complementary to 

the template strand.163 This results in replication of the DNA strand. The process of heating and 

cooling is then cycled approximately thirty times. The great advantage of this technique is the 

exponential amplification of the target with every cycle. A schematic diagram depicting the steps 

involved is shown in Figure 15.  
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Figure 15 - Schematic Diagram of PCR 164 

 

The necessary reagents to perform PCR are PCR buffer, MgCl2, dNTPs, forward and reverse primers 

(the two oligos on opposite strands flanking the polymorphism of interest), and Taq polymerase. 

These are combined at optimal concentrations into a reaction mix of given volume and DNA 

template is added. The PCR reaction is then placed in a thermal cycling machine programmed to 

cycle through the three PCR stages: denaturation (95 °C), annealing (55-65 °C) and extension (72 °C). 
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4.3.2 Agarose Gel Electrophoresis 

Gel electrophoresis is a procedure for separating a mixture of molecules through a stationary 

material (gel) in an electrical field. Organic molecules such as amino acids, peptides, proteins and 

DNA are charged. A gel is prepared which will act as a support for separation of the fragments of 

DNA. The type of gel the most commonly used is agarose, though polyacrylamide can also be used 

for greater resolution. When an electric field is applied between the ends of the gel, the negatively 

DNA fragments migrate to the positive anode. Large molecules have difficulty getting through the 

matrix while small molecules migrate more easily. The separation between the larger and smaller 

fragments increases with time. Molecular weight markers, which are commonly called “DNA 

ladders”, a mixture of DNA fragments of known molecular weight, are electrophoresed along with 

DNA. Comparison to known ladder band sizes allows estimation of the sizes of DNA fragments in the 

experimental sample (Figure 16). 

 

 

Figure 16 - Agarose Gel Electrophoresis165 
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4.3.3 Restriction Fragment Length Polymorphism 

Restriction fragment length polymorphism (RFLP) refers to a polymorphism whose alleles can be 

differentiated by digestion with a restriction enzyme, resulting in differently-sized DNA fragments. 

Restriction enzymes are obtained from bacteria and cleave DNA upon recognition of specific 

sequences. If a polymorphism is present in a recognition sequence, then one allele will result in 

enzyme recognition and cleavage, while the other allele will alter the sequence and prevent enzyme 

recognition and cleavage. This results in an intact fragment of a given length for one allele, and two 

shorter cleaved fragments for the other allele (Figure 17). If the fragment sizes are different in size, 

each allele can be identified by the presence of their fragment by agarose gel electrophoresis for 

fragments with a size difference of at least 5-10bp or by capillary gel electrophoresis for fragments 

of with a size difference less than 5bp. 

 

 

Figure 17 - Schematic Diagram of RFLP for a C > G SNP Change. The C allele falls inside the 

restriction enzyme recognition site, causing digestion of the 146bp amplicon into 88bp and 58bp 

fragments. DNA fragments with the G allele are not digested as it alters the recognition sequence. 
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4.3.4 High Resolution Melt Analysis 

Most real-time PCR platforms make use of the method of melting DNA for confirmation of specific 

PCR products. This technique, also known as dissociation curve analysis, is typically used in 

combination with a double stranded DNA binding dye such as SYBR® Green I, to characterize primer-

related non-specific amplification in order to optimize assays for specific target detection.166 High 

resolution melting (HRM) analysis is based on the same concept, but adapted for genotyping. It is 

used to differentiate DNA samples with different genotypes according to their dissociation 

behaviour as they “melt” from double stranded DNA to single stranded DNA (ssDNA) with increasing 

temperature.167  

 

 

 

Figure 18 - Comparison of 2nd and 3rd Generation DNA Intercalation Dyes167 
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This method has advanced into a powerful tool for mutation scanning and genotyping with the 

development of instruments that offer high-resolution amplicon melting capabilities as well as third 

generation fluorescent intercalating dyes such as SYTO®9, LC Green® and Eva Green168 Improved 

amplification can be achieved in the presence of these dyes due to their low toxicity and can 

therefore be used at higher concentrations for better saturation of the dsDNA sample. Higher dye 

saturation provides no space for dye relocation during melting and thus provides higher fidelity of 

the measured fluorescent signals (Figure 18).167 

 

Prior to performing a HRM analysis, a target sequence must first be purified to high copy number. 

This is normally done using a PCR amplification, but with the inclusion of a dsDNA intercalating 

fluorescent dye into the reaction mixture. The dye does not interact with ssDNA but actively 

intercalates with dsDNA and fluoresces brightly in this state. This shift in fluorescence can be used 

firstly to measure the increase in DNA concentration during a pre-HRM amplification reaction and 

then to directly measure diminishing fluorescence as the temperature is raised and DNA dissociates 

into single strands (Figure 19). The observed “melting” behaviour is characteristic of a particular DNA 

sequence. Different alleles for a single nucleotide polymorphism will therefore cause a shift in 

melting temperature which appears as an alternate melt curve.  

 

Figure 19 - Typical High Resolution Melt Plot167 



72 
 

The HRM methodology has major potential for the rapid and inexpensive detection of DNA sequence 

variations. There is no need for restriction enzymes followed by gel electrophoresis to differentiate 

between the different genotypes, which are more expensive and time consuming. Disadvantages of 

the HRM genotyping technique include the fact that small variations in reagent concentrations from 

sample to sample can cause artificial fluorescence shifts, confounding genotyping calls. To avoid this, 

great care must be taken when preparing reactions (especially with accurate and consistent 

pipetting), samples should ideally be typed in duplicate, and positive controls should be included in 

every assay run. 

 

4.3.5 TaqMan® Analysis 

The TaqMan® genotyping assay is similar to the HRM genotyping assay in its use of fluorescent dye. 

However, in TaqMan®, two different fluorescent dyes are used, which are specific to each allele, and 

can therefore be used to differentiate genotypes. The fluorescent dyes used are FAM and VIC, which 

are attached to allele-specific probes (short oligonucleotide sequences) at the 5’ end of the probe. A 

non-fluorescent quencher is attached to the 3’ end of the probe, which prevents the dye from 

fluorescing while in the vicinity of the quencher, and a minor-groove binder, which stabilises the 

binding of the probe to the template DNA.169 During normal PCR amplification, the primer is 

extended as normal until it reaches the probe, which has also annealed to the target sequence if 

complementary to the allele present. The exonuclease activity of the polymerase results in excision 

of the fluorescent dye from the 5’ end of the probe, which then fluoresces as it moves away from 

the quencher.169 The type of fluorescence (either VIC or FAM or a combination of both for 

heterozygotes) is detected in a fluorescence reader and the genotype determined (Figure 20).  
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Figure 20 - Schematic of TaqMan® Chemistry169 

 

TaqMan® genotyping assays are owned by Applied Biosystems and a range of pre-designed assays 

for common makers are available for order. Custom assays can also be designed for specific markers 

by Applied Biosystems. Purchased assays include a mix with primers and fluorescently-labelled MGB 

probes, as well as a PCR master mix containing buffer, MgCl2, dNTPs, and AmpliTaq Gold (a high-

quality polymerase with exonuclease activity). Assays are validated by Applied Biosystems but assay 

details such as primer and probe sequences are not provided to customers. TaqMan® assays are 

reliable due to the high standard of validation and also enable genotyping of markers for which 

simpler assays are problematic; however TaqMan® assays are considerably more expensive than 

other assays.  
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4.3.6 Automated Sanger Sequencing 

The gold standard of any genotyping assay is to perform sequencing on the region of interest which 

contains the marker. The most common sequencing method today is basically the same as the 

“Sanger” sequencing procedure originally developed in 1977.170 Essentially, it requires product 

amplification (traditionally by cloning and now by PCR), followed by primer extension in a modified 

replication reaction. This reaction contains dNTPs as in normal PCR, but also contains 

dideoxynucleotides (ddNTPs) which, when incorporated into a strand, terminates extension. This 

results in multiple length fragments, each with a terminating ddNTP that corresponds to the base (A, 

T, G, or C) at that position. Traditionally, four reactions each with a different ddNTP would be 

performed per sample, and the fragments from each reaction would be separated by 

electrophoresis and the sequence order determined based on fragment size. Nowadays, ddNTPs are 

each fluorescently labelled with different dyes and fragments separated by capillary gel 

electrophoresis.170 Fragment fluorescence is detected as fragments pass through capillaries at a 

specific point and the sequence determined accordingly (Figure 21). Though commercial sequencing 

machines such as the ABI 3130 (Applied Biosystems) are available, sequencing remains an expensive 

method of genotyping and is usually reserved for confirmation of positive controls or when mutation 

scanning is desired. 
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Figure 21 - Schematic of Sanger Capillary Sequencing170 

 

4.4 Association Studies 

Association studies of multifactorial disorders, such as hypertension in human populations, remain 

challenging because of the multiplicity of genes underlying complex phenotypes, the modest nature 

of gene effects, and the inevitable heterogeneity of the population. Genetic association studies are 

designed to investigate the genetic causes of a disease by finding associations between genetic 

variations and disease occurrence. An ‘association’ is defined as a statistical link between a specific 

genetic variant or variants and the risk of a disease occurring, at a specified significance level. 

Association studies can be viewed as a tool to investigate whether a specific allele might increase 

disease susceptibility, might be protective for that disease or is not involved with the disease at all. 

As long as sample sizes, effect sizes and marker frequencies are high enough, association studies are 

quite powerful to detect common causal variants.171 Compared to linkage studies, association 

studies allow the identification of disease genes with small effect sizes, many of which may 

contribute to disease susceptibility.172 
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Population association studies can be classified into several types including candidate gene, fine 

mapping and genome-wide scans. Candidate gene studies typically examine a single nucleotide 

polymorphism or multiple SNPs in a gene already implicated in causing the disease under 

investigation. The gene investigated can either be a functional candidate based on a homologous 

gene in animal models or a positional candidate that results from a previous linkage study.172 This 

strategy has been used to great effect to discover a few genes with an important contribution to 

their associated disease, and examples of candidate studies abound in scientific literature.173 It has 

been pointed out that not all of these studies have been satisfactorily replicable, and this has been 

attributed to some of the underlying limitations of the candidate gene approach.174  

 

Contrary to candidate gene studies, fine mapping association studies refer to studies that typically 

involve multiple genes and hundreds of SNPs. In fine mapping, regions of several megabases are 

tested for association with a gene, by using markers that are in a haplotype block (in linkage) with 

the entire region. The advantage of this type of study is that the focus of the study is broader, and 

therefore has the potential to examine larger sections of the genome in one study. Regions found to 

be positively associated can then be examined for specific genes. Genome-wide association studies 

similarly examine multiple markers simultaneously, but aim to identify common causal variants 

throughout the entire genome and require hundreds of thousands of SNPs. The typing of so many 

markers have now been made possible due to the Human HapMap Project and major advances in 

high-throughput technology such as SNP arrays.175 

 

4.5 Candidate Gene Studies 

Candidate gene studies examine polymorphisms from a pre-selected gene or set of genes thought to 

be implicated in disease processes. These genes are selected based on a priori knowledge of the 

disease or of the genes that suggests disease involvement,136 sometimes termed “hypothesis-driven” 

studies.176 This includes information about biochemical pathways involved in disease or known 
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regulatory mechanisms, or information about gene expression and localisation. Once the gene is 

selected, one or more polymorphisms within or in linkage disequilibrium with markers in the gene of 

interest are genotyped and examined for association. The advantages of the candidate gene 

approach is that the likelihood of detecting causal variants is increased if cross-disciplinary data such 

as expression data, epigenetic data, protein data, or biochemical pathway data are used to select 

strong candidate genes for investigation. The relatively small number of polymorphisms tested 

obviates the need for large multiple testing corrections and thus results in increased power to detect 

association.136 Further, candidate gene studies can often utilise multiple statistical approaches to 

analysis that are statistically impractical with large numbers of polymorphisms, such as interaction 

analysis, where gene-gene or gene-environment interactions are analysed. Lastly, though SNP arrays 

have reduced the cost of genome-wide association studies, candidate gene studies remain the least 

expensive and least computationally intensive method of investigating small numbers of 

polymorphisms. 

 

4.6 Genome-Wide Association Studies  

Genome-wide association studies involve scanning hundreds of thousands of markers located 

throughout the human genome. Algorithms are applied that compare the frequencies of either 

single SNP alleles, genotypes, or multimarker haplotypes between disease and control cohorts. Like 

candidate gene studies, this analysis method identifies polymorphisms with statistically significant 

differences in allele or genotype frequencies between cases and controls; however, unlike candidate 

gene studies, the use of markers that are well-spread across the genome provides a comprehensive 

genomic scan in an unbiased manner, allowing the identification of totally novel susceptibility 

factors from unknown pathways, and even possibly with unknown function173. It also allows the 

identification of broad genomic regions with a high number of overall associations, which may then 

be fine-mapped to identify the disease-causing gene or genes within the region. Thus, GWAS has the 
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potential to identify multiple susceptibility markers or genes, providing a more comprehensive 

understanding of the aetiology of complex, polygenic disorders such as hypertension.177  

 

However, despite its advantages, GWAS are not without challenges. The appropriate design of study 

conditions is essential for GWAS success, to ensure high enough statistical power to detect genes of 

small effect size, and to decrease the magnitude of type I errors (false positives) due to multiple 

testing.178 The statistical power of a study to detect association between genetic variation and 

disease, depends on many factors. These include the frequency of the risk allele or genotype, the 

relative risk conferred by the disease-associated allele or genotype (effect size), the correlation 

between the genotyped marker and the risk allele, sample size, and disease prevalence. Though the 

first three parameters cannot be known and may only be estimated prior to the conduction of pilot 

studies, they can have a profound impact on GWAS analysis and should be considered during study 

design.179 Other key components that should be established by GWAS study design are accurate or 

well-defined phenotypes, accurate high-throughput genotyping technologies, access to adequate 

computing power, rapid algorithms for data analysis, and rigorous assessment of GWAS results. 

 

4.6.1 SNP Arrays 

SNP arrays are a type of microarray which are used to detect polymorphisms in a population.180, 181 

SNPs are well-characterised as the most abundant and most uniformly distributed variation within 

the genome (with a SNP occurring every 500–1000 bp on average).173 As SNPs are highly conserved 

throughout evolution and within populations, the map of SNPs serves as an excellent genotypic 

marker for GWAS. They are also usually diallelic (making them easy to analyse) and they are 

generally easier, quicker, and less expensive to assay than other markers (such as microsatellites).173 

Even more importantly, the fact that SNPs tend to be inherited together in haplotype blocks (linkage 

disequilibrium, or LD), makes them highly useful for association scans, especially genome-wide 

scans.182 
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The basic principles of the SNP array are the same as for the expression microarray, which involves 

DNA hybridization, fluorescence microscopy, and solid surface DNA capture. The three major 

components of SNP arrays are:  

1. The array that contains immobilized nucleic acid sequences or target;  

2. One or more labelled probes per marker;  

3. A detection system that records and interprets the hybridization signal.  

 

Two major biotechnology companies, Affymetrix and Illumina, provide multiple types of 

commercially available SNP arrays. The difference between the two brands is in the way SNPs are 

selected for inclusion on the array. Illumina focuses mainly on including one or two SNPs for each 

haplotype-block across the genome, derived from the Human HapMap Project, while Affymetrix 

arrays include SNPs evenly spread across the genome, with an average distance between SNPs of 5.8 

kb.183 Using tagged SNPs on SNP arrays has become very popular for whole-genome scans and has 

proven valuable.173 The main limitation of the tagged SNP approach is the lack of redundancy, which 

means that a failure of a tagged SNP on the array equates to the loss of information regarding other 

SNPs in LD with the tagged SNP. The use of non-tagged SNPs avoids this issue by using redundant 

markers (where many SNPs are in LD with many other SNPs). Therefore, even if a marker fails, the 

other markers in LD with it can still provide the information that would have been otherwise lost.173 

Therefore, both types of array have advantages and disadvantages for genome-wide association 

studies. 

 

Even though each SNP array is expensive and can be used only once, the cost of SNP arrays has been 

largely reduced in the last 5 years, even as the number of markers that can be typed on a single 

array has increased dramatically, from 10,000 markers on the first genome-wide SNP array 

(Affymetrix), up to more than 1 million markers on the most recently released arrays. Nevertheless, 

the cost of SNP arrays for genome-wide association studies with large numbers of cases and controls 
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is still fairly prohibitive for most research centres, particularly if replicate arrays are performed to 

reduce error. It is therefore becoming increasingly common to reduce the cost of DNA microarray 

studies by pooling DNA from many individuals in a group (such as cases or controls) and allelotyping 

the pooled DNA on a single DNA microarray.184-186  

 

4.6.2 DNA Pooling 

Pooling consists of combining multiple DNA samples for the purpose of screening many subjects 

simultaneously.187-189 In a case-control scenario, DNA samples from the cases are combined to form 

one pool and DNA samples from the controls are combined to form the second pool. Although 

recent advances in technology such as SNP arrays have made GWAS possible and substantially 

decreased genotyping costs, the cost of screening thousands of markers from large numbers of case 

and control samples is still exorbitant.188, 190 Hence, pooling offers a much cheaper alternative than 

individual genotyping. However, one limitation of DNA pooling is that it cannot be used to assess 

genotyping frequencies. Instead, this method can only be used to estimate allele frequencies and 

the process of performing GWAS on pooled DNA samples is currently referred to as “allelotyping”.185, 

191 The rationale behind allelotyping pooled samples is to compare relative allele frequencies in cases 

and controls in order to find potential markers associated to the condition. Subsequently, validation 

of allelotyping results is obtained by genotyping individual samples. 

 

However, conducting GWAS using pools requires more consideration than traditional single sample 

GWAS. First and foremost, DNA pools have to be carefully constructed. Each DNA sample needs to 

be properly assessed both in terms of quality and quantity before it is included in a pool. This is the 

most critical and time-consuming step in GWAS using pooled DNA samples. Each DNA sample needs 

to be properly extracted, purified and accurately quantified because each sample needs to be 

equally amplified so that accurate allelotyping results can be obtained. If DNA is not quantified 

accurately, the relative amounts of DNA template for each sample added to the pool may be over- 
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or under-estimated. This would result in preferential amplification of the over-represented samples 

while under-represented samples will not contribute to the final allele frequencies. If many DNA 

samples have variable amplification efficiency, either from quality differences or quantity variance, 

error due to pool variance increases. Though studies have shown that error due to pool construction 

is substantially lower than error due to array construction, care should still be taken to minimise 

pool error and improve accuracy of GWAS results.192, 193 

 

In addition to pool construction, care must be taken with statistical analysis of GWAS results, as the 

analysis of pooled DNA GWAS is more complicated than conventional single-sample GWAS. Both 

Affymetrix and Illumina have developed powerful software that implements complex algorithms to 

analyse the large volume of data generated through SNP arrays. However, these software are unable 

to analyse pooled DNA GWAS; thus alternative methods must be employed. 

 

4.6.3 Pooled DNA Allelotyping 

Because the software developed by both Affymetrix and Illumina are only geared towards genotype 

calling for single-sample GWAS, they are of no benefit when pooled DNA GWAS data analysis is 

concerned. Instead, for pooled DNA, relative allele signal (RAS) values are employed as quantitative 

indices of allele frequencies (sometimes also called pooling allele frequencies, or PAF). Previously, 

RAS scores calculated using the 10K MPAM Mapping algorithm194 from Affymetrix have been shown 

to be reliable, accurate and valid indices of allele frequency in pooled DNA. However, the MPAM 

algorithm194 can only be used on pooled samples using 10K Affymetrix arrays. With the advent of the 

500K array, the MPAM algorithm was replaced with the BRLMM algorithm194 rendering the analysis 

of pooled DNA impossible using Affymetrix GTYPE software. Instead, for pooled samples on 500K or 

greater arrays, several research groups have developed software that can automate the calculation 

of RAS values and their further analysis specifically for pooled DNA GWAS. 
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Genepool,195 MPDA,196 SNPMaP197 and UPDG198  are four such software, all freely available online. 

The advantages and disadvantages of each software primarily lie in the operating environment 

available to users. For instance, Genepool195 operates on Linux and as such restricts users who may 

not be familiar with non-Windows operating platforms. MPDA196 is Windows-based, but requires the 

purchase of and training in additional proprietary software (MatLab) for use. SNPMaP,197 like MPDA, 

also requires the acquisition of additional software to run, as it is implemented in a script in the 

statistical software R. However, SNPMaP has a distinct advantage over both MPDA and Genepool, as 

R is freely available to download and is platform-free (can be run on any operating system, including 

Windows, Linux, MacOS) and can be used to generate RAS values from any Affymetrix SNP array. 

This software cannot, however, be used to analyse Illumina arrays. The most recent software to 

become available, UPDG198 allows for the analysis of both Affymetrix and Illumina arrays; 

additionally, UPDG has the advantage of being platform-independent, and the software is geared 

towards users who do not possess sophisticated programming skills. However, Affymetrix data 

requires transformation into a different file format to be analysed with UPDG, and more importantly 

UPDG requires that a subset of the samples be genotyped indiviually on SNP arrays, which drastically 

drives up the cost of the pooled DNA GWAS. To avoid these extra costs, algorithms for analysis of 

Illumina arrays have also been developed and published by independent researchers.190 

 

In a modification of an earlier algorithm developed for Affymetrix arrays, RAS (termed PAF in the 

publication) are estimated from green and red raw fluorescence data after calibrating for array 

stripe bias.190 In this method, firstly Illumina BeadScan software settings must be altered prior to 

array hybridization, to allow raw two colour (green/red) beadscores to be generated as output. 

Arrays are then scanned, and raw fluorescence data is obtained for each bead on the arrays, with up 

to 64 beads per marker.190 The pooling allele frequency (PAF) is then computed as red intensity 

divided by the total (red plus green) intensity.193 Due to the presence of fluorescence intensity bias 

among array stripes (a horizontal strip of probes, approximately 20 per array), fluorescence 
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intensities are then corrected for, using the preliminary PAF. The bias results in green beadscores 

being inconsistently larger than red, with each stripe having a different green/red ratio. 

Normalization is performed within stripe, by rescaling the red fluorescence beadscore to make the 

mean PAF value = 0.5 for all SNPs on a particular stripe.193 Corrected PAF are then re-calculated for 

each bead for a marker, as follows: corrected PAF = corrected red / (corrected red + green). This 

method specifically aims to control pooling error, in order to obtain results similar to individual 

genotyping.190 Allelotype scores generated using this method can then undergo quality control (QC) 

filtering for various controls, including the removal of fluorescence artifacts, low efficiency/low 

fluorescence markers, or markers with low minor allele frequency. Post QC pooling allele 

frequencies can then be compared between case and control pools using association analysis 

methods.  

 

4.6.4 Validation and Replication 

Even with the most stringent genome-wide significance threshold, there is always potential for 

highly associated GWAS markers to be false positives. This probability is compounded by a pooling 

approach where pooling errors due to pool construction and array hybridisation199 may contribute to 

spurious association. Therefore, it is necessary to validate top hits from pooled DNA GWAS by 

individually genotyping each sample that constituted the pool. Allele frequencies obtained from the 

pools can then be compared with allele frequencies obtained from individual genotyping, and 

analysed for correlation.186 The association of top hits can then be validated if the direction of 

association is the same in pooled and individual frequencies. GWAS findings, whether they be from 

pooled or non-pooled GWAS, should then ideally be replicated in a different population. Markers 

that are truly associated with disease phenotype may be identified if associations are replicated in 

other studies.200 
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4.7 Statistical Analysis 

4.7.1 Hardy-Weinberg Equilibrium 

The Hardy-Weinberg law is one of the most important principles in population analyses,201 and 

states that the allele and genotype frequencies of a population will tend to remain the same from 

generation to generation. However, for HWE to hold, a few assumptions about the population 

investigated must be taken into account. The population must be large enough so that allele 

frequency errors are negligible and it must be free from evolutionary forces so there is no selective 

advantage of any genotype, and there is no gene flow in or out of the population due to migration. 

Moreover, mating within the population must be random (lack of consanguinity or assortative 

mating).202 When HWE holds in a population, the genotypic frequencies are described in the 

following equation: p2 + 2pq + q2 = 1, where p and q are the frequencies of allele 1 and 2 observed in 

the population being investigated, and p2 is the frequency of genotype 1/1, 2pq is the frequency of 

genotype 1/2, and q2 is the frequency of genotype 2/2. Genotyping errors and population 

stratification can interfere with HWE and thus conformation to expected HWE frequencies should be 

analysed prior to performing association tests on genotype data.  

 

4.7.2 Chi-Square Analysis 

One of the methods used to analyse differences in genotype and allele counts between case and 

control groups is to perform a chi-square test. This test entails determining the goodness of fit of 

observed and expected ratios of two groups outlined in a contingency table such as the one below, 

where n refers to the number of individuals in a particular group, with a particular exposure to a risk 

factors, and row1 refers to the total number of individuals in row 1 (with exposure 1), and so on.  

 

For analysis of genetic risk factors for disease susceptibility, the contingency table will have cases 

and controls as the two groups, and either genotypes (2 X 3 table) or alleles (2 X 2) as the exposures,  
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Table 3 - Generalised Contingency Table for Analysing Disease-Exposure Risk203 

  Groups 

  Group 1 Group 2 Total 

Exposure 
to a risk 
factor 

Exposure 1 n1,1
 n2,1

 row1
 

Exposure 2 n1,2
 n2,2

 row2 

Total column1 column2 Σ(all n) 

 

as seen in the example above (Table 3). 

 

The chi-square (χ2) statistic compares the observed number of individuals in each cell of the 

contingency table expected number if there was no association between the groups and 

exposures204. It does this by measuring the deviation of observed values from expected values. χ2 is 

calculated using the following equation: χ2 = Σ [(O – E)2 / E], where O represents the observed value 

and E represents the expected value, obtained by calculating the probability of exposure (row1/total 

for exposure 1; row2/total for exposure 2) and multiplying by the column totals for each cell.204 This 

determines whether the two groups are dependent (indicating an association) or independent 

(indicating no association), as the larger the value of the χ2 statistic, the larger the deviation of 

observed from expected frequencies. The value of the χ2 statistic is then compared to a χ2 

distribution table with the appropriate degrees of freedom (df), determined as follows:  

df = (# of rows – 1)(# of columns – 1) 

 

In cases where one or more cells in a contingency table is less than 5, the χ2 test is not appropriate 

and alternative methods such as the Fischer’s Exact Test and the Monte Carlo method should be 

used. The CLUMP program205 calculates a new χ2 value by merging columns together and 
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implements the Monte Carlo method (repeated simulations) to assess the significance of the new 

value. 

 

4.7.3 Significance Thresholds 

Performing tests for association using χ2 or other methods cannot be interpreted without the 

nomination of a threshold to determine a significant result from a non-significant result, and to 

know when to reject the null hypothesis (hypothesis of no association). In the biological sciences, it 

is generally accepted to set the significance threshold of association tests at 0.05: if the p-value of 

the statistical test is found to be less than 0.05, the null hypothesis is then rejected. In other words, 

there is a one in twenty chance that the result is a false positive (Type I error). Obviously, if more 

hypothesis tests are conducted, the chances of obtaining a type I error increases accordingly. For 

instance, if 100 hypothesis tests are performed at a significance level of 0.05, five of those tests 

could be significant through chance only. In GWAS, each marker investigated is a hypothesis being 

tested and given that millions of markers are being investigated on SNP arrays, the problem of 

obtaining significant results through chance alone is massively compounded. To compensate for this 

problem, multiple testing corrections can be implemented, which decrease the significance 

threshold to a more stringent level, reducing the probability of type I errors. 

 

The most conservative and most widely used multiple testing correction is the Bonferroni 

correction.206 It entails either dividing the original significance level of 0.05 by the number of 

markers being tested (more stringent significance level) or by multiplying the p-value of each marker 

by the number markers being tested and comparing them to the original significance level of 0.05. 

However, the Bonferroni correction is often considered to be too conservative because it not only 

reduces the number of false positives but also the number of true positives leading to a loss in 

power. This is especially pronounced for genome-wide association studies, as the Bonferroni 

correction translates to a massive decrease in p-value threshold due to the large numbers of 
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markers tested simultaneously on SNP arrays (minimum > 10,000). For recent SNP arrays which 

contain more than 1 million markers, the genome-wide significance threshold has been typically held 

at 5 X 10-8, or 0.05 divided by 1 million. Moreover, the Bonferroni correction assumes independence 

of hypotheses tested, and this is not usually the case in genetic studies because markers tend to be 

correlated. 

 

A less stringent correction method, although very similar to the Bonferroni correction, is known 

either as the Bonferroni step-down correction or the Holm correction.207 In this method, the p-

values are first ranked from smallest to largest. The smallest p-value is then multiplied by the 

number of markers being tested and the result is considered significant if the corrected p-value is 

less than 0.05. The second smallest p-value is then multiplied by the number of markers minus one 

and then compared to 0.05 for significance. The same procedure is repeated for the remaining p-

values with the corrected p-values obtained by multiplying the original p-value with the remaining 

number of markers in the study.208 

 

A more recent and less stringent approach than the above two corrections is the Benjamini-

Hochberg False Discovery Rate (FDR). Instead of controlling the number of false positives across all 

hypotheses, the FDR approach only controls the number of false positives in the tests which are 

significant.209 In other words, an FDR corrected p-value, usually referred to as a q-value, of 0.05 

indicate that 5% of significant tests could be false positives compared to the usual p-value which 

indicates that 5% of all tests could be false positives. The q-values are calculated by first ranking the 

p-values from smallest to largest. The largest p-value is multiplied by the total number of markers in 

the study to yield the first q-value. The second largest p-value is multiplied by the total number of 

markers in the study and then divided by the total number of markers minus one. The q-value for 

the second largest p-value is the minimum of the first q-value calculated for the largest p-value and 

the second q-value calculated. The third largest p-value is multiplied by the total number of markers 



88 
 

in the study and then divided by the total number of markers minus two. Again the q-value for the 

third largest p-value is the minimum of the q-value assigned to the second largest p-value and the 

third calculated p-value. The procedure is repeated until a q-value is obtained for each p-value.208 

The q-values are then usually compared to 0.05 to infer significance. 

 

4.7.4 Statistical Power 

Another important consideration when conducting statistical analyses, is the evaluation of the 

statistical power of the analysis, which is the probability that the null hypothesis is correctly rejected 

(i.e. rejected when false),210 or in other words, the probability that a true association is detected. The 

statistical power of a study to detect association between genetic variation and disease depends on 

many factors. These include the frequency of the risk allele or genotype, the relative risk conferred 

by the disease-associated allele or genotype (effect size), the correlation between the genotyped 

marker and the risk allele, sample size, and disease prevalence. Though some parameters may only 

be estimated, power calculations provide an estimate of the likelihood that an association will be 

detected between the case group and the genotypes or alleles under investigation, and can be used 

to estimate the sample size required to detect an association of a given effect size at a given power. 

It can also prevent overpowering of the study, which reduces experimental time and costs, and allow 

for modifications to the study design to increase power if required.  

 

A number of softwares or webpages designed to perform power calculations given estimations of 

these variables are available online, including Russ Lenth’s online java applets for power and sample 

size211 and the freely downloadable program G*Power3.210 These power calculation tools allow for 

the user to input desired variables such as effect size, sample size, and alpha level. They are also able 

to calculate power for a number of different statistical tests such as t-test, ANOVA, and χ2 test, as 

power calculations are dependent on the type of test statistic used.  
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However, these commonly used calculators are not capable of performing power calculations for 

GWAS, and in fact, calculating power for GWAS has proven to be difficult to determine due to the 

presence of linkage disequilibrium in the genome, the wide range of allele frequencies of each 

marker tested on an array, the variety of genetic models that may underlie marker association, and 

the variety of test statistics used to analyse GWAS results (Figure 22).212 Many studies have 

attempted to overcome the issues mentioned above by proposing different methods of GWAS 

power calculation.212-214 Alternatively, some online tools specifically for GWAS power calculation are 

available, such as the “CaTS – Power Calculator for Two Stage Association Studies” (Figure 23).214 

Though these tools make some assumptions about GWAS study design, they can be used to 

reasonably approximate power for GWAS studies. 

 

 

Figure 22 - GWAS Power for Increasing Sample Sizes for Different Arrays212 Effect sizes (given as 

relative risk per allele) range from 1.1 to 2, left to right. Risk allele frequency of the causal allele is > 

0.05. With small sample sizes (n < 500) and effect size with relative risk 2, power is approximately 

70-80% for Illumina arrays. 
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Figure 23 - CaTS Power Calculation Tool for GWAS 

 

Pooled DNA GWAS studies further complicate the process of power calculation, as the accuracy of 

the pooled DNA GWAS to estimate SNP allele frequency will affect the ability of the study to detect 

associations and thus affect study power.215 At least one online tool has recently become available, 

called “PoolingPlanner”, which allows pool and array variance for pooled GWAS studies to be 

estimated.215 The variance estimation is transformed into an “effective sample size” (ESS), or the 

sample size of the study if individual GWAS was performed instead of pooled GWAS for a given 

range of replicates. The ESS effectively models the loss of power from pooled GWAS studies, and 

once ESS is calculated, the pool-adjusted sample size can be used in any of the online power 

calculators intended for traditional GWAS, by substituting ESS for pool sample size.215 
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4.7.5 Epistatic Interaction Analysis 

Although some hypertension genes have been found through individual genotyping analyses and 

through GWAS, much of the variance in BP has still to be accounted for. It has been suggested that 

gene-gene interactions (or epistasis) may be particularly important in BP variance and hypertension, 

as the influence that any one factor has on phenotype may be moderated or even abrogated by 

other genetic factors affecting BP.216, 217 This may explain some of the inconsistent and contradictory 

findings from candidate gene studies. Though biological epistasis, the true interaction between 

molecules in vivo, is difficult to identify without functional studies, statistical epistasis, a deviation 

from non-interaction in a multi-variable model, can be assessed by both parametric and 

nonparametric methods,217 with non-parametric methods being more powerful to detect 

interactions. 

 

One such powerful non-parametric method is termed multifactor dimensionality reduction (MDR) 

analysis, which classifies genotype combinations of two loci (multi-locus genotype) into a single 

variable or dimension of low-risk or high-risk genotype combination. This re-definition of two-

dimensional (two-locus) data as one dimension (risk value) is how MDR reduces the complexity of 

multi-dimensional data. The risk value dimension can then be analysed to predict the outcome 

variable (case or control status) in a non-parametric method analogous to the parametric method of 

logistic regression. Non-parametric methods such as MDR are being increasingly used for genetic 

interaction analysis as they are model-free and are considered more robust than parametric 

methods for detecting potential gene-gene interactions.218 

 

4.7.6 Pathway Analysis 

Though genome-wide association studies have proven to be an important tool for elucidating the 

aetiology of complex diseases, with some success in identifying EH-associated genes,219, 220 the GWAS 
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approach has been somewhat limited by statistical power restrictions due to multiple testing, 

suggesting that biologically important loci of small effect size may be missed.219, 220 Another 

limitation is that clarifying the role of associated markers in the disease may be difficult due to the 

fact that they may be in linkage with unknown causal variants, they may be of unknown function, or 

they may be related to non-coding regulatory elements.  

 

In recent years, gene set enrichment analysis (GSEA) methods, also known as pathway analysis, have 

been adopted to assist interpretation of GWAS data.219 To some extent, GWAS limitations can be 

overcome by doing pathway analysis, which basically groups genes which are known to be involved 

in a particular pathway with a main biological function. This increases power to detect associated 

pathways (and the genes within them) due to fewer pathways being tested, and due to the 

combination of small, undetected associations of genes related by a common pathway function.221 

Pathway analysis can also help relate associated genes to the underlying pathophysiology of 

disease.220 This approach uses GWAS data such as individual GWAS genotype data or summary data 

(p-values) and pre-existing gene lists for known pathways stored on pathway databases to 

determine a statistic combining marker associations into gene associations, and gene associations 

into pathway associations. The pathway test statistics are then examined for significance, usually 

through permutation methods simulating a null distribution of pathway statistics. Numerous 

different test statistics and algorithms for calculating test statistics have been developed,221 as can 

be seen in Figure 24.  
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Figure 24 - Types of Pathway Association Methods. a) shows two approaches differing by the type 

of input data, while b) shows two approaches differing by the type of null hypothesis tested.220 

 

Pathway analysis tools for each approach are both commercially and freely available online. Though 

pathway analysis can be conducted on any set of markers which has been tested for association, 

including pooled DNA GWAS results, choice of appropriate software must be made based on both 

the type of data to be used as input and the desired hypothesis to be tested. For instance, 

performing pathway analysis on pooled DNA GWAS results requires the use of summary data only as 

input. Though pathway analysis is still a growing field of analysis, it seems to show great potential for 

maximising biologically relevant findings from genome-wide association studies. Rather than 
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searching for “needles in a haystack”, the pathway approach may allow researchers to find “a string 

of interconnected needles in a haystack”,220 improving chances of identifying true genetic factors 

underlying susceptibility to complex diseases. 

 

This chapter has outlined a number of methods used in this research to investigate genes involved in 

hypertension. This thesis has four discrete chapters that outline the results of this research as 

follows: i) A candidate gene study investigating homocysteine pathway gene variants; ii) A genome-

wide association study conducted using a DNA pooling approach; iii) A validation study of GWAS 

results using individual genotyping; iv) a pathway analysis study utilising GWAS data from two 

cohorts using three different pathway analysis platforms. Each chapter has been included in a 

journal publication format with specific introduction, methods, results and discussion for each of 

these aspects of the research.  
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5.1 Introduction 

5.1.1 The Hcy Pathway and Hypertension 

Hypertension is defined as a sustained systolic blood pressure of greater than 140mmHg or a 

diastolic blood pressure of greater than 90mmHg, or both.1 Ninety five percent of hypertensives 

suffer from essential hypertension (EH) with the remaining 5% exhibiting high blood pressure due to 

some underlying disorder such as Liddle’s syndrome, glucocorticoid-remediable aldosteronism or 

apparent mineralocorticoid excess syndrome.222 Worldwide, about one billion people suffer from 

hypertension while in Australia at least 30% of men and 20% of women are hypertensive.4 In 

addition to the direct costs of treating EH, it is also a risk factor for many cardiovascular diseases 

(CVD), with EH implicated in 7.5 million deaths annually from ischaemic heart disease and stroke.223 

Determining the risk factors for EH is therefore important for understanding both EH and CVD and 

may help to develop new treatment or prevention strategies. 

 

There are a number of environmental and clinical risk factors associated with EH including, but not 

limited to, dietary intake of sodium, alcohol intake, lack of exercise, poor diet, obesity, insulin 

resistant diabetes and hyperlipidaemia. Although these factors explain a substantial proportion of 

hypertension susceptibility, it is estimated that up to 60% of the variation in hypertension risk is due 

to an individual’s genetic makeup.21 Thus, many studies have investigated the genetic component of 

hypertension using the well-known animal model, the spontaneous hypertensive rat, or undertaking 

genetic association and linkage studies in hypertensive case-control and family cohorts. 

Investigations into the genetic component of hypertension have mainly focussed on the renin-

angiotensin-aldosterone system (RAAS) because of its importance in regulating normal blood 

pressure.91, 105 Other genes, such as those involved in the central nervous system, vascular-

endothelial system and metabolic system, have also been extensively studied.118, 224, 225 
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The homocysteine (Hcy) pathway has emerged as a strong candidate for EH and many studies have 

investigated genetic variation underlying hyperhomocysteinemia (hHcy). However, results have so 

far been inconclusive, with some studies reporting a significant association226-228 while others have 

reported no association.229, 230 The third National Health and Nutrition Examination Survey (NHANES 

III) reported that people with the highest level of Hcy carried a 2 to 3 fold increase in hypertension 

prevalence than those with the lowest Hcy level.231 The mechanisms by which hHcy can cause 

hypertension are thought to be through either vascular remodelling or vasoconstriction.9 A study in 

human umbilical artery smooth muscle cells reported an increase in the proliferation of vascular 

smooth muscle cells through the differential regulation of cyclin A and D1 expression, which led to 

an increase in intima media thickness.232 Another study on mesenteric arteries in mice showed that 

hHcy decreased bioavailability of nitric oxide by decreasing the expression of endothelial nitric oxide 

synthase through the activation of matrix metalloproteinases during oxidative stress.233 

 

It is thought that Hcy levels are mainly increased by environmental factors such as lack of folate, 

vitamin B12 and vitamin B6 in the diet;234 however, alterations in the Hcy pathway have also been 

shown to lead to mild hHcy in humans.132 The Hcy pathway involves the conversion of Hcy to 

methionine. Briefly, tetrahydrofolate, a folic acid derivative, is converted to 5,10-

methylenetetrahydrofolate (5,10-MTHF) by the enzyme methylenetetrahydrofolate dehydrogenase 

1 (MTHFD1). 5,10-MTHF is converted to 5-methyltetrahydrofolate by methylenetetrahydrofolate 

reductase (MTHFR). Ultimately this substrate reacts with Hcy to form methionine and regenerates 

tetrahydrofolate. Methionine synthase (MTR), in the presence of cobalamin (vitamin B12), regulates 

this reaction. However over time, cobalamin which is a strong reductant becomes oxidised, thereby 

inactivating the MTR enzyme. The enzyme methionine synthase reductase (MTRR) reactivates MTR 

by reducing cobalamin to its original state.9 A simplified pathway is shown in Figure 25. 
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Figure 25 - Simplified Homocysteine Pathway 

 

One of the most studied genetic variants contributing to hHcy is the C to T single nucleotide 

polymorphism (SNP) at codon 677 of the MTHFR gene. The C to T substitution causes alanine to be 

substituted by valine. The TT variant codes for a thermolabile enzyme which has a 50% reduced 

activity compared to the CC variant.130 Another SNP in the same gene occurs at codon 1298 with an 

A to C substitution. This leads to glutamine being substituted by alanine. Although the CC variant 

also reduces enzymatic activity, with its effect not as drastic as the TT variant occurring at codon 

677131, both polymorphisms result in a decrease in MTHFR enzyme activity, which decreases 

production of 5-methyltetrahydrofolate, the necessary substrate for Hcy conversion to methionine. 

By decreasing levels of 5-methyltetrahydrofolate, these polymorphisms could therefore result in 

accumulation of Hcy, leading to hHcy.132 

 

Although the MTRR enzyme does not directly participate in the conversion of Hcy to methionine, the 

fact that it keeps the MTR enzyme active makes it a key enzyme in Hcy metabolism. A common SNP 

in MTRR is the A to G substitution at codon 66. This substitution causes isoleucine to be substituted 

by methionine in the enzyme. It has been reported that the mutant enzyme exhibits a four-fold 



99 
 

lower activity in reactivating MTR than the wild type enzyme.126 This polymorphism has also been 

associated with increased Hcy levels.235 

 

The MTHFD1 gene codes for a tri-functional enzyme: 5,10-MTHF dehydrogenase, 5,10-MTHF 

cyclohydrolase and 10-formyltetrahydrofolate synthetase. The G1958A polymorphism results in the 

replacement of arginine by glycine within the synthetase active domain and reduces the enzymatic 

activity of MTHFD1 by about 26%,236 thereby disrupting methionine synthesis and possibly resulting 

in increased levels of Hcy. 

 

This study investigated whether there is an association between EH and the MTHFR C677T, MTHFR 

A1298C, MTRR A66G and MTHFD1 G1958A variants in an Australian case control cohort. An 

interaction analysis using the multifactor dimensionality reduction (MDR) method was also 

performed to investigate whether specific combinations of genotypes across all four loci contribute 

to disease status. 

 

5.1.2 Interaction Analysis Using MDR 

MDR analysis is a data mining method used to detect and classify combinations of independent 

variables such as genotypes or environmental factors that may interact to cause disease. MDR 

classifies the genotype combinations of two loci (multi-locus genotype) into either belonging to a 

low-risk group or a high-risk group. For example, all possible genotypes at locus 1 (AA, Aa, aa) are 

paired with each other possible genotype at locus 2 (BB, Bb, bb), giving nine possible multi-locus 

genotypes (AA/BB, AA/Bb, AA/bb, and so on). Each multi-locus genotype is then evaluated for the 

number of cases versus controls, and assigned to be high-risk if the number of cases exceeds the 

number of controls.237, 238 For a matched case-control population, this is determined if the ratio of 

cases to controls is greater than 1. If the ratio is less than 1, the multi-locus genotype is defined as 
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low-risk. When numbers of cases are equal to numbers of controls, MDR allows users to assign 

multi-locus genotypes as affected (high-risk), unaffected (low-risk), or unassigned.  

 

This re-definition of two-dimensional (two-locus) data as one dimension (risk value) is how MDR 

reduces the complexity of multi-dimensional data. The risk value dimension can then be analysed to 

predict the outcome variable (case or control status) in a non-parametric method analogous to the 

parametric method of logistic regression and is better suited to deal with modelling of high-order 

interactions in small sample sizes. Non-parametric methods such as MDR are being increasingly used 

for genetic interaction analysis as they are model-free and are considered more robust than 

parametric methods.218 

 

5.2 Materials and Methods 

5.2.1 Study Population 

The study protocol was approved by the Griffith University’s Ethics Committee (HSC/18/04/HREC). 

The study population was composed of 409 hypertensives and 409 age- (±5 years), sex- and 

ethnicity-matched normotensive controls, who resided in the South East Queensland region of 

Australia. All participants were of Caucasian origin. Cases were defined as individuals who were 

clinically diagnosed as suffering from hypertension and who were taking anti-hypertensive drugs. 

Controls were defined as participants who were not taking anti-hypertensive drugs, and whose 

blood pressure was less than 140/90 mmHg. 53.3% of the population was female and 46.7% was 

male. The average age of the case group was 63.1±10.9 years and the average age of the control 

group was 61.0±10.5 years. Peripheral blood samples as well as questionnaires detailing medical 

history, including blood pressure and prescribed medications, were obtained from all participants. 

All participants signed informed consent agreements prior to collection of blood and clinical 

information.  
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5.2.2 DNA Sample Preparation 

Genomic DNA was derived from whole blood samples taken from hypertensive and normotensive 

participant samples obtained in various sample collections and stored in the Genomics Research 

Centre (GRC) at Griffith University. The largest proportion of samples were derived from two main 

collections: the Gemini collection (collected in South East Queensland from 1997 to 2000) and the 

Nambour collection (collected in the town of Nambour, 100km from Brisbane in 1996).  

 

A subset of participant DNA samples were previously extracted from blood using a modified version 

of the salting-out method150 and stored at -20 oC in 1X TE buffer at the GRC; an aliquot of these 

samples were obtained for use in this study and were assessed for quality and concentration via UV 

spectrophotometry (Nanodrop ND-1000). Samples that were less than 20 ng/µL and of poor quality 

(1.7 > A260/A280 > 2.0) underwent phenol-chloroform purification.157 Samples that were less than 

20 ng/µL but of good quality underwent ethanol precipitation and were resuspended in 200ul 1X TE 

buffer. The remaining participant samples from the blood collections were stored as whole blood at -

80 oC. Each sample contained between 5-7 mL of whole blood, which was then thawed and the DNA 

extracted for use in this study, also using the modified salting-out method.  

 

Samples were quantified and assessed for quality via UV spectrophotometry (Nanodrop ND-1000) 

and visual inspection. Samples that displayed poor colouration (indicating presence of red blood cell 

debris in the solution) or that had poor Nanodrop quality were purified using the phenol-chloroform 

purification.157 Quality and concentration of purified stock samples were then re-assessed by UV 

spectrophotometry.  

 

A 400 µL aliquot of 1X TE stock DNA was removed for each sample, which was then ethanol 

precipitated and resuspended in 200 µL of distilled water (dH2O) for use in this research. DNA 

samples in dH2O were re-quantitated and then normalised to a standard working concentration of 
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20 ng/µL in (8 X 12) 96-well 200 µL PCR trays using the CAS1200 automated liquid handling robot 

(Corbett) available in the GRC. Whole-genome amplification was performed in triplicate on 3 X 1 µL 

aliquots of the normalised DNA samples using the GenomiPhi WGA Kit (GE Healthcare), as per 

manufacturer instructions. Briefly, 9 µL of kit sample buffer was added to 1 µL of template DNA, 

followed by heating at 95 oC for three minutes, and then cooled to 4 oC on ice. Meanwhile, 1 µL of kit 

enzyme mix was added to 9 µL kit reaction buffer, which was then added to the cooled sample. 

Samples were then incubated at 30 oC for 1.5 hours, followed by heating at 65 oC for 10 minutes. 

Samples were cooled to 4 oC and triplicates were pooled in a single tube. Reactions were performed 

in triplicate in order to reduce any random amplification errors. Samples were then diluted to 20 

ng/µL with distilled water and stored at 4 oC until use. 

 

5.2.3 Genotyping Assays 

Two polymorphisms in MTHFR and one polymorphism in MTRR and MTHFD1 were genotyped for all 

cases and controls. Detailed information regarding polymorphisms and a summary of assay 

conditions are listed for each polymorphism in Table 4. Protocol and assays for each polymorphism 

are described in detail below. 
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Table 4 - SNP and Assay Information 

Gene Location rs number SNP AA 
change Assay Primer sequence Product 

size Enzyme Digest 
Fragment 

MTHFR 1p36.3 rs1801133 C677T A222V PCR-RFLP FWD: 5’ TGAAGGAGAAGGTGTCTGCGGGA 3’ 
REV: 5’ AGGACGGTGCGGTGAGAGTG 3’ 198bp HinfI 

C - 198bp 
T – 175bp 

& 23bp 

MTHFR 1p36.3 rs1801131 A1298C E429A HRM FWD: 5’ CTTTGGGGAGCTGAAGGACTACTAC 3’ 
REV: 5’ CACTTTGTGACCATTCCGGTTTG 3’ 163bp N/A N/A 

MTRR 5p15.31 rs1801394 A66G I22M HRM FWD: 5’ GCAAAGGCCATCGCAGAAGACAT 3’ 
REV: 5’ AAACGGTAAAATCCACTGTAACGGC 3’ 118bp N/A N/A 

MTHFD1 14q24 rs2236225 G1958A R653Q HRM FWD: 5’ CATTCCAATGTCTGCTCCAA 3’ 
REV: 5’ GTTTCCACAGGGCACTCC 3’ 254bp N/A N/A 

AA = Amino acid; PCR-RFLP = Polymerase chain reaction - restriction fragment length polymorphism; HRM = High resolution melt 
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5.2.4 MTHFR C677T Marker RFLP Genotyping Assay 

The MTHFR C677T polymorphism was genotyped by polymerase chain reaction (PCR) followed by 

restriction fragment length polymorphism analysis. The PCR protocol was as follows: 1X PCR buffer 

(Promega), 1.75 mM MgCl2 (Promega), 0.2 mM dNTPs (NEB), 0.2 µM forward primer, 0.2 µM reverse 

primer, 1U GoTaq (Promega) and 40 ng of DNA. The primer sequences were designed by Frosst128 

and are as follows: forward primer - 5’ TGA AGG AGA AGG TGT CTG CGG GA 3’; reverse primer - 5’ 

AGG ACG GTG CGG TGA GAG TG 3’. Primers were validated as described in a previous study.124 The 

PCR thermocycling conditions were as follows: 95 oC for 3 minutes, then 94 oC for 40 seconds, 69 oC 

for 40 seconds, and 72 oC for 1 minute for 35 cycles, followed by a final extension step of 72 oC for 5 

minutes. The 198bp PCR products were electrophoresed on a 15 cm 2% agarose gel (containing 

0.006% ethidium bromide) for 30 minutes at 90 V, and then visualised under ultraviolet light. 10 µL 

of PCR product was then digested with 4U HinfI and 1X NEB Buffer 2 at 37 oC for 12 hours, followed 

by an 80 oC enzyme deactivation step of 20 minutes. Restriction digest products were 

electrophoresed on a 15 cm 3.5% agarose gel for 120 minutes at 80 V, which was then post-stained 

in a 0.01% solution of ethidium bromide in 1X Tris-Acetate-EDTA (TAE) buffer for 30 minutes and 

visualised under ultraviolet light. HinfI digestion of fragments containing the T allele produced two 

fragments of 175bp and 23bp while fragments containing the C allele remained undigested by HinfI.  

 

5.2.5 MTHFR A1298C Marker HRM Genotyping Assay 

The MTHFR A1298C polymorphism was genotyped by PCR followed by high resolution melt (HRM) 

analysis. The PCR protocol was as follows: 1X PCR buffer (Promega), 1.5 mM MgCl2 (Promega), 0.2 

mM dNTPs (NEB), 0.3 µM forward primer, 0.3 µM reverse primer, 1.6 µM SYTO9 (Invitrogen), 1U 

GoTaq (Promega) and 40 ng of DNA. The primer sequences were obtained from a previous study239 

and are as follows: forward primer - 5' CTT TGG GGA GCT GAAGGA CTA CTA C 3'; reverse primer - 5' 

CAC TTT GTG ACC ATTCCG GTT TG 3'. The PCR followed by high resolution melting analysis was 
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conducted on a 7900HT Fast Real-Time PCR System (Applied Biosystems) and the thermocycling 

conditions were as follows: 95 oC for 5 minutes, then 95 oC for 15 seconds and 60 oC for 1 minute for 

45 cycles. PCR products were melted from 60 oC to 95 oC with a temperature ramp rate of 1%. 

Amplicon melting ranged between 80 oC and 84 oC, with amplicon melting temperature (Tm) 

occurring at 82 oC. Three separate melt curves were obtained corresponding to the three genotypes 

AA, AC, and CC. Primers were validated using an RFLP approach to genotype positive controls as 

described previously.240  

 

5.2.6 MTRR A66G Marker HRM Genotyping Assay 

The MTRR A66G polymorphism was genotyped by PCR followed by high resolution melt analysis. The 

PCR protocol was as follows: 1X PCR buffer (Promega), 1.5 mM MgCl2 (Promega), 0.2 mM dNTPs 

(NEB), 0.3 µM forward primer, 0.3 µM reverse primer, 1.6 µM SYTO9 (Invitrogen), 1U GoTaq 

(Promega). The primer sequences were obtained from a previous study241 and are as follows: 

forward primer - 5' CTT TGG GGA GCT GAAGGA CTA CTA C 3'; reverse primer - 5' CAC TTT GTG ACC 

ATTCCG GTT TG 3'. The PCR followed by high resolution melting analysis was conducted on a 7900HT 

Fast Real-Time PCR System (Applied Biosystems) and the thermocycling conditions were as follows: 

95 oC for 5 minutes, then 95 oC for 15 seconds and 60 oC for 1 minute for 45 cycles. PCR products 

melted from 60 oC to 95 oC with a temperature ramp rate of 1%. Amplicon melting ranged between 

75 oC and 80 oC, with Tm occurring at 78 oC. Three separate melt curves were obtained 

corresponding to the three genotypes AA, AG, and GG. Primers were validated using an RFLP 

approach to genotype positive controls as described previously.240 

 

5.2.7 MTHFD1 G1958A Marker HRM Genotyping Assay 

The MTHFD1 G1958A polymorphism was genotyped by PCR followed by high resolution melt 

analysis. The PCR protocol was as follows: 1X PCR buffer (Promega), 1.5 mM MgCl2 (Promega), 0.2 
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mM dNTPs (NEB), 0.3 µM forward primer, 0.3 µM reverse primer, 1.6 µM SYTO9 (Invitrogen), 1U 

GoTaq (Promega). The primer sequences were obtained from a previous study242 and are as follows: 

forward primer 5’ CAT TCC AAT GTC TGC TCC AA 3’; reverse primer - 5’ GTT TCC ACA GGG CAC TCC 

3’. The PCR followed by high resolution melting analysis was conducted on a 7900HT Fast Real-Time 

PCR System (Applied Biosystems) and the thermocycling conditions were as follows: 95 oC for 5 

minutes, then 95 oC for 15 seconds and 60 oC for 1 minute for 45 cycles. PCR products were melted 

from 60 oC to 95 oC at temperature ramp rate of 1%. Amplicon melting ranged between 81.5 oC and 

86.5 oC, with amplicon Tm occurring at 84 oC. Three separate melt curves were obtained 

corresponding to the three genotypes AA, AG, and GG. Primers were validated using an RFLP 

approach to genotype positive controls as described previously.242 

 

5.2.8 Chi-Square and HWE Analysis of MTHFR, MTRR, and MTHFD1 Variations 

Genotype counts were tabulated for each of the four markers and genotype and allele frequencies 

were computed for each marker. All groups were tested for and found to be within Hardy-Weinberg 

equilibrium (HWE). Genotype and allele frequencies were compared between case and control 

groups for each marker using the χ2 test, with two and one degrees of freedom respectively. 

Additionally, for MTHFR C677T, the counts for the CC and CT genotype groups were combined, and 

compared with the TT genotype group using the χ2 test (1 degree of freedom). All statistical analyses 

were performed using Microsoft Excel 2010 for Windows (v14.0). 

 

5.2.9 Interaction Analysis of Hcy Pathway Genes for Epistatic Effects 

Given the possibility that each variant may only contribute a small independent effect which may 

not be detectable as statistically significant in our case control cohort, we also performed interaction 

analysis using the MDR 2.0 software version beta 8.4 and the permutation testing module (MDRpt) 

version 1.0 beta 2. The MDR program was designed to test for interactive genetic effects on a trait 



107 
 

even if the independent effects are non-significant.218 Briefly, the MDR software implements a four-

step method to detect epistasis in genetic studies: 1) attribute selection using entropy-based 

measures of information gain and interaction; 2) new attribute construction through constructive 

induction using the MDR algorithm; 3) classification and evaluation of new attributes using machine 

learning; and finally, 4) visual interpretation of data using dendrograms and radial graphs.218  

 

In the MDR software, main effect (one-locus) models, two-locus models, or N-locus models are 

generated, and each model is assessed for prediction accuracy by dividing the dataset into multiple 

sets, with one set excluded from model-training and then used to test the model. The process of 

division, model-training, and model-testing is repeated multiple times to cross-validate each model. 

Testing accuracy (TA) and cross-validation consistency (CVC) are then used to evaluate the overall 

best model. Permutation testing can then be performed on the dataset using an additional module 

called MDRpt, which evaluates the significance of the model TA.217 

 

Before performing the MDR analysis, all markers were examined for correlation using PLINK’s 

pairwise LD function,243 to identify SNPs that may be collinear. None of the four markers were found 

to be significantly correlated (r2 > 0.85), though the two markers in MTHFR (C677T and A1298C) 

showed a modest degree of correlation with r2 of 0.08 and D' of 0.558. None of the markers were 

therefore deemed collinear and all were used in the MDR analysis. Missing genotypes were then 

imputed by substituting with the mode (most common genotype) of each marker, because the MDR 

software requires a complete input file without any missing data. The analysis was then performed 

using the software default settings except that the cross-validation count (number of times model-

testing is repeated) was increased to 100 repeats, and that paired analysis was selected to indicate 

that exact numbers of paired matched case-controls were used. The model with the highest TA and 

CVC was determined to be the best model and significance p-values were then generated using 

10,000 permutations in the MDR permutation testing module (MDRpt) version 1.0 beta 2.  
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5.3 Results for MTHFR, MTRR, and MTHFD1 Variations 

5.3.1 MTHFR C677T Genotyping and Association Results  

The PCR amplicon of 198bp was visualised by agarose gel electrophoresis under UV light. An 

example of the agarose gel is shown in Figure 26 below. 

 

 

 

 

Figure 26 - MTHFR C677T PCR Amplicon PCR products were run on a 2% agarose gel at 90 V for 30 

minutes with 100bp ladder in the first wells (top and bottom) and negative controls in the last two 

wells (bottom). 

 

 

 

 

 

 

 

PCR product 
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Failed samples 
Negative 
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109 
 

The digest products were also visualised by agarose gel electrophoresis under UV light after EtBr 

post-staining as shown by Figure 27 below. 

 

 

 

 

Figure 27 - HinfI Digest Products of MTHFR C677T PCR Amplicon Digested products were run on a 

3.5% agarose gel at 80 V for 120 minutes with 50bp ladder in the first well, then post-stained for 30 

minutes in 5% EtBr in TAE buffer. 

 

Of the 409 cases and 409 controls, 377 cases (92.2%) and 393 controls (96.1%) were successfully 

genotyped for the MTHFR C677T marker. Both case and control groups were found to be in Hardy 

Weinberg equilibrium (p = 0.22 and p = 0.19 respectively). Genotype and allele frequencies are 

shown in Table 5 below. 

 

  



110 
 

Table 5 - MTHFR C677T Genotype and Allele Frequencies 

MARKER GENOTYPE FREQUENCIES ALLELE FREQUENCIES 

MTHFR 
C677T CC CT TT TOTAL C T TOTAL 

CASE 170 
(45.1%) 

174 
(46.2%) 

33 
(8.7%) 377 514 

(68.2%) 
240 

(31.8%) 754 

CONTROL 175 
(44.5%) 

183 
(46.6%) 

35 
(8.9%) 393 533 

(67.8%) 
253 

(32.2%) 786 

Test statistic χ2 = 0.03, p = 0.99 (α = 0.05) χ2 = 0.02, p = 0.88 (α = 0.05) 

 

There was no statistically significant difference between cases and controls for either the genotype 

frequencies (χ2 = 0.03, p = 0.99) or allele frequencies (χ2 = 0.02, p = 0.88) of the MTHFR C677T 

marker. There was no observed trend in either the genotype or allele frequencies, with the TT 

genotype frequency at 8.7% for cases and 8.9% for controls, and the T allele frequency at 31.8% for 

cases and 32.2% for controls. The observed minor allele frequencies in the control group for the 

C677T marker (T allele, 32.2%) conformed well with expected control frequencies (T allele, 31%) as 

determined in the Hap-Map CEU population (Utah residents of Northern European ancestry). 

 

5.3.2 MTHFR A1298C Genotyping and Association Results 

The MTHFR A1298C marker was genotyped by high resolution melt analysis. Figure 28 and Figure 29 

below show the aligned melt curves and difference plot respectively. The AA genotypes are shown 

by the red curves, the CC genotypes by the blue curves and the AC genotypes by the green curves. 
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Figure 28 - MTHFR A1298C Aligned Melt Curves 

 

 

Figure 29 - MTHFR A1298C Difference Plot 

 

Of the 409 cases and 409 controls, 368 cases (90.0%) and 386 controls (94.4%) were successfully 

genotyped for the MTHFR A1298C marker. Both case and control groups were found to be in Hardy 

Weinberg equilibrium (p = 0.07 and p = 0.65 respectively). Genotype and allele frequencies are 

shown in Table 6 below. 
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Table 6 - MTHFR A1298C Genotype and Allele Frequencies 

MARKER GENOTYPE FREQUENCIES ALLELE FREQUENCIES 

MTHFR 
A1298C AA AC CC TOTAL A C TOTAL 

CASE 165 
(44.8%) 

151 
(41.0%) 

52 
(14.2%) 368 481 

(65.4%) 
255 

(34.6%) 736 

CONTROL 162 
(42.0%) 

173 
(44.8%) 

51 
(13.2%) 386 497 

(64.4%) 
275 

(35.6%) 772 

Test statistic χ2 = 1.10, p = 0.58 (α = 0.05) χ2 = 0.16, p = 0.69 (α = 0.05) 

 

There was no statistically significant difference between cases and controls for either the genotype 

frequencies (χ2 = 1.10, p = 0.58) and allele frequencies (χ2 = 0.16, p = 0.69) of the C677T marker. 

There was an increased AA genotype frequency in cases (44.8%) compared to controls (42.0%), 

though this trend was less apparent in A allele frequency in cases (65.4%) compared to controls 

(64.4%). The observed minor allele frequencies in the control group (C allele, 35.6%) conformed well 

with expected control frequencies (C allele, 36%) as determined in the Hap-Map CEU population 

(Utah residents of Northern European ancestry). 

 

5.3.3 MTRR A66G Genotyping and Association Results 

The MTRR A66G marker was genotyped by high resolution melt analysis. Figure 30 and Figure 31 

below show the aligned melt curves and difference plot respectively. The AA genotypes are shown 

by the red curves, the GG genotypes by the blue curves and the AG genotypes by the green curves. 

 



113 
 

 

Figure 30 - MTRR A66G Aligned Melt Curves 

 

 

Figure 31 - MTRR A66G Difference Plot 

 

Of the 409 cases and 409 controls, 360 cases (88%) and 358 controls (87.5%) were successfully 

genotyped for the MTRR A66G marker. Both case and control groups were found to be in Hardy 

Weinberg equilibrium (p = 0.14 and p = 0.26 respectively). Genotype and allele frequencies are 

shown in Table 7 below. 
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Table 7 - MTRR A66G Genotype and Allele Frequencies 

MARKER GENOTYPE FREQUENCIES ALLELE FREQUENCIES 

MTRR A66G AA AG GG TOTAL A G TOTAL 

CASE 103 
(28.6%) 

192 
(53.3%) 

65 
(18.1%) 360 398 

(55.3%) 
322 

(44.7%) 720 

CONTROL 95 
(26.5%) 

189 
(52.8%) 

74 
(20.7%) 358 379 

(52.9%) 
337 

(47.1%) 716 

Test statistic χ2 = 0.92, p = 0.63 (α = 0.05) χ2 = 0.79, p = 0.37 (α = 0.05) 

 

 

Similarly, for the MTRR A66G polymorphism, there was no statistically significant difference between 

either the genotype frequencies of cases and controls (χ2 = 0.92, p = 0.63), or the allelic frequencies 

of cases and controls (χ2 = 0.79, p = 0.37). The GG genotype frequency was 18.1% for cases and 

20.7% for controls, while allele frequencies showed a trend of decreased G allele frequency in cases 

(44.7%) compared to controls (47.1%). Although the genotype frequencies of our control group 

seemed markedly different to the Hap-Map CEU frequencies with 52.8% of heterozygotes in our 

control population compared to only 34.0% in the Hap-Map CEU population, the allelic frequencies 

of our control group (A allele, 52.9%) and the Hap-Map CEU population (A allele, 55.0%) were 

similar. 

 

5.3.4 MTHFD1 G1958A Genotyping and Association Results 

The MTHFD1 G1958A marker was genotyped by high resolution melt analysis. Figure 32 and Figure 

33 below show the aligned melt curves and difference plot respectively. The AA genotypes are 

shown by the red curves, the GG genotypes by the blue curves and the AG genotypes by the green 

curves. 
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Figure 32 - MTHFD1 G1958A Aligned Melt Curves 

 

 

Figure 33 - MTHFD1 G1958A Difference Plot 

 

Of the 409 cases and 409 controls, 364 cases (89%) and 360 controls (88%) were successfully 

genotyped for the MTHFD1 G1958A marker. Both case and control groups were found to be in Hardy 

Weinberg equilibrium (p = 0.22 and p = 0.65 respectively). Genotype and allele frequencies are 

shown in Table 8 below. 
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Table 8 - MTHFD1 G1958A Genotype and Allele Frequencies 

MARKER GENOTYPE FREQUENCIES ALLELE FREQUENCIES 

MTHFD1 
G1958A GG AG AA TOTAL G A TOTAL 

CASE 119 
(32.7%) 

168 
(46.2%) 

77 
(21.1%) 364 406 

(55.8%) 
322 

(44.2%) 728 

CONTROL 104 
(28.9%) 

183 
(50.8%) 

73 
(20.3%) 360 391 

(54.3%) 
329 

(45.7%) 720 

Test statistic χ2 = 1.73, p = 0.42 (α = 0.05) χ2 = 0.31, p = 0.58 (α = 0.05) 

 

For the MTHFD1 G1958A polymorphism, there was no statistically significant difference between 

cases and controls for either the genotype frequencies (χ2 = 1.73, p = 0.42) or the allelic frequencies 

of cases and controls (χ2 = 0.31, p = 0.58). The GG genotype frequency was 32.7% for cases and 

28.9% for controls, while the G allele frequency was 55.8% for cases and 54.3% for controls The 

observed allele frequencies for our control group (G allele, 54.3%) was similar to expected allele 

frequencies as determined by the Hap-Map CEU population (G allele, 58.0%). 

 

There was a slight decrease in genotyping success rate of the high resolution melt assays compared 

to the RFLP assay given that samples who exhibited ambiguous melt curves were removed from 

analysis. 

 

5.4 Results for Hcy Pathway Interaction Analysis 

For the MDR analysis, the best MDR models for the one SNP (main effect), two SNP, and three SNP 

combinations are shown in Table 9.  
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Table 9 - Best MDR Models 

Model Training 
Accuracy 

Testing 
Accuracy 

CV 
Consistency p-value 

MTHFR1298 0.5270 0.4951 97/100 0.9621 
MTHFR1298_MTRR 0.5575 0.5526 100/100 0.2367 

MTHFR677_MTHFR1298_MTRR 0.5681 0.4780 68/100 0.9863 
CV = Cross-validation 

 

The best model had a TA of 0.5526 and CVC of 100/100, and was a two-SNP model containing the 

MTHFR1298 and MTRR markers. Figure 34 shows the frequency of cases and controls for each multi-

locus genotype in the model. The light grey cells indicate genotype combinations (MTHFR1298-

MTRR) of the low risk group (CC/AA, AC/AG, AA/GG, AC/GG, CC/GG) and the dark grey cells indicate 

genotype combinations of the high risk group (AA/AA, AC/AA, AA/AG, CC/AG).  

 

 

Figure 34 - Frequencies of cases and controls for the best MDR model (MTHFR1298-MTRR) Low-risk 

combined genotypes are indicated by light grey cells and high-risk combined genotypes are indicated 

by dark grey cells with an asterisk in the top-left corner. 

* * 

* * 
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When all high-risk genotypes and all low-risk genotypes under the MTHFR1298-MTRR model were 

collapsed into one dimension (risk level), the frequency of controls was higher in the low-risk group 

compared to cases (201 controls, 154 cases) while case frequency was higher in the high-risk group 

compared to controls (255 cases, 208 controls) as shown by Figure 35.  

 

 

Figure 35 - One dimensional view of the MTHFR1298-MTRR model Low-risk combined genotypes 

are indicated by the light grey cell and high-risk combined genotypes are indicated by dark grey cell 

with an asterisk in the top-left corner. 

 

There appears to be a moderate synergistic effect between MTHFR1298 and MTRR and a weaker 

synergistic effect between MTHFR677 and MTHFD1 as shown by the dendrogram in Figure 36. 

* 
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Figure 36 - Dendrogram Showing Synergistic Effects of Hcy Pathway Markers 

 

The radial graph in Figure 37 shows the percentage of entropy (measure of uncertainty) removed by 

the main effect of individual markers (nodes) or by their pairwise interaction effects (lines). The 

thickness of the lines is proportional to the percentage of entropy removed. A positive value 

indicates synergistic epistasis while a negative value indicates redundant epistasis. 
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Figure 37 - Radial Graph Showing Entropy Removed by Hcy Pathway Markers 

 

However, using the MDR permutation module (MDRpt), the best model (MTHFR1298-MTRR model) 

was found not to be significantly associated with case status (p = 0.2367), indicating that the testing 

accuracies of the permuted samples was equal to or greater than the best model TA. 

 

5.5 Discussion of Hcy Pathway Genetic Variation Analyses 

We investigated the homocysteine pathway variants MTHFR C677T, MTHFR A1298C, MTRR A66G 

and MTHFD1 G1598A in an Australian Caucasian population for association with EH. There was no 

statistical difference between our case and control groups for either genotype or allele frequencies 

for any of the markers studied, indicating no detected association between these four markers and 

EH in our case-control population. However, given the sample size limitation we could not rule out 

the possibility that these variants contributed a modest effect on EH in this cohort (OR < 1.5) that 
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was not detectable as statistically significant in this study, therefore, we conducted the interaction 

analysis using an MDR approach. We found that the best model indicated an interaction between 

the two SNPs MTHFR A1298C and MTRR A66G, which was found to be non-significant by 

permutation testing.  

 

MTHFR has been among the most studied genes in relation to Hcy and folate metabolism, with 

regard to a variety of diseases ranging from neural tube defects to CVD and EH. Previous studies 

have shown that the MTHFR variants C677T and A1298C have been associated with both higher 

levels of Hcy132 and EH risk133, 134 directly. Currently, MTHFR C677T has been studied in relation to 

hypertension in 29 published papers indexed on the PubMed database, 25 of which were included in 

a meta-analysis conducted in 2007, which concluded that there was an overall association of MTHFR 

C677T with hypertension, with an OR of 1.343 (95% CI: 1.198- 1.505).135 Overall, this is a less than 

two fold increase in OR for EH cases, which may indicate that larger sample sizes would be needed 

to detect a modest effect. However, the sample size for this study (409 cases, 409 controls) is larger 

than the largest study included in the meta-analysis (247 cases, 249 controls). The meta-analysis also 

showed high heterogeneity between studies, with only 6 published studies showing a clear 

statistically significant association with EH, with OR 95% CI > 1, while 19 published studies had a non-

significant OR 95% CI which bounded 1.135 However, studies included were from various countries 

and ethnicities, suggesting that population differences in allele frequency and association may have 

been confounded.  

 

Another meta-analysis of Hcy metabolizing enzymes and risk of coronary heart disease consisting of 

23 studies reported an association of the C allele of the MTHFR A1298C with myocardial infarction 

with an OR of 1.37 (95% CI: 1.03-1.84).244 However, conflicting results were obtained when the 

controls were subdivided and analysed with C allele being associated with a decreased risk of 

coronary heart disease (CHD) in hospital-based case-control studies while it was associated with an 
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increased risk of CHD in population-based case-control studies.244 Overall, findings for MTHFR have 

therefore been varied and may represent differing MTHFR allele frequencies between ethnic groups, 

low power of small studies to detect modest effect sizes on CVD and EH risk, or a true lack of 

association between MTHFR variants and CVD and EH.  

 

 MTRR and MTHFD1, though they have both been shown to carry variants which decrease enzymatic 

activity and disrupt either MTR reactivation (for MTRR) or purine synthesis (for MTHFD1), have not 

been previously studied in relation to EH although the MTRR A66G polymorphism has been 

associated with increased Hcy levels.235 However, a recent study of the MTRR A66G marker reported 

a lack of association with Hcy concentration. The same study which consisted of 114 patients 

suffering from deep vein thrombosis and arterial thrombosis and 95 controls of Sicilian descent 

reported no association between the marker and risk of vascular disease.127 This is the first study 

which has examined these polymorphisms in association with EH and though it appears that 

individually they are not significantly associated with EH risk, it is possible that each variant confers 

only a modest effect, which decreases the power of this study to detect it. We hypothesised that an 

interaction analysis may have greater power to detect tiny effect sizes for each marker, and 

therefore conducted an interaction analysis using MDR. Though synergistic effects were detected, 

especially between MTHFR A1298C and MTRR, the best model was not found to be significant and 

therefore these effects may not be due to a true interaction between the variants. The interaction 

analysis did not detect MTHFR C677T as part of the best model, which is unexpected as the strongest 

individual association has been previously found between this variant and EH;135 however, this may 

be because MTHFR C677T is not significantly associated with EH in this population. 

 

Additionally, future studies should measure plasma Hcy levels to determine whether a combination 

of these markers influences Hcy levels overall. This was a limitation of our study because we cannot 

verify if Hcy levels are significantly different between our cases and controls, and whether individual 
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markers or combinations of markers influence EH risk through hyperhomocysteinemia. Further, diet 

should be assessed for future studies, since dietary folate intake can influence Hcy levels. Diet may 

therefore confound the influence of these gene variants on Hcy levels and on overall EH risk, and 

should be controlled for between cases and controls. 

 

5.6 Conclusions 

Current data from this and other studies suggest that genes within the Hcy pathway are not 

significantly associated with an increase in EH risk, including the well-studied marker MTHFR C677T. 

Although this study indicates that there may be an interaction effect on EH which combines MTHFR 

A1298C and MTRR A66G, this is not a significant finding and needs to be confirmed in a larger case-

control cohort. Additionally, given that each gene may confer a modest effect to EH risk, a polygenic 

profile analysis of genes in the Hcy pathway may be warranted. Lastly, the effects of diet on Hcy 

levels and EH risk should be controlled for in any future analysis as protective diet such as high folate 

intake may abrogate an increased genetic risk to EH. 
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Chapter 6 

Pooled DNA GWAS Study in an Australian Cohort 

 

J. Y. Fowdar, Y. Lu, R. Grealy, S. Macgregor, L. R. Griffiths. “A genome-wide association study 

of essential hypertension in an Australian population using a DNA pooling approach”. 

Molecular Genetics and Genomics. 2012 (Manuscript under review) 
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6.1 Introduction 

In recent years, the number of genome-wide association studies (GWAS) investigating complex 

diseases, including essential hypertension, has exponentially increased due to the ability of GWAS to 

investigate thousands of markers simultaneously.136 Like candidate gene studies, GWAS compares 

genotype or allele frequencies between cases and controls in order to detect statistically significant 

differences. However, GWAS comprehensively scan markers spread across the entire genome, 

allowing the identification of associated markers without a priori assumptions, thus increasing the 

potential for finding completely novel disease associations.173 It also allows the identification of 

broad genomic regions with a high number of overall associations, or a number of associated 

markers in LD, which may then be fine-mapped to identify the disease-causing gene or genes within 

the region.  

 

The disadvantages of GWAS include decreased statistical power due to large multiple testing 

corrections, the difficulty replicating associations, and the ability to meaningfully interpret and sift 

through the large quantity of data generated by GWAS. These disadvantages can be overcome, 

however, with careful study design. Power calculations should be performed to ensure that the 

GWAS has adequate statistical power. Phenotypes should be accurately and thoroughly defined to 

an international standard, to ensure comparisons can be made across studies. Appropriate numbers 

of array replicates should be included to decrease array error, and access to adequate computing 

power and rapid, robust algorithms to ensure the ability to process and analyse large data files 

containing thousands of markers. Despite the caveats, GWAS has proven to be a valuable study tool, 

able to successfully identify susceptibility markers and provide a more comprehensive 

understanding of the aetiology of complex, polygenic disorders such as hypertension.177  
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6.1.1 Prior GWAS 

To date, nine GWAS have been published on essential hypertension (EH), listed in Table 10 along 

with the top markers that have obtained a significance level of p < 1 X 10-5 and which have been 

reliably validated. Markers in genes or in LD with nearby genes are listed as putative EH susceptibility 

genes, while markers in intergenic regions but less than 1Mb from a gene have the closest gene 

listed. These studies include GWAS performed on large population cohorts, including the Wellcome 

Trust Case Control Consortium (WTCCC),138 the CHARGE Consortium (Cohorts for Heart and Aging 

Research in Genome Epidemiology),140 and the International Consortium for Blood Pressure 

GWAS.141 The chromosomal locations of these top EH GWAS markers are shown in the karyogram in 

Figure 38 as blue lines above each chromosome (generated with UCSC Genome Graph function).245 

 

The WTCCC was one of the first GWAS to be performed on EH in 2007, which examined 14,000 cases 

of seven common diseases and 3,000 shared controls. Although no markers were associated with EH 

at the study genome-wide significance level of 5 X 10-7,138 the top marker, located near the gene 

CHRM3, nearly obtained significance with p = 7.7 X 10-7. CHRM3 codes for the muscarinic 

acetylcholine receptor 3 subtype, which has been shown in knockout mouse studies to induce the 

release of vasodilating substances, such as NO, from the endothelium in vascular muscle and renal 

arteries.246 This suggests a clear mechanism by which loss-of-function or downregulated CHRM3 

might cause vasoconstriction and lead to increased EH susceptibility. 

 

Since the WTCCC GWAS was published in 2007, raw and summary WTCCC GWAS data has become 

available upon application to other research groups intending to use alternative analysis methods. 

For instance, a 2011 study139 re-analysed the WTCCC GWAS data by performing two-marker 

association tests rather than single-marker association tests, reducing the number of tests and 

thereby increasing study power. The study reported nine associated SNP pairs not discovered in the 

original WTCCC analysis: five in the genes GPR39, XRCC4, MYO6, ZFAT, and MACROD2, and four in 
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intergenic regions.139 This demonstrates that alternative analytical methods may have the ability to 

detect missed associations in published datasets like the WTCCC. 

 

Another large cohort GWAS, conducted on the CHARGE Consortium, was published in 2009. The 

CHARGE Consortium is composed of six smaller population-based cohorts,140 together totalling 

29,136 participants of European descent. Ten markers were found to be associated with EH at study 

significance level of p < 4 X 10-7, with the top SNP rs2681472 in the gene ATP2B1 being highly 

significant at p = 2 X 10-11. ATP2B1 codes for the plasma membrane calcium-transporting ATPase 1140 

and helps to maintain calcium homeostasis. As calcium levels play an important role in both vascular 

and cardiac muscle contraction, and that calcium-channel blockers act as anti-hypertensives by 

blocking voltage-gated calcium channels, ATP2B1 could be involved in BP dysregulation through 

interference of calcium homeostasis. As yet, it not clear how ATP2B1 could result in increased EH 

risk, but the strong association of this locus has been replicated in other GWAS studies on the BP 

traits of systolic blood pressure (SBP) and diastolic blood pressure (DBP), 247, 248 and mean arterial 

pressure (MAP) and pulse pressure (PP).247 

 

The largest GWAS cohort to date was performed in 2011 by The International Consortium for Blood 

Pressure (ICBP) GWAS, on 69,395 individuals. The ICBP found six associated SNPs with study 

significance of p > 5 X 10-8 with EH,141 with the top associated marker rs6015450, in an intergenic 

region, highly significant at p = 4 X 10-14. This marker is located close to the ZNF831 gene, coding for 

zinc-finger protein 831, which has not been otherwise implicated in blood pressure or EH. However, 

the locus is also near the gene EDN3, coding for endothelin-3, for which a role in hypertension 

susceptibility is highly plausible. Endothelin-3 is an endothelium-derived vasoactive peptide, which 

has been shown to have weakly vasoconstrictive effects but strong vasodilatory effects.249 

Endothelin-3 and endothelin-1, which has a potent vasoconstricting effect and has elevated plasma 
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Table 10 - Published GWAS on EH (Top markers with p ≤ 5 X 10-5) 

Year Reference Arrays 
Analysed SNPs 

Initial 
sample 

Replication 
sample Top SNPs Risk 

Allele p-value Context Region  Gene Distance 

2007 WTCCC138 Affymetrix 
469,557 

1,952 cases 
2,938 controls None rs2820037 

rs2398162 
T 
A 

8 X 10-7 
6 X 10-6 

intergenic 
intergenic 

1q43 
15q26.2 

 CHRM3 355kb
 NR2F2 39kb 

2009 Adeyemo et 
al142 

Affymetrix 
808,465 

509 cases 
508 controls 

366 cases 
614 controls 

rs1550576 
rs991316 

T 
T 

3 X 10-6 
5 X 10-6 

intergenic 
intergenic 

15q21.3 
4q23 

 ALDH1A2 32kb
 ADH7 11kb 

2009 Levy et al140 

Affymetrix 
Illumina 

2,533,153 
(imputed) 

29,136 
individuals 

34,433 
individuals 

rs2681472 
rs11014166 
rs16982520 
rs11775334 

A 
A 
A 
A 

2 X 10-11 
6 X 10-8 
2 X 10-7 
4 X 10-6 

intron 
intron 

intergenic 
intron 

12q21.33 
10p12.31 
20q13.32 

8p23.1 

 ATP2B1 - 
 CACNB2 - 
 ZNF831 7kb 
 MSRA - 

2009 Org et al143 Affymetrix 
395,912 

364 cases 
590 controls 

1,043 cases 
1,769 controls rs11646213 T 8 X 10-6 intergenic 16q23.3  CDH13 18kb 

2009 Yang et al144 Affymetrix 
91,713 

175 cases 
175 controls 

833 cases 
833 controls 

4-SNP-haplotype: 
rs9308945 
rs6711736 
rs6729869 

rs10495809 

3 X 10-10 - 2p22.3 

 LOC344371 219 kb 
 MYADML 322 kb 
 FAM98A 457 kb 
 RASGRP3 495 kb 

2010 Padmanabhan 
et al145 

Illumina 
521,220 

1,621 cases 
1,699 controls 

19,845 cases 
16,541 controls rs13333226 A 4 X 10-11 near 5’ 16p12.3  UMOD 21kb 

2010 Hiura et al146 Illumina 
368,274 936 individuals 6,123 

individuals - - NS - -  - - 
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Year Reference Arrays 
Analysed SNPs 

Initial 
sample 

Replication 
sample Top SNPs Risk 

Allele p-value Context Region  Gene Distance 

2011 ICBP GWAS141 

Affymetrix 
Illumina 

~2.5 million 
(imputed) 

69,395 
individuals 

Up to 133,361 
individuals 

rs6015450 
rs633185 
rs805303 

rs1799945 
rs1173771 
rs932764 

rs4373814 
rs11953630 
rs2932538 

rs13107325 
rs2521501 

G 
G 
G 
G 
G 
G 
G 
T 
G 
T 
T 

4 X 10-14 
5 X 10-11 
1 X 10-10 
2 X 10-10 
3 X 10-10 
9 X 10-9 
9 X 10-8 
2 X 10-7 
3 X 10-7 
5 X 10-7 
7 X 10-7 

intergenic 
intron 
intron 

missense 
intergenic 

intron 
intergenic 
intergenic 
5’ region 
missense 

intron 

20q13.32 
11q22.1 
6p21.33 
6p22.2 
5p13.3 

10q23.33 
10p12.33 

5q33.3 
1p13.2 
4q24 

15q26.1 

 ZNF831 15kb 
 ARHGAP42 - 
 BAT3 - 
 HFE - 
 C5orf23 26kb 
 PLCE1 - 
 CACNB2 10kb 
 EBF1 277kb 
 MOV10 0.5kb 
 SLC39A8 - 
 FES - 

2011 Slavin et al139 Affymetrix 
405,022 

WTCCC Data 
2 marker 
analysis 

None 

2-SNP haplotype-7 
2-SNP haplotype-6 
2-SNP haplotype-3 
2-SNP haplotype-2 
2-SNP haplotype-5 
2-SNP haplotype-1 
2-SNP haplotype-9 
2-SNP haplotype-8 
2-SNP haplotype-4 

2 X 10-44 
3 X 10-16 
5 X 10-13 
1 X 10-10 
3 X 10-10 
2 X 10-9 
7 X 10-9 
1 X 10-7 
2 X 10-7 

intron 
intergenic 
intergenic 

intron 
intron 

intergenic 
intron 

intergenic 
intron 

8q24.22 
8q24.12 
5p13.2 
2q21.2 
6q14.1 
2p12 

20p12.1 
12q12 
5q14.2 

 ZFAT - 
 NOV 70kb 
 RANBP3L >200kb 
 GPR39 - 
 MYO6 - 
 Intergenic >1Mb 
 MACROD2 - 
 AN06 ~100kb 
 XRCC4 - 

 
NS = none significant. Studies with no SBP associated markers at p ≤ 5 X 10-5: Hiura et al146 2010. 
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Figure 38 - Karyogram of Published EH GWAS Top Markers (p < 5 X 10-5) 
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levels in hypertensives, appear to work in conjunction though a clear mechanism for EH involvement 

is currently unclear. 

 

GWAS which have focused on quantitative BP traits—such as SBP, DBP, MAP, or PP—have also 

successfully identified associated genes, which may also be considered as potential EH susceptibility 

genes. GWAS that examine SBP usually also examine DBP, and to date there have been seven GWAS 

with SBP and DBP as an outcome; these are listed in Table 11 and Table 12 respectively, along with 

the top 5 markers from each study that have obtained a significance level of p < 1 X 10-8 and which 

have been reliably validated. Markers within genes are listed as putative SBP and DBP genes, while 

markers in intergenic regions have the two closest genes listed. 

 

There have also been four GWAS examining other BP traits, listed in Table 13, including MAP, PP, a 

bivariate SBP-DBP combined trait, and BP traits combined with comorbid phenotypes such as high 

BP—high fat mass, or high BP—high triglyceride levels. These have been aimed at examining single 

BP traits (MAP, PP) which eliminates the need for two analyses of SBP and DBP, or at identifying 

genes specific to sub-types of hypertension risk involving comorbid conditions such as obesity.  

 

Though some EH susceptibility genes may prove to be population- or measure-specific, the strongest 

EH candidate genes are considered to be the genes or loci which have been replicated in different 

studies or different measures. Particularly interesting are those loci which have been found in GWAS 

using EH as an outcome and those using BP measures as an outcome, either within the same study 

or across different studies. These include the HFE gene (coding for human hemochromatosis 

protein), associated with EH, SBP, and DBP in the International Consortium for Blood Pressure (ICBP) 

GWAS; the genes FES (coding for tyrosine-protein kinase Fes), MOV10 (coding for putative helicase 

MOV-10), SLC39A8 (coding for solute carrier family 39 zinc transporter 8), and ARHGAP42 (coding for 
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Table 11 - Published GWAS for SBP (Top 5 markers with p ≤ 1 X 10-8) 

Year Reference 
Arrays 

Analysed 
SNPs 

Initial 
sample 

Replication 
sample Top SNPs Risk 

Allele p-value Context Region Gene or Locus 

2007 Levy et al250 Affymetrix 
70,897 

1327 
Framingham 

cohort 
none rs3096277 ? 1 X 10-9 (SBPLTA) intron 16q23.3 CDH13 

2009 Levy et al140 

Affymetrix / 
Illumina 

2,533,153 
(imputed) 

29,136 CHARGE 
cohort 

Europeans 

34,433 Global 
BPgen cohort 

Europeans 

rs2681492 
rs1004467 
rs381815 

rs3184504 

T 
A 
T 
T 

4 X 10-11 (SBP) 
1 X 10-10 (SBP) 
2 X 10-9 (SBP) 
5 X 10-9 (SBP) 

intron 
intron 
intron 

missense 

12q21.33 
10q24.32 
11p15.1 

12q24.12 

ATP2B1 
CYP17A1 
PLEKHA7 

SH2B3 

2009 Newton-Cheh 
et al251 

Affymetrix / 
Illumina 

2,497,993 
(imputed) 

34,433 European 
ancestry 

individuals 

71,225 
European 
ancestry 

individuals / 
12,889 Indian 

Asians 

rs11191548 
rs17367504 
rs12946454 

T 
G 
T 

7 X 10-24 (SBP) 
2 X 10-13 (SBP) 
1 X 10-8 (SBP) 

UTR-3 
intron 

intron/near 5’ 

10q24.32 
1p36.22 

17q21.31 

NT5C2 
MTHFR 

ACBD4;PLCD3 

2011 ICBP GWAS141 

Affymetrix / 
Illumina 

~2.5 million 
(imputed) 

69,395 European 
ancestry 

individuals 

Up to 133,361 
European 
ancestry 

individuals 

rs11191548 
rs1458038 
rs6015450 
rs1378942 
rs2521501 

T 
T 
G 
C 
T 

7 X 10-26 (SBP) 
2 X 10-23 (SBP) 
4 X 10-23 (SBP) 
6 X 10-23 (SBP) 
5 X 10-19 (SBP) 

UTR-3 
intergenic 
intergenic 

intron 
intron 

10q24.32 
4q21.21 

20q13.32 
15q24.1 
15q26.1 

NT5C2 
PRDM8 -FGF5 

MRPS16P -ZNF831 
CSK 
FES 

2011 Kato et al248 

Affymetrix / 
Illumina 

1.7 million 
(imputed) 

2,480 Japanese 
5,767 Han 

Chinese 
8,842 Koreans 
2,519 Malay 

27,062 
Japanese 

3,703 Koreans 

rs11066280 
rs17249754 
rs11191548 
rs16849225 

T 
G 
T 
C 

8 X 10-31 (SBP) 
8 X 10-20 (SBP) 
4 X 10-17 (SBP) 
4 X 10-11 (SBP) 

intron 
intergenic 

UTR-3 
intergenic 

12q24.13 
12q21.33 
10q24.32 

2q24.3 

C12orf51 
ATP2B1 -MRPL2P1 

NT5C2 
FIGN -GRB14 

 
SBPLTA = SBP long term average.250 Studies with no SBP associated markers p ≤ 1 X 10-8: Wang et al;252 Fox et al.253  
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Table 12 - Published GWAS for DBP (Top 5 markers with p ≤ 1 X 10-8) 

Year Reference 
Arrays 

Analysed 
SNPs 

Initial 
sample 

Replication 
sample Top SNPs Risk 

Allele p-value Context Region Gene or Locus 

2009 Levy et al140 

Affymetrix / 
Illumina 

2,533,153 
(imputed) 

29,136 CHARGE 
cohort Europeans 

34,433 Global 
BPgen cohort 

Europeans 

rs3184504 
rs6495122 
rs2681472 
rs9815354 

rs11014166 

T 
A 
A 
A 
A 

3 X 10-14 (DBP) 
2 X 10-10 (DBP) 
1 X 10-9 (DBP) 
3 X 10-9 (DBP) 
1 X 10-8 (DBP) 

missense 
intergenic 

intron 
intron 
intron 

12q24.12 
15q24.1 

12q21.33 
3p22.1 

10p12.31 

SH2B3 
CPLX3 - ULK3 

ATP2B1 
ULK4 

CACNB2 

2009 Newton-Cheh 
et al251 

Affymetrix / 
Illumina 

2,497,993 
(imputed) 

34,433 European 
ancestry 

individuals 

71,225 
European 
ancestry 

individuals / 
12,889 Indian 

Asians 

rs1378942 
rs16998073 

rs653178 
rs1530440 

rs16948048 

C 
T 
T 
T 
G 

1 X 10-23 (DBP) 
1 X 10-21 (DBP) 
3 X 10-18 (DBP) 
1 X 10-9 (DBP) 
5 X 10-9 (DBP) 

intron 
intergenic 

intron 
intron 
near 5’ 

15q24.1 
4q21.21 

12q24.12 
10q21.2 

17q21.33 

CSK 
PRDM8 - FGF5 

ATXN2 
C10orf107 

ZNF652 

2011 ICBP GWAS141 

Affymetrix / 
Illumina 

~2.5 million 
(imputed) 

69,395 European 
ancestry 

individuals 

Up to 133,361 
European 
ancestry 

individuals 

rs1378942 
rs3184504 
rs1458038 
rs6015450 

rs13107325 

C 
T 
T 
G 
T 

3 X 10-26 (DBP) 
4 X 10-25 (DBP) 
9 X 10-25 (DBP) 
6 X 10-23 (DBP) 
2 X 10-17 (DBP) 

intron 
missense 
intergenic 
intergenic 
missense 

15q24.1 
12q24.12 
4q21.21 

20q13.32 
4q24 

CSK 
SH2B3 

PRDM8 - FGF5 
MRPS16P - ZNF831 

SLC39A8 

2011 Kato et al248 

Affymetrix / 
Illumina 

1.7 million 
(imputed) 

2,480 Japanese 
5,767 Han Chinese 

8,842 Korean 
individuals 2,519 

Malay 

27,062 
Japanese 

3,703 Koreans 

rs11066280 
rs17249754 
rs11191548 

rs35444 
rs880315 

T 
G 
T 
A 
C 

1 X 10-35 (DBP) 
2 X 10-13 (DBP) 
7 X 10-12 (DBP) 
1 X 10-10 (DBP) 
3 X 10-10 (DBP) 

intron 
intergenic 

UTR-3 
intergenic 

intron 

12q24.13 
12q21.33 
10q24.32 
12q24.21 
1p36.22 

C12orf51 
ATP2B1 - MRPL2P1 

NT5C2 
TBX3 -UBA52P7 

CASZ1 

 
Studies with no DBP associated markers p ≤ 1 X 10-8: Levy et al;250 Wang et al;252 Fox et al.253 
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Table 13 - Published GWAS on other BP traits (Top 5 markers with p ≤ 1 X 10-8) 

Year Reference Arrays 
Analysed SNPs 

Initial 
sample 

Replication 
sample Top SNPs Risk 

Allele p-value Context Region Gene or Locus 

2011 Kraja et al254 

Affymetrix / 
Illumina 

~2.5 million 
(imputed) 

22,161 
European 
ancestry 

individuals 

NR 

rs15285 
rs780093 

rs11823543 
rs11825181 
rs2954033 

A 
A 
A 
A 
A 

1 X 10-10 (TG-BP) 
3 X 10-10 (TG-BP) 
3 X 10-9 (TG-BP) 
3 X 10-9 (TG-BP) 
9 X 10-9 (TG-BP) 

UTR-3 
intron 
near 3’ 
intron 

intergenic 

8p21.3 
2p23.3 

11q23.3 
11q23.3 
8q24.13 

LPL 
GCKR 

ZNF259 
BUD13 

TRIB - FAM84B 

2011 Melka et al255 Illumina 
530,011 

598 European 
ancestry 

adolescents 
NR rs16933812 ? 9 X 10-9 (TFM-BP) intron 9p13.2 PAX5 

2011 Wain et al247 

Affymetrix/ 
Illumina / 
Perlegen 

NR (imputed) 

74,064 
European 
ancestry 

individuals 

48,607 
European 
ancestry 

individuals 

rs653178 
rs4590817 

rs17249754 
rs12258967 
rs17367504 

 
rs17608766 
rs17477177 
rs11222084 
rs11191548 
rs17249754 

T 
G 
G 
G 
G 
 

T 
T 
T 
T 
G 

7 X 10-20 (MAP) 
2 X 10-18 (MAP) 
1 X 10-17 (MAP) 
2 X 10-16 (MAP) 
2 X 10-16 (MAP) 

 
6 X 10-15 (PP) 
2 X 10-13 (PP) 
2 X 10-11 (PP) 
8 X 10-11 (PP) 
6 X 10-10 (PP) 

intron 
intron 

intergenic 
intron 
intron 

 
intron 

intergenic 
intergenic 

UTR-3 
intergenic 

12q24.12 
10q21.2 

12q21.33 
10p12.31 
1p36.22 

 
17q21.32 

7q22.3 
11q24.3 

10q24.32 
12q21.33 

ATXN2 
C10orf107 

ATP2B1 - MRPL2P1 
CACNB2 
MTHFR 

 
GOSR2 

FLJ360 - PIK3CG 
DDX18P5 - ADAMTS8 

NT5C2 
ATP2B1 - MRPL2P1 

 
NR = None reported; TG-BP = TG (Triglycerides) ≥ 150 mg/dl and either SBP ≥ 130 mmHg, DBP ≥ 85 mmHg, or taking antihypertensives;254 TFM-BP = TFM (Total Fat Mass) 
and elevated blood pressure;255 MAP = Mean arterial pressure; PP = Pulse pressure. Studies with no associated markers p ≤ 1 X 10-8: Das et al,256 bivariate outcome (SBP 
and DBP). 
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Rho GTPase activating protein 42), all associated with EH, SBP and DBP141 as well as MAP;247 the gene 

PLCE1 (coding for phospholipase C, epsilon 1), associated with EH, SBP and DBP141 as well as PP;247 

and the gene CDH13 (coding for heart cadherin 13), associated with EH143 and long-term averaged 

SBP.250 The most promising three loci have been associated with SBP and DBP in more than one 

study, with two loci also associated with MAP and PP, and the other locus also associated with MAP. 

These loci are (1) ATP2B1, discussed above as the top hit from the CHARGE Consortium GWAS140 and 

associated with EH,140 both SBP and DBP,140, 248 and both MAP and PP;247 (2) ZNF831, discussed above 

as the top hit from the ICBP GWAS and associated with EH,140, 141 both SBP and DBP,141 and both MAP 

and PP;247 and (3) CACNB2, coding for calcium channel, voltage-dependent, beta 2 subunit and 

associated with EH,140 SBP and DBP,140, 141 and MAP.247 Interestingly, two of these strong candidates, 

ATP2B1 and CACNB2, are both involved with calcium transportation.  

 

Genes that have been associated with more than one BP trait in more than one study (but not with 

EH) are also strong candidates for EH involvement, as their role in BP may lead to EH if dysregulated. 

These include the following loci: the C5orf23–RPS8P8 locus, associated with both SBP and DBP,141, 248 

MAP, and PP;247 the gene NT5C2, associated with SBP,141, 248, 251 DBP,248 MAP and PP;247 the gene 

MECOM, associated with SBP,140, 141 DBP,141, 251 and MAP;247 the gene CSK and the PRDM8–FGF5 

locus, both associated with SBP,141 DBP,141, 251 and MAP;247 the TBX3–UBA52P7 locus, associated with 

SBP,248 DBP,140, 248 and MAP;247 and the gene PLEKHA7, associated with both SBP and DBP,140 and 

MAP and PP.247 As the number of blood pressure or hypertension GWAS continues to rise, many 

more replicated associations may be found, and a definitive list of EH-susceptibility genes may be 

confirmed.  

 

6.1.2 Pooled DNA GWAS 

Despite the diminishing cost of SNP arrays in the last 5 years, conducting GWAS with large numbers 

of cases and controls is still fairly prohibitive for most research centres, particularly if replicate arrays 
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are performed.188, 190 A practical way to reduce the cost of such GWAS while keeping study numbers 

as large as possible is by using a DNA pooling approach to GWAS.184-186 In a pooled DNA GWAS, 

multiple DNA samples belonging to a specified group (i.e. cases or controls) are combined and 

screened by a single array (not including array replicates).187-189 Hence, pooling offers a much 

cheaper alternative than individual sample GWAS in which one array minimum is required per 

sample. Though DNA pooling cannot be used to assess genotyping frequencies, it has been 

successfully used to estimate allele frequencies, otherwise known as “allelotyping”.185, 191 

Subsequently, validation of allelotyping results is obtained by genotyping individual samples, and 

studies have typically shown high correlation (R > 0.9) between true allele frequencies (as 

determined by individual genotyping) and estimated allele frequencies (as determined by pool 

allelotyping).257  

 

Thus, although variation between true and estimated allele frequencies can be affected by pool 

construction and more significantly by array variance, conducting GWAS using pooled DNA can be as 

effective as traditional GWAS with reduced costs, provided that pools are carefully constructed, 

array replicates are used to assess and correct error, quality control methods are used to filter GWAS 

results, and validation of a subset of markers is performed. Though a number of studies have 

successfully used pooled DNA GWAS to identify putative susceptibility genes for other complex 

diseases and traits, such as Type II Diabetes,257 pseudoexfoliation syndrome,258 or allergic asthma,259 

no pooled DNA GWAS have as yet been conducted on EH or BP-related traits. This research 

therefore aims to identify EH susceptibility genes using a pooled DNA GWAS approach, both to 

identify novel EH genes and to confirm that known EH genes can be detected using a pooling 

approach.  
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6.2 Materials and Methods 

6.2.1 Study Population 

The study protocol was approved by the Griffith University’s Ethics Committee (HSC/18/04/HREC). 

The study population used for the genome-wide association study was the same as previously 

described and used in the homocysteine pathway candidate gene investigation (Chapter 5, pg 100). 

Briefly, the population was composed of 409 hypertensives and 409 age- (±5 years), sex- and 

ethnicity-matched normotensive controls, who resided in the South East Queensland region of 

Australia. All participants were of Caucasian origin. Cases were defined as individuals who were 

clinically diagnosed as suffering from hypertension (having a SBP greater than 140 mmHg and/or a 

DBP of more than 90 mmHg) and who were taking antihypertensive drugs. Normotensive controls 

were defined as participants who were not taking antihypertensive drugs, and whose SBP/DBP was 

less than 140/90 mmHg. 53.3% of the population was female and 46.7% was male. The average age 

of the case group was 63.1±10.9 years and the average age of the control group was 61.0±10.5 

years, showing no statistical significant difference. Peripheral blood samples as well as 

questionnaires detailing medical history, including blood pressure and prescribed medications, were 

obtained from all participants. All participants signed informed consent agreements prior to 

collection of blood and clinical information. 

 

6.2.2 DNA Sample Preparation 

As previously described in the homocysteine pathway candidate gene investigation (Chapter 5, pg 

101), genomic DNA was derived from whole blood samples taken from hypertensive and 

normotensive participants. These were obtained primarily from two main collections: the Gemini 

collection (collected in South East Queensland from 1997 to 2000) and the Nambour collection 

(collected in the town of Nambour, 100 km from Brisbane in 1996). Some DNA samples from these 

collections were previously extracted from blood using the modified salting-out method150 and 
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stored at the GRC. An aliquot of these samples were assessed for quality and concentration via UV 

spectrophotometry (Nanodrop ND-1000), and low quantity (< 20 ng/µL) or low quality (1.7 > 

A260/A280 > 2.0) samples underwent phenol-chloroform purification.157 Samples that were low 

quantity (< 20 ng/µL) but good quality underwent ethanol precipitation.  

 

The non-extracted participant samples from the collections were stored as whole blood at -80 oC, 

which was then thawed and the DNA extracted using the modified salting-out method. Briefly, 4-7 

mL of whole blood samples were thawed and made up to 10 mL volume with PBS buffer. Blood 

samples which exhibited clotting were homogenised to remove clots. NKM buffer was added to 

bring total volume to 25 mL, shaken vigorously, and centrifuged at 4800 rpm for 25 minutes at 4 oC. 

Supernatant was discarded and pellet was resuspended in 25 mL RSB buffer, shaken vigorously, and 

centrifuged at 4000 rpm for 15 minutes at 4 oC. Supernatant was discarded and RSB steps were 

repeated. Pellet was resuspended in 1 mL RSB buffer, then 4 mL lympholysis buffer and 250 µL 

proteinase K enzyme was added. Sample tubes were sealed with parafilm and placed overnight in a 

37 oC shaking water bath. Following incubation, 2 mL of 6M sodium-chloride solution was added and 

samples mixed by inversion, followed by centrifugation at 2500 rpm for 15 minutes at 4 oC. 

Supernatant was then decanted and centrifuged again under the same conditions. Supernatant was 

again decanted and two volumes of chilled absolute ethanol were added. Precipitated DNA was 

removed using a disposable inoculating loop, transferred to 1 mL 1X Tris-EDTA (TE) buffer, and 

allowed to dissolve by overnight incubation at 37 oC.  

 

Samples were quantified and assessed for quality via UV spectrophotometry (Nanodrop ND-1000) 

and visual inspection. Extracted samples that displayed poor colouration (indicating presence of red 

blood cell debris in the solution) or that had poor Nanodrop quality were purified using the phenol-

chloroform purification.157 After purification, all 818 samples had an A260/A280 ratio of 1.7-1.9. 

Quality and concentration of purified stock samples were then re-assessed by UV 
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spectrophotometry. As previously described, a 400 µL aliquot of 1X TE stock DNA was removed for 

each sample, which was then ethanol precipitated and resuspended in 200 µL of distilled water 

(dH2O). dH2O samples were re-quantitated and then normalised to a standard working 

concentration of 20 ng/µL in ten 96-well (8 X 12) 200 µL PCR trays using the CAS1200 automated 

liquid handling robot (Corbett) available in the GRC. 10 samples from each plate (100 samples) were 

randomly selected to assess amplification efficiency by qPCR. All samples amplified at approximately 

the same cycle and amplification curves clustered well for all samples. Samples were then stored at 

4 oC until preparation of DNA pools was performed.  

 

6.2.3 DNA Pool Preparation 

DNA pools were constructed by aliquoting 2 µL (40ng) of each of normalised 20 ng/µL DNA sample 

into a single 2 mL tube using the CAS1200 liquid handling robot. One “case” pool was constructed 

with 409 case DNA samples, and one “control” pool was constructed with 409 control DNA samples. 

Case and control DNA pools were then quantitated by UV spectrophotometry (Nanodrop ND-1000). 

Due to the use of normalised DNA samples, each pool was approximately the same concentration 

(20.4 ng/µL for the case pool and 20.2 ng/µL for the control pool). The pools were then concentrated 

to 50 ng/µL using a drying centrifuge (Savant SpeedVac DSC 1680), due to protocol requirements for 

Illumina SNP array hybridization. 

 

6.2.4 GWAS Power Calculation 

Power calculations estimate the probability that the null hypothesis is correctly rejected,210 given 

study parameters such as sample size or effect size. It is important to ensure that studies are not 

under- or over-powered, which would result in wasted time and money. Though calculating power 

for GWAS studies is difficult, estimates have shown that power is roughly 70-80% for Illumina arrays 

with small sample sizes (n < 500), causal allele frequency > 0.05, and effect size of ≥ 2 for relative 
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risk.212 To calculate more approximate study power, the online power calculator “CaTS – Power 

Calculator for Two Stage Association Studies”,214 can be used to determine power for non-pooled 

DNA GWAS. CaTS GWAS power calculator was initially used to estimate study power. Input 

parameters were as follows: study size was input as 409 cases and 409 controls, GWAS significance 

level was input as 1 X 10-8, essential hypertension prevalence was set as 40%, and genetic model was 

selected as multiplicative. Power was calculated for a range of genotype relative risk (GRR) values 

(1.1, 1.25, 1.5, 1.75, 2, 2.5, and 3) for a range of disease allele frequencies (DAF 0.1, 0.25, 0.5, 0.75, 

0.9) and plotted using Microsoft Excel 2010 version 14.0.  

 

However, due to the fact that the accuracy of pooled DNA GWAS affects study power, the online 

tool “PoolingPlanner” was used to estimate pool and array variance for this study215 and used to 

correct GWAS power estimates obtained by CaTS power calculator. The variance estimation is 

transformed into an “effective sample size” (ESS), or the sample size of the study if individual GWAS 

was performed instead of pooled GWAS. Input parameters were as follows: size of DNA pool was 

input as 409 samples; array was selected as “1MD Normalized” (Illumina 1M-Duo array; variance 3.2 

X 10-4); pool construction variance was set to “negligible”. Average minor allele frequency (MAF) was 

set to five alternate settings of 0.1, 0.2, 0.3, 0.4, 0.5. Resulting calculated relative sample size (RSS) 

was plotted against number of array replicates for each MAF setting. Effective sample size (ESS) was 

determined for four array replicates for each MAF setting by multiplying RSS by original sample size 

(OSS) 409 (i.e. MAF 0.1: OSS 409 X RSS 0.579 = ESS 236.81). Effective sample size was then 

substituted for original case and control sample sizes in the CaTS online power calculator, with all 

other CaTS parameters remaining the same. Power was again calculated for a range of GRR values 

and DAFs and plotted using Microsoft Excel 2010 version 14.0. 
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6.2.5 Illumina 1M-Duo Array Hybridization 

After concentration to 50 ng/µL, each DNA pool was approximately 300 µL in volume. Four aliquots 

of 8 µL (400 ng) each were taken from each pool to give four case pool replicates and four control 

pool replicates. The Illumina 1M-Duo array can accommodate two samples/pools per array; four 

arrays were run in total, and each array was hybridized with one case pool replicate and one control 

pool replicate. Array hybridization was conducted in-house at the Genomics Research Centre, 

Griffith University, and scanned in-house on an Illumina BeadStation 500, according to 

manufacturer’s protocol.  

 

Briefly, 8 µL (400ng) of each pool replicate was placed into a sample well of a  96-well (8 X 12) DNA 

plate, followed by 8 µL 0.1N NaOH, and incubated for 10 minutes at room temperature. Kit reagents 

MP1 and AMM were added to each well, plate was mixed by inversion and pulse centrifuged briefly, 

and then whole-genome amplified by incubation at 37 oC for 24 hours. The DNA samples were then 

fragmented by centrifuging plates briefly, splitting samples equally into two wells, and adding kit 

reagent FRG to each well. Plate was mixed by vortexing, centrifuged briefly, and incubated at 37 oC 

for 1 hour. DNA was then precipitated by adding kit reagent PA1 to each well, incubating at 37 oC for 

5 minutes, and adding 100% 2-isopropanol to each well. Plate was mixed by inversion, incubated at 

4 oC for 30 minutes, and centrifuged at 3000 X g at 4 oC for 20 minutes.  

 

Supernatant was immediately removed by inverting opened plate until liquid has drained 

completely, then pellets were air-dried at room temperature for 1 hour. The DNA pellets were then 

resuspended by adding kit reagent RA1 to each well, sealing the plate, and incubating at 48 oC for 1 

hour. Plates were mixed by vortexing and centrifuged briefly. Resuspended DNA pellets were then 

denatured by incubation at 95 oC for 20 minutes, followed by brief centrifugation, and combining 

split samples back into a single well. Denatured DNA samples were then hybridized to Illumina 

BeadChip arrays by dispensing 84 µL of each DNA sample (pool replicate) into the BeadChip inlet 
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port (two inlets/samples per BeadChip) and loading the BeadChips into the pre-prepared Illumina 

Hybridization (Hyb) Chamber. The Hyb Chamber was then incubated at 48 oC for 20 hours.  

 

BeadChips were then prepared for staining by submerging and agitating BeadChips in kit reagent 

PB1, and assembled into Illumina Flow-Through Chambers. Flow-Through Chambers were placed 

into the 44 oC Chamber Rack and un-hybridized or non-specifically hybridized fragments were then 

removed by dispensing kit reagents into the Flow-Through Chamber Reservoir. Hapten labelled 

nucleotides were added in a single base extension reaction of each probe on the array, using the 

hybridized DNA as its template. Biotin-labelled ddCTP and ddGTP and 2,4-dinitrophenol (DNP)-

labelled ddATP and ddUTP was added, followed by a multi-layer immunohistochemical sandwich 

assay to amplify array signal. This was done by adding kit reagent STM to each Flow-Through 

Chamber, incubating 10 minutes, adding kit reagent XC3, incubating 1 minute, then adding a second 

volume of XC3 and incubating 5 minutes. This procedure was performed five times alternating 

between kit reagent STM (Alexa555-labeled streptavidin and Alexa647-labeled rabbit primary 

antibody against DNP) and kit reagent ATM (anti-streptavidin and DNP-labelled goat anti-rabbit 

secondary antibody). BeadChips were then removed from the Flow-Through Chamber and 

submerged in reagent PB1 for 5 minutes to wash arrays, followed by submersion in reagent XC4 for 

5 minutes. Arrays were then dried in a vacuum desiccator for 50 minutes at 508 mmHg and ready to 

scan in an Illumina BeadStation. 

 

6.2.6 Array Scan and Raw Fluorescence Data Generation 

BeadChips were placed into the BeadArray Reader tray of the Illumina BeadStation. Decode map 

(*.dmap) files provided with each BeadChip were copied into the Decode Map path directory. The 

Illumina BeadArray Reader was then used to laser-excite the fluor of the product hybridized to the 

BeadChip. The resulting light emissions were recorded in high resolution images and data from these 

images was stored as an intensity data file, with an .idat extension, using the BeadScan 3.2 
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(Illumina). The intensity data file (.idat) is normally analysed on the GenomeStudio software 

(Illumina); however, as GenomeStudio cannot analyse pooled data, alternative data files were 

generated in order to analyse the data using an analysis algorithm for pooled SNP array data. This 

was accomplished by altering BeadArray default settings stored in the program folder 

C:/ProgramFiles/Illumina/Beadscan/settings.xml prior to commencing BeadChip scanning. The 

commands changed were:  

 From:  To:  

(1) <GenerateVersionTwoIdatFiles>false <GenerateVersionTwoIdatFiles>true 

(2) <SavePerBeadFIles>false <SavePerBeadFIles>true 

(3) <SaveTextFIles>false <SaveTextFIles>true 

(4) <ExcludeOutliers>true <ExcludeOutliers>false 

(5) <IncludeXY>false <IncludeXY>true 
 

This allowed the collection of raw red and green fluorescence intensity data (bead-level data files) 

into text files (with extension .txt) for each array. Text files were then sent to the Queensland 

Institute of Medical Research (QIMR) where they were analysed according to the method published 

by Macgregor et al.190 Methods for pooling allele frequency calculation, quality control processing, 

and GWAS association testing were all developed by and conducted with collaborators Dr. Stuart 

Macgregor and Ms. Yi Lu at the Queensland Institute of Medical Research (QIMR). 

 

6.2.7 PAF Calculation and Quality Control  

The method of calculating pooling allele frequency (PAF) from red and green raw fluorescence 

intensity data from Illumina arrays was developed by Macgregor et al 2008 in a modification of an 

earlier algorithm developed for Affymetrix arrays.190 Raw fluorescence data was obtained for each 

bead on the arrays, with up to 64 beads per marker,190 and the PAF was computed as red intensity 

divided by the total (red plus green) intensity.193 PAF were then corrected due to the presence of 

array bias organised by array stripe which results in green beadscores being inconsistently larger 
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than red (with each stripe having a different green/red ratio). Illumina 1M-Duo arrays are divided 

into 20 stripes which each contain 50,000 SNPs, organised into half of SNP changes designated by 

Illumina as ‘‘TOP’’ (A/C and A/G SNPs) and half from the SNP changes designated ‘‘BOTTOM’’ (T/C 

and T/G SNPs).193 Normalization was performed within stripe, by rescaling the red fluorescence 

beadscore to make the mean PAF value = 0.5 for all SNPs on that stripe.193 Corrected PAF was then 

re-calculated for each bead for a marker, as follows: corrected PAF = corrected red / (corrected red + 

green).190 Generated PAFs for each bead then underwent quality control filtering for nine different 

quality control criteria.  

 

For quality control step 1 (QC1), the percent of all probes for each marker (up to 64 per marker per 

array) with negative fluorescence values was calculated for each marker, and the percent negative 

values were averaged for a marker across all arrays. SNPs that had greater than 10% of probes with 

negative values were removed from further analysis. For quality control step 2 (QC2), the total 

fluorescence for each marker probe was calculated using the sum of green and red fluorescence 

scores for that probe, the fluorescence averaged for all probes for that marker, and SNPs with a 

value of less than 1200 (showing low overall fluorescence) were removed from further analysis. For 

quality control step 3 (QC3), the number of probes available for analysis for each marker was 

counted in both case and control groups, and SNPs with fewer than 5 probes available were filtered 

from analysis. For quality control step 4 (QC4), SNPs were checked for SNP names/rs ID numbers and 

any without this info were removed from analysis. For quality control step 5 (QC5), non-autosomal 

SNPs (i.e. SNPs located on X and Y chromosomes) were removed from analysis, as AF cannot be 

estimated from hemizygous chromosomes in a pooled analysis.  

 

For quality control step 6 (QC6), variance was calculated for both the case and control groups and 

compared using an F-test to detect markers that had significantly different variances for cases and 

controls. F-test p-values were transformed into -log10(p-value) QC scores and SNPs with -log10(p-
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value) QC scores greater than 7 were removed from analysis. For quality control step 7 (QC7), minor 

allele frequency (MAF) for each marker was obtained from a reference population, the Wellcome 

Trust Case Control Consortium Release 2 (WTCCC2) data for shared controls, and SNPs with MAF less 

than 5% were excluded from analysis. For quality control step 8 (QC8), calculated pooling allele 

frequency (AF) for each marker was averaged for all probes and averaged between cases and 

controls. Average AF for each marker was subtracted from WTCCC2 AF and SNPs with a difference 

from the reference population of greater than 0.3 were removed from analysis. Lastly, for quality 

control step 9 (QC9), SNPs that showed large differential amplification between replicates (as 

estimated by correction value, k) were removed from analysis, if k > 3 or k < 1/3. All quality control 

filters were applied using a script run on a UNIX/LINUX platform.  

 

6.2.8 GWAS Association Testing 

Once quality control processing was completed, markers were individually assessed for association 

by calculation of a test statistic designed to compare the difference between case pooling allele 

frequency (PAF) and control PAF. Estimation of the difference in proportion of A alleles between 

case and control pools is preferable when analysing pooled AF, as this cancels out the effect of 

unequal hybridisation rates (k) between markers, and removed the need to correct for k in the 

analysis199. Briefly, a simple test for difference in case-control frequency for allele A was 

performed199 by calculating the average proportion in cases and controls and computing following 

the test statistic: 
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where  = case PAF estimate,  = control PAF estimate. The test statistic Tsimple has a χ2
df=1 

distribution under the null hypothesis of no difference between cases and controls. Assuming no 

errors in PAF estimation for cases and controls, was calculated as:  

 

 

 

where na = number of cases and nu = number of controls. However, due to the fact that the pooling 

approach results in some error in PAF estimation, a corrected version of Tsimple termed T1 was then 

calculated as the test statistic. The T1 corrected test statistic as described in Macgregor et al190 is 

given by formula: 

 

where var(epool -1) = the variance of the pool-specific error in AF estimation. An estimation of  

var(epool-1) was obtained using the following formula: 

 

 

 

where c2 was first calculated for each SNP by squaring thaw value of the case/control variable “c”. 

“c” was obtained using a simple linear model with case A allele PAF as the outcome variable and 

case-control status as the independent variable. Variable “c” has two levels, case and control, with 

‘control’ set as baseline; “c” therefore represents the deviation of cases from controls in the model, 

the main parameter of interest. This simple model can be used for pooled Illumina array data due to 

the fact that array structure is partly corrected for during QC processing, as opposed to a relatively 

complicated general linear mixed model required to estimate “c” for pooled Affymetrix array data.190  
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Once “c” was estimated, squared, and used to calculate var(epool-1), the T1 corrected test statistic 

was calculated; however, although the corrected test-statistic T1 is better than Tsimple, it does not 

take into account the varying precision (i.e. numbers of probes available per marker) used to 

estimate AF. The error due to varying precision was therefore incorporated into a new estimate, 

var(epool-2), which is given by the formula: 

 

 

 

The corrected test statistic T1 was therefore corrected again, using the new var(epool-2) term and the 

SNP specific term accounting for varying precision. The new corrected test statistic T2, for SNP X, as 

described in Macgregor et al190 is given by formula: 

 

 

 

where var(cX) is the SNP X-specific estimated variance. As the new test statistic T2 corrects for SNP-

specific variation var(cX), T2 is more accurate than T1. T2-X has a χ2
df=1 distribution under the null 

hypothesis and thus the significance of the test statistic T2-X was assessed by comparing the 

calculated T2-X statistic for each marker with the χ2
df=1 distribution and obtaining marker p-values. All 

test statistics and analysis above were developed and conducted by collaborators Dr. Stuart 

Macgregor and Ms. Yi Lu at the Queensland Institute of Medical Research (QIMR). Scripts which 

implement the above methods are available on request from Dr Stuart Macgregor, as indicated in 

the original publication of the method.190 Marker p-values were then evaluated for significance at a 

genome-wide significance level of 5 X 10-8. 
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Case and control AF were then plotted against each other and the correlation coefficient R was 

calculated to determine the level of concordance between estimated case AF and estimated control 

AF. Case and control AF is generally expected to have high concordance due to the fact that the vast 

majority of markers genotyped by the GWAS will show no significant association with the disease 

being investigated,193 and plotting case-control AF offers a preliminary estimation of array AF 

allelotyping quality. Case and control AF were also plotted separately against expected AF from the 

Wellcome Trust Case Control Consortium (WTCCC) release 2 control data, also offering an estimation 

of how well pool AF conform to reference data. 

 

6.2.9 Analysis of GWAS Top Markers 

Several methods were used to further analyse GWAS top markers. Firstly, markers with p < 1 X 10-4 

(approximately the top 200 hits) were tabulated showing marker identification (rs ID) number, 

chromosome, gene closest to the marker, context of the marker (location with respect to the closest 

gene), GWAS p-value, and rank position for each marker. This table was searched to determine 

whether it contained GWAS markers for previously reported EH or BP-related genes (as outlined in 

Tables 10-13). Secondly, GWAS p-values were transformed by calculating the -log10(p-values) and a 

Manhattan plot was generated which plotted the -log10(p-values) against chromosomal position, 

with each chromosome being colour-coded for easy identification. Transformation of p-values and 

creation of the Manhattan plot was performed using the freely downloadable software Integrative 

Genomics Viewer version 2.0 (<www.broadinstitute.org/igv/>),260 following input of a four-column 

tab-delimited file containing chromosome number, base pair position, GWAS p-value and marker rs 

ID number.  

 

Thirdly, all markers with p < 1 X 10-4 were organised by gene and genes were ranked according to 

how many hits were present, to identify genes with more than one top GWAS marker. A LocusZoom 

plot, which is a focused Manhattan plot centering on a marker, gene, or area of interest and 
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incorporating LD information into the plot, was then created for each of the top five genes ranked by 

number of GWAS hits. LocusZoom plots were generated using the LocusZoom tool, freely accessible 

online at https://statgen.sph.umich.edu/locuszoom/genform.php?type=yourdata.261 Briefly, a 

delimited text file containing two columns, one with marker rs ID numbers and one with marker 

GWAS p-value, must be uploaded to site form, with information filled out about the file layout, and 

the specific region to be displayed must be selected by filling out a field for either a marker, gene or 

chromosomal region of interest. Optional inputs may also be altered from default settings, including 

selection of desired LD genome build. LocusZoom plots were then used to examine the relationship 

(LD structure) of the multiple GWAS hits located in a single gene.  

 

Lastly, the frequency and rank position of markers in previously reported EH genes was calculated to 

examine whether greater numbers of known genes were found in the top GWAS hits than expected 

by chance. At the time of analysis, eleven genes/loci were reported as being associated with 

hypertension: ADH7, ZNF831, ALDH1A2, ATP2B1, CACNB2, CDH13, CHRM3, EDN3, MSRA, RYR2, and 

ZP4. The expected proportion of genes under the null hypothesis was calculated by dividing the 

number of genes representing all the GWAS markers at a certain rank position threshold (i.e. certain 

number of top markers) by the number of genes in genome (approximated at 17000 for the 

purposes of this analysis). The numbers of previously reported EH genes with GWAS hits within the 

same threshold was calculated and divided by eleven (the number of reported EH genes) to 

determine the proportion of ‘known’ EH genes within the top hits. This proportion was then 

compared with the expected proportion under the null hypothesis to determine whether known EH 

genes are found more often than expected by chance. This was calculated for three rank thresholds: 

the top 10,000 markers, the top 5,000 markers, and the top 1,000 markers. 
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6.2.10 Selection of SNPs for Validation 

In order to validate GWAS pools in terms of accuracy of allele frequency estimation and also in terms 

of marker associations, five markers were selected for a validation study using individual genotyping. 

To select SNPs for this validation study, SNPs were ranked according to smallest association test p-

values and the top five most significant markers were selected for assay design. Sequence data for 

each SNP was obtained from online databases and assays designed for top SNPs. If assay design was 

problematic, the next most significant marker was selected instead so that validation could continue 

in a timely manner.  

 

6.2.11 Incorporation of the WTCCC Data 

Due to the fact that small (n < 1000) GWAS are generally underpowered to detect very small effect 

sizes, such as odds ratios of 1.1-1.3, it is becoming more common to supplement new studies with 

inclusion of previously published cohort data. The practice of combining several small cohorts into 

one large analysis increases sample sizes considerably, thereby increasing power of the study. As the 

first GWAS on EH, Wellcome Trust Case Control Consortium (WTCCC) GWAS data has been available 

to other researchers since 2008, and new data is being released periodically as work is continued on 

the cohort. It is also one of the largest datasets available for EH GWAS, with 14,000 cases for seven 

common diseases and 3,000 shared controls.  

 

Original WTCCC release data for hypertension includes Illumina and Affymetrix array data for 2,000 

EH cases and 3,000 controls. WTCCC release 2 data is also currently available but does not include 

data on further EH cases, only on increased numbers of controls. Data for either release is available 

upon application to the Wellcome Trust Case Control Consortium Data Access Committee, which 

ensures that the data is used only by academic researchers and for a reasonable analysis. This study 

therefore requested data from WTCCC original release for EH cases and controls. Briefly, an email 
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request was sent to <cdac@wellcome.ac.uk> and subsequently application forms were provided and 

returned, and approved by the Consortium for release. An account was then set up on the European 

Phenome-Genome Archive <www.ebi.ac.uk/ega>, the repository which stores WTCCC data, and the 

data was downloaded.  

 

Though both raw genotype data is available upon request, this study requested summary-level data 

(p-values and marker ID numbers). P-values from the WTCCC data and from this study on an 

Australian EH Cohort were combined by multiplying p-values for each marker present in both 

cohorts. The combined p-values were then re-evaluated for significance at a genome-wide 

significance level of p < 5 X 10-8 and a Manhattan plot was generated as described above. The top 30 

hits were tabulated showing combined analysis p-values, marker rank, and original marker rank (for 

markers with p < 1 X 10-5 in the original analysis).  

 

6.3 GWAS Results 

6.3.1 Calculated Study Power 

Initial estimated study power was performed using CaTS GWAS power calculator using a 

multiplicative genetic model, disease prevalence 40%, GWAS significance level 1 X 10-8, and 409 

cases and 409 controls. The calculated power was plotted using Microsoft Excel 2010 version 14.0 

and can be seen in Figure 39 below. For a genotype relative risk (GRR) of 1.5, the study power was 

estimated to be 76% for a disease allele frequency (DAF) of 0.25 and 86% for a DAF of 0.5.  

 



152 
 

 

Figure 39 - CaTS Power Calculation for Non-Pooled GWAS 

 

This power estimate was corrected for pooled DNA GWAS variance using the online tool 

PoolingPlanner, which was used to calculate Effective Study Size (ESS) for a range of minor allele 

frequencies (MAF) ranging from 0.1 to 0.5. Relative sample size plotted against number of array 

replicates for each MAF can be seen in Figure 40, and the calculated ESS for each MAF are listed in 

Table 14 below.  
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Figure 40 - Relative Sample Size Estimates for Pooled DNA GWAS Study 

 

Table 14 - PoolingPlanner Estimated Sample Sizes for Pooled DNA GWAS Study 

MAF Relative Sample Size Estimated Sample Size 

0.1 0.579 236.81 

0.2 0.710 290.28 

0.3 0.762 311.83 

0.4 0.786 321.37 

0.5 0.793 324.15 
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Corrected sample sizes (the ESS) were then input into CaTS power calculator and the calculated 

corrected power plotted using Microsoft Excel 2010 version 14.0 (Figure 41). For a DAF of 0.13, the 

study power was estimated to be 80% or greater for GRR ≥ 1.73. For DAF of 0.5, the study power 

was estimated to be 80% or greater for GRR ≥ 1.55. For DAF of 0.75, the study power was estimated 

to be 80% or greater for GRR ≥ 1.77. For DAF of 0.9, the study power was estimated to be 80% or 

greater for GRR ≥ 2.73. Therefore, this study was deemed to be adequately powered for markers 

with effect sizes of GRR ≥ 1.55 and risk allele frequencies ≥ 0.13. 

 

 

Figure 41 - CaTS Calculated Power for Pooling-Corrected GWAS 

 

6.3.2 Assay and Quality Control Results 

Illumina array hybridisation and scanning was completed successfully, followed by quality control 

(QC) processing as outlined in Figure 42. 2% of SNPs had > 10% negative fluorescence values on 

average (QC1), while 2.45% of SNPs were found to have overall low fluorescence on average (QC2). 

Only 0.7% of SNPs had fewer than 5 probes available for analysis in either the case or control 

replicates (QC3) and SNP names/IDs were obtained for all SNPs (QC4). 913,857 SNPs were left for 
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analysis after removal of SNPs on sex chromosomes (QC5). 1% of SNPs showed a highly significant 

difference in AF variance between cases and control s (QC6), and approximately 5% SNPs were 

excluded due to low minor allele frequency (WTCCC2 control frequency <5%; QC7). Approximately, 

0.2% of SNPs were found to have a mean case-control allele frequency largely different from the 

reference sequence (WTCCC2 control AF), and were excluded from analysis (QC8). Approximately 

1.2% of SNPs were excluded due to differential amplification values (k) largely deviated from 1 

(QC9). After quality control processing, 842,539 SNPs were available for further analysis, of which 

41,260 SNPs (representing 10,949 genes) had obtained p-values < 0.05.  
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Figure 42 - GWAS Quality Control Processing Flow-Chart 

 

Scatterplots showing control AF and case AF plotted against expected AF from the Wellcome Trust 

Case Control Consortium (WTCCC) release 2 control data can be seen in Figures 43 and 44, 

respectively. These plots show that pool AF conformed extremely well to expected frequencies 

obtained from reference data (R > 0.95 for both plots). Control frequencies correlated slightly more 
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with WTCCC2 control frequencies (R = 0.966) than case frequencies did (R = 0.961), as expected if a 

proportion of the markers are significantly different between cases and controls. A slight S-shape 

was observed on both plots, which can be observed in similar plot data for pooled array frequencies 

against individually genotyped frequencies.190, 193 This appears to show that pool allelotyping 

overestimates allele frequencies for markers of low allele frequency (AF < 0.2) and underestimates 

allele frequencies for markers of high allele frequency (AF > 0.8). This would seem to suggest that 

the pooling approach can estimate AF with greatest accuracy for marker with AF in moderate ranges 

(0.2 < AF < 0.8).  

 

 

Figure 43 - Scatterplot of GWAS Control AF versus Reference AF 
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Figure 44- Scatterplot of GWAS Case AF versus Reference AF 

 

Case and control AF were also plotted against each other, as seen in Figure 45 below. There was a 

99% correlation between case and control AF (R = 0.99). The high correlation observed is due to the 

fact that most markers genotyped by the GWAS are expected show no significant association with 

EH and therefore should show no significant difference between case and control frequencies.193  
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Figure 45 - Scatterplot of GWAS Control AF versus Case AF 

 

6.3.3 Australian Cohort GWAS Association Testing Results 

Association analysis was conducted for the 842,539 SNPs remaining after quality control processing; 

no markers reached genome-wide significance under a conservative Bonferroni correction for 1 

million markers (5.0 X 10-8), though the top marker rs34870220 approached genome-wide 

significance with p = 4.32 X 10-7, and the top seven markers had p < 1 X 10-6. Markers with p < 1 X  

10-4 (approximately the top 200 hits) are displayed in Table A1, Appendix A, pg 292, while a summary 

list showing the markers with p < 1 X 10-5 (the top 30 markers) can be seen in Table 15, showing 

marker identification (rs ID) number, region, gene closest to the marker, context of the marker 

(location with respect to the closest gene), GWAS p-value, and rank position for each marker. Figure 

46 shows the Manhattan plot of p-values generated from the GWAS. Chromosomes 1-22 are 

represented in different colours (markers on sex chromosomes were removed during QC filtering). 
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The plot shows several candidate loci on chromosome 2, 4, 6, 9, 12, and 17 with p-values 

approaching genome-wide significance (p < 1 X 10-6), two of which are located on Chromosome 12.  

 

Table 15 - EH GWAS Results: Top Markers (p < 1 X 10-5) 

Marker rs ID Region Closest Gene Context GWAS p-value Rank 

rs34870220 17p13.2 ASGR1 flanking_5UTR 4.32 X 10-7 1 

rs4836667 9q34.1 PRRX2 intron 5.54 X 10-7 2 

rs1928277 6q23.3 NHSL1 intron 6.76 X 10-7 3 

rs1599961 4q24 NFKB1 intron 6.86 X 10-7 4 

rs11170043 12q13.13 KRT7 flanking_5UTR 7.09 X 10-7 5 

rs12711538 2q14 GLI2 coding 7.72 X 10-7 6 

rs11177752 12q15 LRRC10 flanking_5UTR 8.08 X 10-7 7 

rs7574068 2p12 LOC100420968 flanking_3UTR 1.35 X 10-6 8 

rs1437897 2q21.2 NCKAP5 intron 1.42 X 10-6 9 

rs6576745 1p22.3 WDR63 intron 1.58 X 10-6 10 

rs1012873 3q26.33 PEX5L flanking_3UTR 2.29 X 10-6 11 

rs8044957 16q23.3 LOC729847 intron 2.90 X 10-6 12 

rs17823706 18q22.1 DSEL flanking_3UTR 2.96 X 10-6 13 

rs9293231 5p14 CDH9 flanking_3UTR 3.47 X 10-6 14 

rs9918611 7q34 KIAA1549 intron 3.54 X 10-6 15 

rs3001167 1q31.3 LOC647167 flanking_3UTR 3.92 X 10-6 16 

rs8049010 16p13.1 ABCC1 intron 4.14 X 10-6 17 

rs11002865 10q22.3 ZMIZ1 intron 4.84 X 10-6 18 

rs131842 22q13.1 CSF2RB flanking_3UTR 5.17 X 10-6 19 

rs4474466 11q14.1 NARS2 intron 5.83 X 10-6 20 

rs7671480 4q13.2 UGT2B11 flanking_3UTR 6.64 X 10-6 21 

rs11134466 5q34 ODZ2 intron 6.77 X 10-6 22 

rs13128919 4q24 EMCN flanking_5UTR 7.27 X 10-6 23 

rs7107174 11q14.1 GAB2 intron 7.91 X 10-6 24 

rs12020645 13q13.3 FREM2 intron 8.14 X 10-6 25 

rs4512347 8q22.3 SLC25A32 flanking_3UTR 8.17 X 10-6 26 

rs154316 14q31 NRXN3 intron 8.67 X 10-6 27 

rs9895330 17q12 CCL1 flanking_5UTR 8.73 X 10-6 28 

rs12550012 8q22.2 STK3 intron 8.93 X 10-6 29 

rs10786658 10q24.32 C10orf76 intron 9.40 X 10-6 30 
 

 



161 
 

 

Figure 46 - Australian Cohort GWAS Manhattan Plot 

 

- l
og

 (p
-v

al
ue

) 

Chromosome 

rs1599961 rs1928277 rs4836667 

rs11170043 

rs11177752 

rs34870220 
rs12711538 



162 
 

The top 10 markers were rs34870220 (p = 4.32 X 10-7) near the gene ASGR1; rs4836667 (p = 5.54 X 

10-7) in the gene PRRX2; rs1928277 (p = 6.76 X 10-7) in the gene NHSL1; rs1599961 (p = 6.86 X 10-7) in 

the gene NFKB1; rs11170043 (p = 7.09 X 10-7) near the gene KRT7; rs12711538 (p = 7.72 X 10-7) in the 

gene GLI2; rs11177752 (p = 8.08 X 10-7) near the gene LRRC10; rs7574068 (p = 1.35 X 10-6) near the 

locus LOC100420968; and rs1437897 (p = 1.42 X 10-6) near the gene NCKAP5. None of the genes 

linked to these top 10 markers have previously been investigated with respect to hypertension or 

cardiovascular diseases, except NFKB1, which has been examined in both cardiomyopathy262 and 

endothelial dysfunction,263 though it has not been investigated in any case-control association 

studies (GWAS or candidate gene) of hypertensives and normotensives. 

 

Additionally, none of the 79 previously investigated EH genes outlined in Chapter 3 (“Genetic 

Background”, pg 34)—including Mendelian hypertension genes, RAAS pathway genes, sodium 

transport genes, adrenergic receptor genes, or prior GWAS genes—were found to be present in the 

top 30 markers of the GWAS. One gene, CDH13, has been previously associated with EH,143 and also 

with SBP250 was found to be present in the top 200 markers (representing 176 genes). The marker 

for CDH13, rs8046875 (p = 1.18 X 10-5), is located in an intron of CDH13.  

 

However, 34 of the 79 previously described hypertension genes were found to be present in the top 

5% of markers (top 41,257 markers, p < 0.05). Six were from the nine known Mendelian 

hypertension genes: CYP11B1 (top SNP p = 2.44 X 10-3), NR3C2 (top SNP p = 3.86 X 10-3), CYP11B2 

(top SNP p = 9.37 X 10-3), SCNN1G (top SNP p = 9.92 X 10-3), NEDD4 (top SNP p = 2.00 X 10-2), and 

SCNN1B (top SNP p = 2.52 X 10-2); two were from the six previously associated RAAS pathway genes: 

AGT (top SNP p = 2.72 X 10-3), ACE (top SNP p = 1.09 X 10-2); three were from the eleven previously 

associated  sodium  transport  genes:  WNK1  (top SNP p = 1.64 X 10-3),  SCNN1G (top SNP p = 9.92 X 

10-3), NEDD4 (top SNP p = 2.00 X 10-2); three were from the six previously associated adrenergic 

receptor genes: ADRA2C (top SNP p = 3.62 X 10-3), ADRA1A (top SNP p = 3.75 X 10-3), ADRB1 (top SNP 
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p = 4.39 X 10-3); one was from the two previously investigated Hcy pathway genes: MTRR (top SNP p 

= 1.23 X 10-3); and 19 were from the 30 previously reported GWAS genes: MACROD2 (top SNP p = 

2.26 X 10-4), LOC344371 (top SNP p = 8.66 X 10-4), CHRM3, RANBP3L, RASGRP3, CACNB2, MYO6, 

ALDH1A2 (top SNPs all < 1 X 10-2), EBF1, MSRA, PLCE1, MYADML, UMOD, GPR39, C5orf23, XRCC4, 

ATP2B1, NOV, SLC39A8 (top SNPs all < 5 X 10-2). Many of the well-characterised EH susceptibility 

genes had multiple hits, for example the ACE gene had three hits (ranks 9811; 18328, and 23829), 

while the AGT gene and the AGTR1 gene had four hits each (AGT ranks 2889, 11574, 20490, 3954; 

AGTR1 ranks 9649, 34510, 39095, 40889). The fact that so many previously associated genes were 

found in the top 5% of markers suggests that the GWAS is detecting known association signals, albeit 

at a lower level than genome-wide significance. Furthermore, this suggests that the top loci may be 

interesting new targets to investigate with regard to EH susceptibility, as none of them have been 

previously investigated in a hypertension case-control association study. 

 

6.3.4 Top GWAS Hits in Genes - LD Structures of Top Hits 

In order to identify potentially strong gene candidates with more than one top GWAS marker, 

markers with p < 1 X 10-4 (approximately the top 200 GWAS SNPs) were sorted by gene, and genes 

were ranked according to how many SNPs they contained. Of the markers with p < 1 X 10-4, 4 were 

found to be in or close to NFKB1, 3 markers were found to be in ODZ2 and GAB2, while 2 markers 

were found to be in GLI2, LOC100420968, NCKAP5, ZMIZ1, FREM2, NRXN3, LOC646538, LOC388458, 

DYX1C1 and BNC2. No multiple hits were found in the remaining 162 genes. The genes with multiple 

top GWAS hits can be seen in Table 16. 
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Table 16 - Genes with Multiple Top GWAS Hits (p < 1 X 10-4) 

Gene No. of GWAS hits 

NFKB1 4 

ODZ2 3 

GAB2 3 

GLI2 2 

LOC100420968 2 

NCKAP5 2 

ZMIZ1 2 

FREM2 2 

NRXN3 2 

LOC646538 2 

LOC388458 2 

DYX1C1 2 

BNC2 2 

All other genes 1 
 

These genes with multiple hits were considered to be potentially strong candidates and were 

considered for further investigation to determine whether the multiple markers within genes were 

in linkage disequilibrium (LD) or not. The underlying LD structure of the markers within a gene can 

reveal two different interpretations about the association of the gene with the trait of interest. 

Firstly, if multiple hits within a gene are due to the markers being in LD, then it is less probable that 

the association of the top hit is a false positive. Conversely, if multiple hits within a gene are in LD 

but only one marker has an elevated p-value, it is more probable that the single high p-value is a 

false positive, due to the fact that markers in high LD are expected to give similar association signals. 

Secondly, if markers are not in LD, but both have high elevated p-values, it could indicate that 

multiple independent association signals are being detected within the gene. This would suggest two 

different causal mechanisms related to the gene, for example, two different mutations that interfere 

with gene function. Therefore, it is important to check the LD structure surrounding these multiple 

hits to determine if they are independent signals.  
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LocusZoom plots, which are focused Manhattan plots centering on a marker, gene, or area of 

interest and incorporating LD information into the plot, were used to this effect. LocusZoom plots 

for each of the top five genes ranked by number of GWAS hits (NFKB1, ODZ2, GAB2, GLI2, and 

LOC100420968) were generated using the LocusZoom tool261 and used to examine the relationship 

(LD structure) of the multiple GWAS hits. Separate signals were observed for some of the markers 

(ODZ2 and GAB2), while non-independent signals due to high LD between markers were found for 

the remaining top 5 markers, including the marker with the top number of GWAS hits NFKB1, with 4 

hits.  

 

The LocusZoom plot for NFKB1 (Figure 47 below) showed that the top four markers (labelled with rs 

ID and p-value) were in high LD (R2 = 0.6 - 0.8) with each other. There also appeared to be a cluster 

of markers in high LD to very high LD (R2 > 0.8) with the top marker in NFKB1 (rs1599961). These 

markers in LD have elevated -log(p-values) compared to markers not in LD within the same region, 

indicating that the association signal is strong and unlikely to be a false association signal. This is due 

to the fact that markers in LD are expected to give the similar or the same association signals, 

depending on the strength of LD, and markers in perfect LD (R2 = 1) are frequently used as proxies in 

association typing. The fact that the p-values of the markers in this LD cluster are not as significant as 

the top marker, rs1599961, is a reflection of the fact that LD is not perfect between these markers. 

 

The LocusZoom plots for ODZ2 (Figure 48) showed that the top marker (rs11134466) is in high LD 

with a cluster of markers which appear to have greater elevated -log(p-values) compared to the non-

LD markers surrounding it. This suggests that the top marker is a genuine association signal. More 

importantly, the next two top markers rs4869078 and rs1477284, although in high LD with each 

other, are not in LD at all with the top marker rs11134466. This points to the fact that there seem to 

be two different association signals localising to ODZ2. When the second signal is focused
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Figure 47 - LocusZoom Plot of NFKB1 Showing LD Structure 
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Figure 48 - LocusZoom Plot of ODZ2 Showing LD Structure of First Signal Cluster 
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Figure 49 - LocusZoom Plot of ODZ2 Showing LD Structure of Second Signal Cluster 
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Figure 50 - LocusZoom Plot of GAB2 Showing LD Structure of First Signal Cluster 
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Figure 51 - LocusZoom Plot of GAB2 Showing LD Structure of Second Signal Cluster 
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Figure 52 - LocusZoom Plot of GLI2 Showing LD Structure 



172 
 

 

Figure 53 - LocusZoom Plot of LOC100420968 Showing LD Structure
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on (Figure 49), it can be seen that a cluster of markers in low to moderate LD with the second-signal 

markers have elevated -log(p-values) compared with the surrounding non-LD markers, also 

suggesting that the second signal is genuine, even though the presence of two markers in very high 

LD with the top second-signal marker are not elevated as much as expected. Previous markers in 

ODZ2 have been studied in an EH GWAS of the Candidate-gene Association REsource (CARe) cohort, 

an overarching cohort consisting of nine smaller cohorts maintained by the National Heart, Lung, 

and Blood Institute. Although the ODZ2 markers studied in the GWAS did not reach genome-wide 

significance, they all obtained p < 3 X 10-4, suggesting a mild association of ODZ2 with 

hypertension264. 

 

The LocusZoom plot for GAB2 (Figure 50) similarly appeared to show two association signals. The 

three top markers were shown to be in very high LD with each other and with a cluster of markers 

which have moderately elevated -log(p-values). These top markers are also in moderate LD with 

markers in the adjacent gene NARS2. When the second signal is focused on (Figure 51), it can be 

seen that the top marker (rs474466) in NARS2 (p = 5.8 X 10-6) is in very high LD with a cluster of 

markers with elevated -log(p-values). While this is a less clear LD structure than for ODZ2, it suggests 

that there may be two association signals localising to this region. 

 

The LocusZoom plot for GLI2 (Figure 52) shows that the two top markers are in high LD with each 

other and that the top marker is in very high LD with a cluster of markers with elevated -log(p-

values) as compared to other nearby non-LD markers. Again, as in the NFKB1 plot, this suggests that 

the signal appears to be a genuine one, and that the two top hits within GLI2 are most likely both 

due to a single association signal within the region. 

 

Likewise, the LocusZoom plot of LOC100420968 (Figure 53) shows that the three top markers are in 

moderate LD with each other. However, it can be seen that there are two markers which are in high 
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LD with the top marker but do not have an elevated -log(p-value) compared to the top three 

markers. Other neighbouring markers that are in low LD seem to have slightly elevated -log(p-

values), though the elevation is not a clear as for the other genes above. This suggests that perhaps 

the signal at this locus (which is a pseudogene and not a well-characterised gene) may not be a 

genuine one and thus would require further validation. 

 

6.3.5 Over-Representation of Known EH Genes in GWAS Hits 

The frequency and rank position of markers in previously reported EH genes was calculated to 

examine whether greater numbers of known genes were found in the top GWAS hits than expected 

by chance, using the eleven loci reported as being associated with hypertension and which had been 

strongly validated and replicated: ADH7, ZNF831, ALDH1A2, ATP2B1, CACNB2, CDH13, CHRM3, 

EDN3, MSRA, RYR2, and ZP4. This was calculated for three rank thresholds: the top 10,000 markers, 

the top 5,000 markers, and the top 1,000 markers. 

 

For the top 10,000 GWAS SNPs (approximately markers with p < 0.01), it was found that about 5000 

of the 17000 genes in the genome appear in the list (under the null hypothesis of no association with 

EH). The top 10,000 SNPs were then checked for hits to the eleven EH genes and it was found that 

six of the eleven genes had at least one hit from the top 10,000 SNPs, including: ALDH1A2 (1 hit), 

CACNB2 (3 hits), CDH13 (15 hits), CHRM3 (2 hits), RYR2 (5 hits), and ZP4 (1 hit). As the proportion of 

EH genes within the top hits (6/11, or 0.55) is a greater than the expected proportion under the null 

hypothesis (5000/17000, or 0.29), known EH genes are found more often than expected by chance 

within the top 10,000 markers. The same conclusion was deduced after calculating the proportions 

for both the top 5,000 markers and the top 1,000 markers. For the top 5,000 markers, the expected 

proportion of genes under the null hypothesis was 3124/17000 (0.18), while the observed 

proportion of known EH genes was 4/11 (0.36). For the top 1,000 markers, the expected proportion 

of genes under the null hypothesis was 834/17000 (0.05), while the observed proportion of known 
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EH genes was 3/11 (0.27). This suggests there are disproportionately more hits in genes which were 

previously identified as being associated with hypertension, further supporting the reliability of the 

pooled GWAS results. 

 

6.3.6 SNPs Selected for Validation Study 

Initially, the top five most significant markers were selected for pooled DNA GWAS validation: 

rs34870220 (ASGR1, p = 4.32 X 10-7); rs4836667 (PRRX2, p = 5.54 X 10-7); rs1928277 (NHSL1, p = 6.76 

X 10-7); rs1599961 (NFKB1, p = 6.86 X 10-7); and rs11170043 (KRT7, p = 7.09 X 10-7). However, due to 

the fact that the ASGR1 marker and the KRT7 marker were difficult to design genotyping assays for, 

the other markers from the list were selected instead for validation. The final list of markers 

genotyped for validation purposes were: rs1928277, located in an intron of NHSL1 on chromosome 

6; rs1599961, located in an intron of NFKB1 on chromosome 4; rs12711538, coding for a non-

synonymous amino acid substitution in GLI2 on chromosome 2; and rs11177752, located 

approximately 5kb from the 5’ UTR of LRRC10 on chromosome 12. This validation study will be 

outlined in Chapter 7 (pg 182).  

 

6.3.7 Combined Dataset Analysis Results 

Following combination of Wellcome Trust Case-Control Consortium hypertension GWAS summary 

data with the summary data from this Australian cohort GWAS, p-values were obtained for 

1,159,677 SNPs, which included markers that did not overlap between the datasets. Again, no 

markers reached genome-wide significance under a conservative Bonferroni correction for 1 million 

markers (5.0 X 10-8), though the top marker rs4836667 in PRRX2 (previously the second-ranked SNP 

in the Australian cohort analysis), approached genome-wide significance with p = 1.45 X 10-7. The top 

15 markers had p < 1 X 10-6 (compared with the top 7 markers in the Australian cohort analysis), 

while 468 many markers obtained p < 1 X 10-4 (compared with 192 markers in the Australian cohort 
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analysis). The top 30 markers can be seen summarised in Table 17 below, showing marker 

identification  (rs ID) number, region, gene closest to the marker, context of the marker (location 

 

Table 17 - Combined Dataset Results: Top 30 Markers (p < 1 X 10-5) 

Marker rs ID Region Closest Gene Context Combined 
 p-value Rank Original 

Rank* 
rs4836667 9q34.1 PRRX2 intron 1.45 X 10-7 1 2 

rs9355850 6q25.3 ZDHHC14 intron 1.55 X 10-7 2 - 

rs11024327 11p15.1 OTOG intron 2.20 X 10-7 3 - 

rs893881 10p12 NEBL flanking_5UTR 2.45 X 10-7 4 - 

rs11177752 12q15 LRRC10 flanking_5UTR 3.48 X 10-7 5 7 

rs34870220 17p13.2 ASGR1 flanking_5UTR 4.32 X 10-7 6 1 

rs7574068 2p12 LOC100420968 flanking_3UTR 5.10 X 10-7 7 8 

rs17201619 17p13.2 WSCD1 flanking_3UTR 5.53 X 10-7 8 - 

rs1928277 6q23.3 NHSL1 intron 6.76 X 10-7 9 3 

rs1599961 4q24 NFKB1 intron 6.86 X 10-7 10 4 

rs11170043 12q13.13 KRT7 flanking_5UTR 7.09 X 10-7 11 5 

rs12711538 2q14 GLI2 coding 7.72 X 10-7 12 6 

rs1534357 6p21.1-p11.2 CYP39A1 intron 8.84 X 10-7 13 - 

rs1437897 2q21.2 NCKAP5 intron 9.54 X 10-7 14 9 

rs9549691 13q34 PCID2 intron 9.64 X 10-7 15 - 

rs11618728 13q21.32 LOC400141 flanking_5UTR 1.39 X 10-6 16 - 

rs300916 4q31.21 GAB1 intron 1.49 X 10-6 17 - 

rs6576745 1p22.3 WDR63 intron 1.58 X 10-6 18 10 

rs1477284 5q34 ODZ2 intron 1.61 X 10-6 19 - 

rs10852665 16p13.3 A2BP1 flanking_5UTR 1.81 X 10-6 20 - 

rs1012873 3q26.33 PEX5L flanking_3UTR 2.29 X 10-6 21 11 

rs532473 10p12.1 PTCHD3 flanking_3UTR 2.58 X 10-6 22 - 

rs8044957 16q23.3 LOC729847 intron 2.90 X 10-6 23 12 

rs17823706 18q22.1 DSEL flanking_3UTR 2.96 X 10-6 24 13 

rs9918611 7q34 KIAA1549 intron 3.21 X 10-6 25 15 

rs17447382 5q21.1 TMEM157 intron 3.29 X 10-6 26 - 

rs9293231 5p14 CDH9 flanking_3UTR 3.47 X 10-6 27 14 

rs991956 10p14 TCEB1P3 flanking_5UTR 3.51 X 10-6 28 - 

rs297367 11p15.3 SOX6 intron 3.84 X 10-6 29 - 

rs3001167 1q31.3 LOC647167 flanking_3UTR 3.92 X 10-6 30 16 
* Original rank among markers with p < 1 X 10-6 
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with respect to the closest gene), GWAS p-value, rank position for each marker, and prior rank if the 

marker was previously within the top 30 markers in the Australian cohort analysis. 

 

Figure 54 below shows the Manhattan plot of p-values generated from the combined cohort. The 

plot shows candidate loci on similar chromosomes to the Australian-only analysis; however, 8 

additional markers approached genome-wide significance for the combined cohort, with p < 1 X 10-6. 

These 8 markers included an additional 2 markers each on chromosome 2 and chromosome 6, and 

an additional marker each on chromosomes 10, 11, 13 and 17. Interestingly, the new marker on 

chromosome 17 (rs17201619) is less than 1Mb away from rs34870220 (Australian cohort only), 

pointing to the fact that the same association signal in the region might have been detected by both 

the Australian cohort and the WTCCC cohort. 
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Figure 54 - Combined Dataset Manhattan Plot 
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6.4 Discussion of GWAS Results 

6.4.1 GWAS Quality Control 

Overall it appears that the GWAS results reported in this study are of high quality compared with 

similar pooled DNA GWAS studied. This is evidenced by the fact that the quality control measures 

taken have resulted in a dataset that correlates highly not only between cases and controls (R = 

0.99) but also correlates highly with expected allele frequencies from a reference dataset across the 

genome, for both the case and control pools (R > 0.95 for both). Furthermore, it appears that there 

is an overrepresentation of known EH genes within the top hits of the GWAS, at the level of 

approximately top 1% (top 10,000 markers), top 0.6% (top 5,000 markers), and top 0.1% (top 1,000 

markers), suggesting that the GWAS was able to detect known EH genes in greater proportions than 

expected by chance. Even though no known EH genes were detected in the top 30 GWAS SNPs, one 

marker in the known EH gene CDH13 was found at rank 37 within the top 100 hits. These figures are 

comparable to other GWAS studies, as known EH genes rarely consistently appear within the top 

100 GWAS hits, and confirms the reliability of these GWAS results.  

 

6.4.2 Australian Cohort GWAS Top 5 Genes 

Though no markers from the GWAS reached genome-wide significance, all top five ranked markers 

had p < 1 X 10-6, and present putative novel EH loci for future studies. Of the top five markers, the 

first and fourth markers appear to be the most interesting, as the second, third, and fifth markers do 

not currently appear to have any involvement in EH, BP maintenance, or cardiovascular disease. The 

second top marker rs4836667 is located on chromosome 9, in the intron of the PRRX2 (Paired 

related homeobox 2) gene, and was found to be the top marker from the combined cohort GWAS 

analysis. PRRX2 encodes a homeobox protein which is mainly expressed in proliferating foetal 

fibroblasts and dermal layer. Increased expression of PRRX2 has been detected during skin wound 

healing and has thus suggested a role for PRRX2 in the control of dermal regeneration and cellular 
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proliferation.265 The third marker from the top 5 GWAS hits is rs1928277, located on chromosome 6, 

in the intron of the gene NHSL1 (Nance-Horan Syndrome Like 1). The fifth marker, rs11170043, is 

located on chromosome 12 near the 5’ UTR of the gene KRT7 (Keratin 7) and encodes cytokeratin-7, 

a 51kD protein, which is a member of the type II cytokeratins. Cytokeratins provide support and 

tensile strength to cells and cytokeratin-7 is mainly expressed in blood vessels, gland ducts and the 

epithelial lining of the cavities of internal organs, suggesting that perhaps it may be involved in 

epithelial integrity in the vasculature, though this has not been specifically investigated. While there 

is currently little biological evidence for a role of these genes in EH, further investigation and 

validation of these markers may prove them to be interesting and completely novel candidates for 

EH. However, the other two top 5 GWAS hits, the top marker in ASGR1 and the fourth marker in 

NFKB1, appear to be more interesting candidates for validation and follow-up. 

 

The top marker rs34870220 is located on chromosome 17, near the 5’ UTR of the gene ASGR1 

(asialoglycoprotein receptor 1) which encodes a subunit of the asialoglycoprotein (ASG) receptor. It 

is a transmembrane protein which mediates the endocytosis and degradation of plasma 

glycoproteins, such as von Willebrand factor (vWF), which is increased when endothelial damage has 

occurred.228 It is thought that the ASG receptor is actively involved in the clearance of vWF, and 

animal studies have shown that ASGR1 knock-out mice have a 1.5 fold increase in circulating plasma 

vWF.266 Thus, polymorphisms in ASGR1 that decrease its function in clearing vWF could potentially 

result in higher levels of vWF, and which plays a role in responding to endothelial damage and 

promoting platelet aggregation. As it is not currently clear how ASGR1 and vWF could play a role in 

increased BP, a possible involvement for ASGR1 in endothelial damage is suggested by this top 

GWAS hit but further investigation of this gene is required to confirm the association and investigate 

the underlying mechanism by which it could affect BP. 
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The fourth marker, rs1599961, is located on chromosome 4 in the intron of the gene NFKB1 (nuclear 

factor of kappa light polypeptide gene enhancer in B-cells 1). NFKB1 was found to contain four 

GWAS markers within the top 200 SNPs, the most multi-hits for any gene in the top 200, and analysis 

of the underlying LD structure of the markers revealed that the markers were all in strong LD, 

suggesting that the top association signal is a genuine one. NFKB1 encodes a 105 kD transcription 

factor which is present in almost all cell types and which is involved in a huge number of signalling 

pathways, both as an enhancer or a repressor. It is also the only gene which has been examined in 

relation to cardiovascular disease previously, out of the top GWAS hits. It has been investigated with 

regard to both cardiomyopathy262 and endothelial dysfunction,263 with the link to endothelial 

dysfunction particularly interesting from a hypertension perspective. In vascular endothelial cells, 

NFKB1 detects and transmits changes in wall shear stress to the nucleus, whereby nitric oxide 

synthase (NOS) gene expression is initiated.263 The production of NOS results in generation of nitric 

oxide, a powerful regulator of BP through vasodilation. This suggests that NFKB1 is a strong 

candidate marker for further investigation and validation in EH association studies.  

 

6.4.3 Combined Dataset GWAS Top 5 Genes 

Although the combination of smaller cohort GWAS datasets into larger analyses has shown to be 

able to improve power to detect associated markers, the analysis of the combined Australian cohort 

and WTCCC cohort GWAS data did not yield any markers that reached genome-wide significance. 

However, this approach did appear to improve p-values for markers which were detected at modest 

levels in both cohorts, such as rs4836667 in PRRX2, which was ranked second in the top 5 hits of the 

Australian cohort GWAS but was ranked first in the combined cohort analysis, and rs11177752 in 

LRRC10, which was ranked at position seven in the original analysis, and improved rank to positive 

five in the combined analysis. Of the top five markers, in the combined analysis, the second, third, 

and fourth markers did not originally appear in the top hits of the Australian cohort analysis and are 

therefore unique top hits in the combined analysis. The second-ranked marker, rs9355850, is located 
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in the intron of the gene ZDHHC14 (zinc finger, DHHC-type containing 14) and appears to be one of a 

family of palmitoyltransferases which are enzymes involved in the post-translational lipid 

modification of proteins.267 In spite of the fact that the ZDHHC14 protein contains a DHHC domain 

which suggests that it may be involved in interactions with other proteins or with DNA, the function 

of this protein is currently unknown.267 The third-ranked marker, rs11024327, is located in the intron 

of the OTOG (otogelin) gene. OTOG encodes a glycoprotein called otogelin, specifically expressed in 

the inner ear,268 which does not appear to have any potential link to hypertension or blood pressure 

regulation. This suggests that perhaps unidentified non-coding RNAs lie in this region; recent studies 

have suggested that GWAS-associated polymorphisms in intronic or intergenic regions may be 

detecting association signals from non-coding RNA species,269 which have been increasingly shown 

to play a role in the variation of complex traits.   

 

The fourth marker, rs893881, located in the intron of the NEBL (Nebulette) gene, appears to be the 

most interesting candidate of the top 5 genes from the combined analysis. NEBL encodes a nebulin-

like protein expressed in cardiac muscle cells. It binds actin and interacts with proteins in striated 

muscles which are linked to the thin filaments at the Z-line of the sarcomere. Nebulette appears to 

be a shorter version (107 kD) of the nebulin protein (600-900 kD) but while the nebulin protein is 

expressed in skeletal muscle, nebulette is exclusively expressed in cardiomyocytes and myofibrils270 

and GFP-fusion protein studies showed that nebulette was essential for proper organisation and 

contractibility of myofibrils.271 Further, recent studies in mice showed that missense mutations in 

NEBL caused mice to develop cardiomyopathies,272 and that this may be due to interference in 

calcium signalling in the myocytes.273 Though NEBL appears to affect the cardiac muscle only, this 

suggests a clear mechanism by which BP could be influenced, and if NEBL-induced aberrant calcium 

signalling were to extend beyond the cardiac tissue, this could also suggest another mechanism by 

which NEBL might influence EH susceptibility. Overall this appears to be an interesting novel 

candidate for further validation and investigation in relation to EH.  
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Chapter 7 

GWAS Validation Genotyping 
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7.1 Introduction 

7.1.1 GWAS Validation 

Genome-wide association studies have produced a vast number of associated SNPs but to date only 

a small number of these have been successfully replicated in independent studies, suggesting true 

association with the disease outcome. Given that some GWAS conduct more than one type of 

analysis per study, like those that examine SBP and DBP in one study, or obesity and EH in one study, 

it has been suggested that this may be due to insufficient multiple testing corrections, and that more 

stringent threshold (p < 10-10) may be warranted to decrease the number of unconfirmed 

associations.274  

 

However, even with highly conservative and stringent multiple testing corrections for GWAS, it 

seems likely that a proportion of these non-replicated associations are in fact false positives. For 

instance, though over 670 genes have been associated with asthma, many GWAS-detected 

associations remain unreplicated in other GWAS, and many previously known asthma candidate 

genes are not detected.275 For instance, the first GWAS in asthma detected a strong association at 

chromosome 17q21, near the ORMDL3/GSDML genes, and this association was replicated in other 

asthma GWAS. However, this association was not replicated in a recent GWAS (TENOR cohort 2010), 

which also failed to replicate other previously reported loci.275 Many other asthma loci or genes 

reported in one or two studies, have then failed to be replicated in other studies, including: the 

RAD50-IL13 locus, the DENND1B gene, the PDE11A gene and the PDE4D gene.275 This highlights the 

very real struggle to ensure that GWAS findings are in fact true associations with the disease being 

investigated, despite the fact that there is a high probability of detecting some false positive 

associations even amongst the highly significant GWAS hits. 
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This probability is compounded by a pooling approach where pooling errors due to pool construction 

and array hybridisation199 may contribute to spurious associations. Additional errors due to a pooling 

approach have been well-characterised and the variance attributable to pool construction and array 

variance has been quantified by measuring variation in allele frequencies both between and within 

DNA pools. This can be done by using replicate arrays on the same DNA pool (to estimate the within-

pool variance) and using arrays on two different DNA pools (to estimate the between-pool 

variance).215 While early estimates of array and pool variance found 87.5% of total variance from 

pooling was due to array variance, and 12.5% of variance was due to pool construction,192 more 

recent estimates have found that array variance (~3.5 X 10-4) may contribute only 60-80% of total 

pooling variance (~5 X 10-4) and pool construction may contribute 20-40% (~1.5 X 10-4).215 Although 

the contribution of array and pool construction to errors in allele frequencies can be decreased by 

increasing numbers of array replicates, large numbers of replicate arrays are generally prohibitively 

expensive. Thus, it is necessary to validate top hits from pooled DNA GWAS to ensure true positives 

by individually genotyping each sample that constituted the pool. Allele frequencies obtained from 

the pools can then be compared with allele frequencies obtained from individual genotyping, and 

analysed for correlation.186  

 

7.1.2 Synopsis of GWAS Results 

As described in Chapter 6, a pooled DNA GWAS was conducted on an Australian cohort of 

hypertensive cases and normotensive controls in order to identify novel EH susceptibility loci. Case 

and control pools were constructed, consisting of 409 cases and 409 controls, which were then split 

into four replicates and hybridized to Illumina 1M-Duo arrays. Raw data was normalised and quality 

control filters were applied, including exclusion of SNPs with low fluorescence, low minor allele 

frequency (< 5%) and located on sex chromosomes, resulting in a final output of 842,511 markers for 

which p-values were calculated. Markers were ranked according to p-values and compared to the 

genome-wide significance threshold of 5 X 10-8. No markers reached genome-wide significance 
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threshold under a conservative Bonferroni correction for 1 million markers, though the Manhattan 

plot of -log(p-values) shows several candidate loci on chromosome 2, 4, 6, 9, 12, and 17 with p-

values approaching genome-wide significance. This included top GWAS hit rs34870220, flanking the 

5’ UTR of the gene ASGR1, which obtained a significance level of p = 4.32 X 10-7. Table 15 in Chapter 

6 (pg. 159) lists the top 30 loci from the GWAS, ranked according to p-values, and shows the SNP rs 

identification number, chromosome, closest gene, and gene context.  

 

The top five most significant markers were initially chosen for pooled DNA GWAS validation: 

rs34870220 (ASGR1, p = 4.32 X 10-7); rs4836667 (PRRX2, p = 5.54 X 10-7); rs1928277 (NHSL1, p = 6.76 

X 10-7); rs1599961 (NFKB1, p = 6.86 X 10-7); and rs11170043 (KRT7, p = 7.09 X 10-7). However, due to 

the fact the ASGR1 marker and the KRT7 marker were difficult to design genotyping assays for, other 

markers were selected instead for validation. The final list of markers genotyped for validation 

purposes were: rs1928277, located in an intron of NHSL1 on chromosome 6; rs1599961, located in 

an intron of NFKB1 on chromosome 4; rs12711538, coding for a non-synonymous amino acid 

substitution in GLI2 on chromosome 2; and rs11177752, located approx. 5kb from the 5’ UTR of 

LRRC10 on chromosome 12. In this study, these four markers were genotyped in the individual 

samples that comprised the DNA pools in the case-control cohort and used to assess their 

association with EH. Markers previously genotyped on the same cohort in a candidate gene 

approach (Chapter 5, pg. 95) were also used in conjunction with these markers to assess the 

accuracy of pooled DNA GWAS allelotyping by comparing pool allele frequencies to those from 

individual genotyping. 
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7.2 Materials and Methods 

7.2.1 Study Population and DNA Sample Preparation 

The study protocol was approved by the Griffith University’s Ethics Committee (HSC/18/04/HREC). 

The study population used to validate the genome-wide association study was the same as 

previously described and used both in the homocysteine pathway candidate gene investigation 

(Chapter 5, pg 95) and in the genome-wide association study (Chapter 6, pg 124). In brief summary, 

the population was composed of 409 Australian Caucasian hypertensives and 409 age- (±5 years), 

sex- and ethnicity-matched normotensive controls (see Chapter 6, pg 136 for case and control 

criteria). The population was almost equally male (46.7%) and female (53.3%), and average ages of 

cases and controls were not significantly different. Blood samples and questionnaires were obtained 

from all participants and after signing informed consent agreements. 

 

As previously described (Chapter 5, pg 136), genomic DNA was extracted from participant whole 

blood samples using the modified salting-out method.150 Samples previously extracted underwent 

phenol-chloroform purification157 if UV spectrophotometry showed they were low quantity (< 20 

ng/µL) or low quality (1.7 > A260/A280 > 2.0); samples of were low concentration only underwent 

concentration by ethanol precipitation. Samples extracted specifically for this study also via the 

salting-out method were quantified and assessed for quality, and similarly, low-quality samples and 

samples with poor colouration underwent phenol-chloroform purification. A 400 µL aliquot of 

purified 1X TE stock DNA was ethanol precipitated and resuspended in 200 µL of distilled water. 

dH2O stocks were re-quantitated and normalised to 20 ng/µL using the CAS1200 automated liquid 

handling robot (Corbett). Although samples were then whole-genome amplified (WGA) for 

candidate gene studies (Chapter 5), the pooled DNA GWAS and GWAS validation was undertaken on 

non-WGA normalised DNA stocks to reduce the possibility of error from WGA preferential 

amplification.  
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7.2.2 TaqMan® Genotyping Assays 

All four markers were genotyped by TaqMan® SNP genotyping assays. Primer-Probe mix for each 

marker was diluted from 40X to 20X with 1X TE. Information about each marker including assay ID 

number is summarised in Table 18. The genotyping protocol for each marker was exactly the same 

except for the use of the specific Primer-Probe Mix for each marker. Briefly, the protocol was as 

follows: 1X TaqMan® Universal PCR Master Mix, 1X TaqMan® Primer-Probe Mix and 40 ng of DNA 

template in a total reaction volume of 5 µL. The Prior to the PCR amplification step, the reaction 

plate was scanned to determine baseline fluorescence levels. PCR amplification was then performed 

followed by a post-amplification scan for end-point fluorescence levels. Both amplification and 

fluorescence scans were performed on a 7900HT Fast Real-Time PCR System (Applied Biosystems) 

and the thermocycling conditions were as follows: 95 oC for 10 minutes, then 92 oC for 15 seconds 

and 60 oC for 1 minute for 45 cycles. Analysis of fluorescence data was performed using Sequence 

Detection Systems Version 2.4. For each sample, the VIC fluorescence intensity was plotted on the x-

axis and the FAM fluorescence intensity was plotted on the y-axis to generate a scatter plot (allelic 

discrimination plot). Three separate clusters were obtained for each of the three genotypes for each 

marker.
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Table 18 - TaqMan® Assay and SNP information 

TaqMan® 
 Assay ID Gene Gene Name rs number Location SNP Type Allele 

Change 
AA 

change 
CEU 
MAF 

WTCCC2 
MAF 

C__32164557_10 GLI2 Glioma associated 
factor 2 rs12711538 chr. 2  

121747406 

Mis-sense  
Mutation, 
Transition  

Substitution 

A>G D1306N 0.3 (G) 0.27 (G) 

C___8935034_10 NFKB1 

Nuclear factor of 
kappa light 

polypeptide gene 
enhancer in B cells1 

rs1599961 chr. 4  
103443569 

Intron, 
Transition  

Substitution 
G>A N/A 0.45 (A) 0.4 (G) 

C__11697223_10 NHSL1 Nance-Horan 
Syndrome-like 1 rs1928277 chr. 6  

138766021 

Intron, 
Transition  

Substitution 
C>T N/A 0.08 (T) 0.06 (T) 

C__31189797_10 LRRC10 Leucine rich repeat 
containing 10 rs11177752 chr. 12  

70005534 

Intergenic/ 
Unknown, 

Transversion  
Substitution 

T>G N/A 0.14 (G) 0.18 (G) 

AA = Amino acid; CEU MAF = HapMap Caucasian Minor Allele Frequency; WTCCC2 MAF = Wellcome Trust Case Control Consortium 2 Minor Allele 
Frequency 
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7.2.3 GWAS and Validation AF Correlation Assessment 

To compare allele frequencies (AF) obtained from pooled DNA GWAS and individual genotyping for 

the four validation markers, two methods were used. The allele chosen for comparison was the 

allele typed by the array, designated as “Allele A” using Illumina’s TOP/BOT allele identification 

approach.276 First, array allele frequencies were compared to allele frequencies from individual 

genotyping by subtracting control allele frequency from case allele frequency. This allowed 

determination of the magnitude of case-control difference, as well as indicating whether the allele 

was more frequent in cases than in controls (direction of difference). Magnitude and direction of 

difference (referred to as the “trend”) was then compared between array and individual genotyping 

and the trend directionality determined to be the same direction or opposite direction between the 

two typing methods. Second, array allele frequency for all markers (the major allele) was plotted 

against allele frequency obtained by individual genotyping (Microsoft Excel 2010 version 14.0). A 

linear trendline was fitted to the data, and the correlation coefficient (R) was calculated. Groups that 

did not conform to HWE were removed from the scatter plot and a second R calculated for the 

remaining data. 

 

7.2.4 HWE and Chi-Square Analysis of Validation SNPs 

Each marker was tested for Hardy-Weinberg equilibrium (HWE) by calculating expected frequencies 

under HWE using the following equation: p2 + 2pq + q2 = 1. Expected frequencies were then 

compared to observed frequencies using the formula Σ [(O – E)2 / E], to obtain the chi-square 

statistic χ2. The χ2 statistic was then compared to the χ2 distribution and the p-value generated using 

Microsoft Excel 2010 version 14.0. Markers were considered to deviate from HWE if the p-value 

associated with the χ2 statistic was < 0.05, and conforming to HWE if p > 0.05. χ2 analysis was also 

used to test whether there was a significant difference in allele and genotype frequencies between 

cases and controls for all four markers at an α-level of 0.05. For markers with a count of less than 5 
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in one or more cells of the contingency table, for which the χ2 statistic is not appropriate, the CLUMP 

program,205 which calculates a new χ2 value by merging columns together and implements a Monte 

Carlo approach to assess significance, was employed instead. 200,000 Monte Carlo simulations were 

run to determine p-values. Markers with p < 0.05 were considered to show a significant difference 

between cases and controls and thus indicate an association with EH.  

 

7.3 GWAS Validation Results 

7.3.1 GLI2 rs12711538 Genotyping Results 

Figure 55 shows an allelic discrimination plot for the GLI2 marker genotyping. AA genotypes are 

represented by the red dots, AG genotypes are represented by the green dots and GG genotypes are 

represented by the blue dots. Black squares represent no template controls and black crosses 

represent samples of undetermined genotypes. 
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Figure 55 - GL12 Marker Allelic Discrimination Plot 

 

Of the 409 cases and 409 controls genotyped, 399 cases (97.6%) and 401 (98.0%) controls were 

successfully genotyped for the marker. Both case and control groups were found to be in Hardy 

Weinberg equilibrium (p = 0.12 and p = 0.94 respectively). Table 19 shows the genotype and allele 

frequencies for the GLI2 marker. 
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Table 19 - GLI2 Marker Genotype and Allele Frequencies 

MARKER GENOTYPE FREQUENCIES ALLELE FREQUENCIES 

GLI2 
rs12711538 AA AG GG TOTAL A G TOTAL 

CASE 185 
(46.4%) 

163 
(40.8%) 

51 
(12.8%) 399 533 

(66.8%) 
265 

(33.2%) 798 

CONTROL 221 
(55.1%) 

153 
(38.2%) 

27 
(6.7%) 401 595 

(74.2%) 
207 

(25.8%) 802 

Test statistic χ2 = 10.89, p = 0.004 (α = 0.05) χ2 = 10.52, p = 0.001 (α = 0.05) 

 

There was a statistically significant difference between cases and controls for both the genotype 

frequencies (χ2 = 10.89, p = 0.004) and allele frequencies (χ2 = 10.52, p = 0.001) of the GLI2 marker. 

The GG genotype frequency was higher in cases (12.8%) than in controls (6.7%) and the G allele 

frequency was higher in cases (33.2%) than in controls (25.8%). The observed minor allele frequency 

for both the case and control groups conformed well with expected frequencies as determined in 

the Hap-Map CEU population (31%) and the WTCCC Release 2 controls (27%). 

 

7.3.2 NFKB1 rs1599971 Genotyping Results 

Figure 56 shows an allelic discrimination plot for the NFKB1 marker genotyping. GG genotypes are 

represented by the blue dots, GA genotypes are represented by the green dots and AA genotypes 

are represented by the blue dots. Black squares represent no template controls and black crosses 

represents samples with undetermined genotypes. 
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Figure 56 - NFKB1 Marker Allelic Discrimination Plot 

 

Of the 409 cases and 409 controls genotyped, 402 cases (98.3%) and 400 (97.8%) controls were 

successfully genotyped for the NFKB1 marker. Both case and control groups were found to be in 

Hardy Weinberg equilibrium (p = 0.65 and p = 0.94 respectively). Table 20 shows the genotype and 

allele frequencies for the NFKB1 marker. 
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Table 20 - NFKB1 Marker Genotype and Allele Frequencies 

MARKER GENOTYPE FREQUENCIES ALLELE FREQUENCIES 

NFKB1  
rs1599961 GG GA AA TOTAL G A TOTAL 

CASE 157 
(39.1%) 

185 
(46.0%) 

60 
(14.9%) 402 499 

(62.1%) 
305 

(37.9%) 804 

CONTROL 128 
(32.0%) 

190 
(47.5%) 

82 
(20.5%) 400 446 

(55.8%) 
354 

(44.2%) 800 

Test statistic χ2 = 6.42, p = 0.04 (α = 0.05) χ2 = 6.61, p = 0.01 (α = 0.05) 

 

Similar to the GLI2 marker, there was a statistically significant difference between cases and controls 

for both the genotype frequencies (χ2 = 6.42, p = 0.04) and the allele frequencies (χ2 = 6.61, p = 0.01) 

of the NFKB1 marker. The AA genotype frequency was higher in controls (20.5%) than in cases 

(14.9%) and the A allele frequency was higher in controls (44.2%) than in cases (37.9%). The 

observed minor allele frequency for both the case and control groups conformed well with expected 

frequencies as determined in the Hap-Map CEU population (47%) and the WTCCC Release 2 controls 

(40%). 

 

7.3.3 NHSL1 rs1928277 Genotyping Results 

Figure 57 shows an allelic discrimination plot for the NHSL1 marker genotyping. CC genotypes are 

represented by the red dots, CT genotypes are represented by the green dots and TT genotypes are 

represented by the blue dots. Black squares represent no template controls and black crosses 

represents samples with undetermined genotypes. 
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Figure 57 - NHSL1 Marker Allelic Discrimination Plot 

 

Of the 409 cases and 409 controls, 391 cases (95.6%) and 397 (97.1%) controls were successfully 

genotyped for the NHSL1 marker. The control group was found to be in Hardy Weinberg equilibrium 

(p = 0.23) but the case group was found to deviate from Hardy Weinberg equilibrium (p = 0.001). 

Table 21 shows the genotype and allele frequencies for the NHSL1 marker. 

 

  



197 
 

Table 21 - NHSL1 Marker Genotype and Allele Frequency 

MARKER GENOTYPE FREQUENCIES ALLELE FREQUENCIES 

NHSL1  
rs1928277 CC CT TT TOTAL C T TOTAL 

CASE 349 
(89.2%) 

37 
(9.5%) 

5 
(1.3%) 391 735 

(94.0%) 
47 

(6.0%) 782 

CONTROL 352 
(88.7%) 

45 
(11.3%) 

0 
(0.0%) 397 749 

(94.0%) 
45 

(6.0%) 794 

Test statistic χ2 = 1.41, p = 0.23 (α = 0.05) [CLUMP] χ2 = 0.08, p = 0.77 (α = 0.05) 

 

There was no statistically significant difference observed between cases and controls for either the 

genotype frequencies (χ2 = 1.41, p = 0.23) or the allele frequencies (χ2 = 0.08, p = 0.77) for the NHSL1 

marker. Due to absence of any TT genotype in the control group, the χ2 test statistic for the 

genotype frequencies was computed using the CLUMP program which implements a Monte Carlo 

approach. The TT genotype was higher in cases (1.3%) than in controls (0%) with the T allele having 

the same frequency (6.0%) in both the case and control groups. The observed minor allele frequency 

(6%) conformed well with expected frequencies as determined by the Hap-Map CEU population (9%) 

and the WTCCC Release 2 controls (6%). 

 

7.3.4 LRRC10 rs11177752 Genotyping Results 

Figure 58 shows an allelic discrimination plot for the LRRC10 marker genotyping. TT genotypes are 

represented by the blue dots, GT genotypes are represented by the green dots and GG genotypes 

are represented by the red dots. Black squares represent no template controls and black crosses 

represents samples with undetermined genotypes. 
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Figure 58 - LRRC10 Marker Allelic Discrimination Plot 

 

Of the 409 cases and 409 controls genotyped, 385 cases (94.1%) and 390 (95.4%) controls were 

successfully genotyped for the LRRC10 marker. Both case and control groups were found to be in 

Hardy Weinberg equilibrium (p = 0.29 and p = 0.99 respectively). Table 22 shows the genotype and 

allele frequencies for the LRRC10 marker. 
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Table 22 - LRRC10 Marker Genotype and Allele Frequencies 

MARKER GENOTYPE FREQUENCIES ALLELE FREQUENCIES 

LRRC10  
rs11177752 TT GT GG TOTAL T G TOTAL 

CASE 256 
(66.5%) 

112 
(29.1%) 

17 
(4.4%) 385 624 

(81.0%) 
146 

(19.0%) 770 

CONTROL 265 
(68.0%) 

113 
(29.0%) 

12 
(3.0%) 390 643 

(82.4%) 
137 

(17.6%) 780 

Test statistic χ2 = 0.99, p = 0.61 (α = 0.05) χ2 = 0.51, p = 0.48 (α = 0.05) 

 

Similar to the NHSL1 marker, there was no statistically significant difference observed between cases 

and controls for either the genotype frequencies (χ2 = 0.99, p = 0.05) or the allele frequencies (χ2 = 

0.51, p = 0.48) for the LRRC10 marker. The GG genotype was higher in cases (19.0%) than in controls 

(17.6%) with the G allele having a higher frequency in cases (19.0%) than controls (17.6%). The 

observed minor allele frequency for both the case and control groups conformed well with expected 

frequencies as determined by the Hap-Map CEU population (14.5%) and the WTCCC Release 2 

controls (18.1%). 

 

7.3.5 GWAS and Validation AF Correlation Results 

Allele frequencies were compared between the two typing methods: pooled DNA GWAS allelotyping 

and individual sample genotyping. Table 23 shows the obtained allele frequencies from the pooled 

DNA array and from individual genotyping for allele A (typed by the array). Allele frequencies for 

both cases and controls for each validation marker and three previously typed Hcy pathway markers 

are shown, as well as the “Trend” for each marker using the two typing methods. The trend shows 

both the magnitude and direction of the case-control difference. Trend directionality was 

determined to be the same direction or opposite direction between the two typing methods. 

 



200 
 

Table 23 – Comparison of Typing Method and Case-Control Allele Frequency 

Gene 
(Allele) Group Array 

AF  Array Trend Individual 
AF Individual Trend Trend 

Direction 

NHSL1 (T) Cases 
Controls 

0.473 
0.203 

0.027 
Cases > Controls 

0.060 
0.057 

0.003 
Cases > Controls Same 

NFKB1 (A) Cases 
Controls 

0.372 
0.548 

-0.176 
Controls > Cases 

0.379 
0.443 

-0.063 
Controls > Cases Same 

GLI2 (A) Cases 
Controls 

0.557 
0.727 

-0.17 
Controls > Cases 

0.668 
0.742 

-0.074 
Controls > Cases Same 

LRRC10 (T) Cases 
Controls 

0.471 
0.643 

-0.172 
Controls > Cases 

0.810 
0.824 

-0.014 
Controls > Cases Same 

MTHFR  
C677T (T) 

Cases 
Controls 

0.527 
0.494 

0.033 
Cases > Controls 

0.318 
0.322 

-0.004 
Controls > Cases Opposite 

MTHFR 
A1298C (A) 

Cases 
Controls 

0.621 
0.611 

0.01 
Cases > Controls 

0.654 
0.644 

0.01 
Cases > Controls Same 

MTHFD1 (A) Cases 
Controls 

0.484 
0.499 

-0.015 
Controls > Cases 

0.442 
0.457 

-0.015 
Controls > Cases Same 

 

For NHSL1, both array typing and individual typing showed that the T allele was more frequent in 

cases than controls; however, the array appeared to overestimate the difference in allele frequency 

(AF) between cases and controls, with array AF 2.4% greater than individual AF. For NFKB1, trend 

direction was also the same for array and individual typing; however, the A allele was more frequent 

in controls than in cases. Here, the array appeared to underestimate the AF difference between 

cases and controls, with array AF 11.3% smaller than individual AF. For GLI2 and LRRC10, the allele (A 

and T allele, respectively) was more frequent in controls than cases, trend direction was the same 

between array and individual typing, and again array case-control AF difference were smaller than 

individual case-control AF difference, by 9.6% for GLI2, and by 15.8% for LRRC10.  

 

Three markers genotyped previously in the Hcy candidate gene investigation (MTHFR C677T, MTHFR 

A1298C, and MTHFD1) were present on the array and were also compared. For the MTHFR A1298C 

and MTHFD1 markers, trend direction was the same and interestingly, case-control AF differences 

were identical between array typing and individual typing, although overall AF was slightly higher by 

array typing (For example, MTHFD1 cases had array AF 48.4%, while individual AF 44.2%). For the 



201 
 

MTHFR C677T marker, the trend direction was opposite between array and individual typing, with 

the T allele more frequent in cases (52.7%) than controls (49.4%) by the array typing, but more 

frequent in controls (32.2%) than in cases (31.8%) by the individual typing. Also, the array 

overestimated allele frequencies and showed a larger difference between cases and controls (AF 

difference 3.3% for array, 0.4% for individual typing) that was not found by individual typing. This is 

the only marker out of the seven examined which shows a deviation from expected trend based on 

array results. 

 

Array AF data for all markers was also plotted against AF obtained by individual genotyping, both 

separated by case/control status (Figure 59 below) and with all groups together (Figure 60 below). A 

linear trendline was fitted to the data in each plot and the R value calculated. Good conformity was 

obtained between array and individual frequencies for the control group (R = 0.94) but there was a 

large discrepancy between array and individual AF for the case group (R = 0.36). When both cases 

and controls were analysed together, overall conformity was in between (R = 0.71). Two outliers 

could be observed on the plot, which seem to have reduced the overall correlation between array 

and individual AF results. One of these outliers, representing the AF for NHSL1 cases, was previously 

determined not to conform with HWE; therefore, this data point was removed and the remaining 

data re-analysed. 
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Figure 59 - PAF Validation Cases and Controls (All Data) 

 

 

Figure 60 - PAF Validation All Groups (All Data) 
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Figure 61 shows the plot separated by case/control status, while Figure 62 shows the plot for all 

groups analysed together. This improved the correlation for the case group (previously R = 0.36) to R 

= 0.67. Over all data points, correlation also improved (previously R = 0.71) to R = 0.77. Although the 

removal of the second outlier, representing the AF for LRRC10 cases, would have further improved 

the overall AF correlation to R = 0.89, this data was found to be in HWE and was thus not removed 

from the analysis. 

 

 

Figure 61 - PAF Validation Cases and Controls (NHSL1 Case Group Removed) 
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Figure 62 - PAF Validation All Groups (NHSL1 Case Group Removed) 

 

 

7.4 Discussion of GWAS Validation Results 

7.4.1 Accuracy of Pooled DNA GWAS 

Overall, estimates of allele frequency from allelotyping of pools conform well with previous 

expectations as shown in other published pooling DNA genome-wide association studies. Firstly, 

analysis of AF for cases and controls for allelotyping and individual genotyping showed that array AF 

generally overestimated both raw allele frequency (for example, NHSL1 control AF was 20.3% for 

array typing but only 5.7% for individual typing) and absolute difference in AF between cases and 

controls, with five out of seven markers showing at least double the difference, but two out of seven 

markers showing no difference at all. This finding corresponds well with the reported overestimation 

by array typing in Bosse et al,257 which also showed overestimation of both raw AF and case-control 

differences (Figure 63).257 

 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

In
di

vi
du

al
 G

en
ot

yi
ng

 
Al

le
le

 F
re

qu
en

ci
es

Pool Allele Frequencies

R = 0.77



205 
 

 

Figure 63 - Comparison of Case-Control AF Difference Between Array and IG257 

 

Correlations between array AF and individual typing AF were found to conform well to correlation 

figures reported in other studies (generally R > 0.9); however, this was specific to control group data, 

which obtained R = 0.93 for seven marker data points. Case correlations were considerably poorer, 

with R = 0.36 in the case group data, which resulted in an overall low correlation of R = 0.71 for both 

groups. Removal of one data point for NHSL1 case group, which was the only group not found to be 

in HWE, improved case group correlation to R = 0.67 and overall correlation to R = 0.77. While the 

control group still remains more highly correlated for these markers than the case group, it is 

possible that typing more markers may help increase correlations to levels seen in other published 

studies. High correlations have been obtained from allelotyping DNA pools in a small number of 

markers in a previous study (Rcontrols = 0.988, Rcases = 0.974);257 however, this was not obtained by 

array typing methods and array variance in this study may be contributing to the relatively low (77%) 

correlation observed. This is suggested by the fact that the same study found lower correlation 

values (Rcontrols = 0.956, Rcases = 0.943) when AF derived from array-based allelotyping was compared 

with individual typing. 
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The proportion of validated associations in this study also appeared to be similar to those reported 

by other pooled DNA GWAS; however, this varies from study to study and there does not seem to be 

a standard success rate among genome-wide studies in general. Of the markers previously 

genotyped using a candidate gene approach in Chapter 5—MTHFR C677T, MTHFR A1298C, and 

MTHFD1 G1958A—none were previously shown to be associated. This conformed with array 

findings, which showed that none of the three markers were even remotely significant at the p < 

0.05 level, let alone at the genome-wide significance level (MTHFR C677T p = 0.38, MTHFD1 G1958A 

p = 0.67, MTHFR A1298C p = 0.78). Array findings also showed that none of these markers were 

highly-ranked in terms of position, with MTHFR C677T ranked at position 310,073; MTHFD1 G1958A 

ranked at position 550,874; and MTHFR A1298C ranked at position 647,569 out of more than 

800,000 markers typed. This shows that 100% of low-ranking array hits were also not associated by 

individual genotyping.  

 

Of the four markers tested from the top ten GWAS hits—rs1928277 (NHSL1, p = 6.76 X 10-7); 

rs1599961 (NFKB1, p = 6.86 X 10-7); rs12711538 (GLI2, p = 7.72 X 10-7) and rs11177752 (LRRC10, p = 

8.08 X 10-7)—two were found to be positively associated with EH (p < 0.05) using individual 

genotyping, GLI2 (genotypic p = 0.004, allelic p = 0.001) and NFKB1 (genotypic p = 0.04, allelic p = 

0.01). Although these markers were not significant at the genome-wide significance level of p < 5 X 

10-8, they were ranked in the top 10 GWAS hits, and were all p < 1 X 10-6. This proportion (two 

validated associations out of four top hits) is similar to that found in a 2011 pooled GWAS, which 

individually genotyped 41 top SNPs which had GWAS P < 1 X 10-6 (though 32 were not significant at 

the study genome-wide significance level of p < 1 X 10-7), and found that 6 out of 41 hits were 

validated (associated after individual typing).277 This corresponds to approximately 15% (6/41) of 

SNPs being validated, compared with 50% (2/4) of SNPs found in this study being validated. 

However, other studies have reported higher success rates, including another recent paper which 

used silhouette clustering method to rank SNPs, and which individually typed 37 SNPs representing 
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the top-ranked clusters.259 The study reported a high success rate, with 97% (36/37) of SNPs being 

validated by individual genotyping. This study therefore reports a success rate for validated SNPs 

which lies in between values reported in recent pooled DNA GWAS (15-97%). The success rate for 

GWAS validation in general has not been consistent across studies, most likely due to differences in 

quality control filtering and ranking methods of GWAS data. 

 

7.4.2 Case-Control Comparisons for Validation SNPs 

The four top-ranking markers selected for allelotyping validation have not been previously 

investigated with respect to EH susceptibility. The advantage of the GWAS approach is that novel 

susceptibility genes can be identified through the lack of a priori assumptions about disease-involved 

genes. These markers, if found to be associated with EH, would clearly demonstrate the efficacy of 

the GWAS approach in identifying previously unexamined genes. The case-control association testing 

showed that two out of four markers were positively associated with EH: GLI2 rs12711538 (non-

synonymous amino acid substitution) and NFKB1 rs1599961 (intronic SNP). The other two validation 

markers were not found to be significantly associated with EH: NHSL1 rs1928277 (intronic SNP) and 

LRRC10 rs11177752 (5kb from the 5’ UTR). While both NHSL1 and LRRC10 do not seem to be 

biologically relevant for EH, in fact these genes are of largely unknown function. Studies in animal 

models have suggested, however, that LRRC10 plays an important role in cardiac physiology.  

 

The NHSL1 (Nance-Horan Syndrome-like 1) gene was discovered in 2004 following the discovery of 

the NHS (Nance-Horan Syndrome) gene in 2003, a gene mapped to the rare X linked disease Nance-

Horan Syndrome. NHSL1 was discovered while researchers were trying to determine NHS gene 

function through sequence homology. NHS and NHSL1 genes appear to belong to a single gene 

family with similar genomic structure and protein homology.278 To date, neither NHS nor NHSL1 have 

been associated with any disease other than Nance-Horan Syndrome, which results in congenital 

cataracts, dental abnormalities and mental retardation,279 and the role of these two genes are 
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currently unknown, though it has been suggested that the high degree of conservation with other 

vertebrates points to a role in development.279 Recently, it was demonstrated that NHS is involved in 

regulation of actin remodelling and cell morphology, with NHS knockdown resulting in actin-

cytoskeleton dysregulation and increased cell spreading.280 While this is a step forward in 

understanding both NHS and NHSL1 function, it is not yet clear how dysregulation of actin 

remodelling can cause Nance-Horan Syndrome, or whether these genes have other important 

functions currently unknown.  

 

The LRRC10 gene codes for Leucine-rich Repeat Containing protein 10, discovered in 2000 using in 

silico gene discovery approaches and quickly found to be cardiac-specific.281 LRRC10 has not been 

associated with BP regulation or EH previously, being of largely unknown function; however, it has 

been implicated in defects of cardiac morphology and function in zebrafish knockdown models, 

including a decreased number of cardiomyocytes and decreased cardiac output.281 This suggests that 

LRRC10 may play a role in BP dysregulation through cardiac interference; further, upregulation of 

atrial natriuretic factor was found in ventricle and atrium of LRRC10 knockdown,281 which has 

previously been investigated in EH due to its potent vasodilatory effects. However, more recent 

findings have shown that the cardiac effect of LRRC10 in mammals may be different, due to 

contradictory findings in mouse knockout models.282 Research continues to investigate the role of 

LRRC10 in cardiac tissue.  

 

GLI2 and NFKB1, the two markers shown to be associated with EH, are better characterised in terms 

of gene structure and function than NHSL1 and LRRC10. Although neither has been directly 

investigated with EH susceptibility, their known biological roles strongly suggest a possible 

mechanism by which they might be involved in EH development. The GLI2 gene codes for a 

transcription factor, glioma-associated factor 2, which belongs to a subclass of the GLI protein 

family, containing C2H2-type zinc finger motifs. Though GLI2 is associated with a number of 
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polydactyly-related phenotypes, it has not thus far been related to either EH or BP regulation. 

However, GLI2 is a mediator of the Sonic hedgehog (Shh) signalling pathway, which has been linked 

to vascular remodelling and cardiac muscle development. Activation of Shh signalling by GLI2 results 

in increased cyclin D1 expression and promotes human vascular smooth muscle cells proliferation, 

which is characterised by thickening of the intima media, or inner layer of vascular smooth 

muscle.283 Moreover, GLI2 is known to play important roles in embryonic heart muscle development 

and cardiomyogenesis in stem cells.284 Further studies also suggest that GLI2 may not be limited to 

Shh signalling pathways, and may have alternate downstream effects through other signalling 

pathways such as Ras and TGF-β.283 Though this shows no direct involvement of GLI2 in BP 

regulation, it does suggest some possible mechanisms by which GLI2 may affect EH susceptibility. 

 

The NFKB1 gene encodes a 105 kD protein which is a Rel protein-specific transcription inhibitor. This 

protein can be cleaved to form a 50kD protein which is part of the DNA binding subunit of the 

p50/p65 NFKB DNA-binding complex.263 The NFKB complex is activated by both intracellular and 

extracellular stimuli. A number of inflammatory diseases, dysregulated immune cell development 

and delayed cell growth have been associated with the inappropriate activation of NFKB complex. 

This suggests that an inflammatory immune reaction may play a role in the development of 

hypertension. Interestingly, NFKB1 instigates gene expression of NOS3, nitric oxide synthase, in 

endothelial cells in response to laminar shear stress,285 generating the vasodilatory substance nitric 

oxide. This suggests an alternative and more direct mechanism by which NFKB1 may be involved in 

EH susceptibility: if NFKB1 is downregulated, NOS3 induction may be abrogated, leading to lack of 

NO and subsequent vasoconstriction. An insertion/deletion polymorphism in the NFKB1 promoter 

region has been investigated in EH development, with results demonstrating that the deletion allele 

lowers NFKB1 expression, NOS3 expression, and thus affects vascular function and adaptability to 

shear stress.263 
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The association of GLI2 and NFKB1 markers in this study therefore presents two biologically 

interesting and plausible candidate genes for further investigation with EH. However, the detected 

association remains to be replicated in an independent population, which is needed to strengthen 

support for these genes’ involvement in EH susceptibility. Further, functional studies or animal 

studies investigating the possible biochemical mechanism by which GLI2 and NFKB1 may modulate 

blood pressure are also warranted, to elucidate their potential involvement in EH and to provide 

support for their association with EH in the absence of replication. Pooled DNA GWAS has therefore 

proven to be a highly cost-effective method to successfully create new valid hypotheses (novel 

candidate genes) to prioritise for follow-up studies for essential hypertension.  
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8.1 Introduction 

8.1.1 GWAS Limitations 

Genome-wide association studies provide a fast method of testing large numbers of markers 

simultaneously to investigate genes associated with complex traits. Using arrays to genotype 

markers is much faster and more cost-effective per marker than the traditional genotyping methods, 

and the genome can be interrogated without a priori assumptions about the aetiology of the 

disease. This makes genome-wide association studies an important tool for elucidating the aetiology 

of complex diseases, and this approach has been used with success in many complex diseases in the 

last five years.219, 220 

 

However, GWAS success in identifying genetic aetiology has not been as fruitful as expected due to a 

number of limitations that have emerged with the GWAS approach. The main limitation of GWAS is 

the substantially decreased statistical power of the study due to the need for multiple testing 

correction. Although the increase in markers analysed in a GWAS compared to candidate gene 

approach makes GWAS allows coverage across the genome, the increase in markers has resulted in 

the problem of multiple testing and the subsequent drastic decrease in significance threshold. This 

has become especially evident as the number of markers investigated per array has increased from 

10,000 to more than a million, resulting in current GWAS significance levels of p < 5 X 10-8 using the 

Bonferroni correction. Although there are other less stringent methods of correcting for multiple 

testing such as those which take into account the interdependence of markers in the genome 

(something which the Bonferroni correction fails to do because it assumes that all tests are 

independent), the 5 X 10-8 significance threshold currently remains the standard used by most 

GWAS. The massive decrease in statistical power therefore reduces the number of positively 

associated loci from any given GWAS to a relatively small number, and suggests that many 

biologically important loci of moderate effect size may be undetected.219, 220 
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Another major limitation of GWAS is that even if markers are statistically associated with the disease 

outcome, passing the genome-wide significance threshold, interpretation of the association as a 

biologically meaningful finding can be difficult. This is because GWAS markers may not be the causal 

variants but may be in linkage disequilibrium with causal variants, therefore giving a similar 

association signal. Associated markers may also be located in genes and pathways whose relation to 

the target disease is unknown, or they may be located in genes of completely unknown function or 

in intergenic regions. If this is the case, then the interpretation of such markers becomes more 

difficult and usually requires the integration of other types of data such as functional studies or 

expression studies to clarify the potential role of the locus in the disease. This can result in a) time 

and money being spent investigating markers which are not truly associated in disease aetiology, or 

b) markers which are truly important for disease aetiology being ignored or filtered out of results, 

due to lack of knowledge about the marker/gene. A successful GWAS, which identifies a number of 

individual markers associated with disease, can therefore be limited in its ability to elucidate the 

underlying biological mechanism of disease (the ultimate goal). 

 

8.1.2 Pathway Analysis 

The two main limitations of GWAS to successfully identify biological mechanisms of disease can be 

overcome by performing additional analysis on GWAS data, such as haplotype analysis, interaction 

analysis, or pathway analysis. Of these options, pathway analysis is a highly attractive option as it 

can help make sense of GWAS results by increasing power to detect biologically important pathways 

(and the genes within them) by combining moderate and perhaps undetected associations (which 

may be missed in a GWAS due to the problem of strict significance threshold from multiple testing) 

of genes related by a common pathway function. This helps make sense of GWAS results because it 

increases ability to detect moderately associated genes (as part of the larger pathway), and it relates 

these genes to the underlying pathophysiology,219, 221 similar to finding “a string of interconnected 

needles in a haystack”.220 Furthermore, pathway analysis is a more powerful approach as pathway 
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significance thresholds are less stringent than GWAS thresholds due to fewer pathways being tested 

simultaneously, meaning that the Bonferroni correction results in a less stringent α threshold. This 

suggests that pathway analysis can be an extremely useful post-GWAS analysis method to 

undertake, further improving the chances of identifying truly associated disease susceptibility genes 

and pathways. 

 

Pathway analysis of GWAS results (also termed “second-wave” GWAS analysis) has already been 

implemented to boost GWAS findings for several disorders221 such as Parkinson’s disease,286 

dyslipidaemia,287 type II diabetes,288 Crohn’s disease,287, 289 and multiple sclerosis.290 Pathway analysis 

has successfully identified known pathways and processes in these studies (i.e. inflammatory 

pathways in Crohn’s disease), as well as novel pathways that might putatively be involved in disease 

development. Though most identified novel pathways have not been replicated due to the still small 

number of pathway analyses per disease, some more recent studies have identified overlapping or 

shared pathways between studies on the same disease or studies on related diseases. For example, 

pathway analyses of type II diabetes using both the WTCCC Cohort and the Diabetes Genetics 

Initiative Cohort was shown to have 5 identified pathways in common when using Fisher’s exact 

method to assess pathway significance, and 10 identified pathways in common when using False 

Discovery Rate to assess pathway significance.288 Further, this same study showed that coronary 

artery disease pathways, hypertension pathways, and type II diabetes shared one pathway in 

common.288 These results indicate that identified pathways may be replicable and thus represent a 

novel way to verifiably identify biologically important mechanisms of disease. 

 

8.1.3 Pathway Analysis Methods 

All pathway-based approaches combine association signals from moderately-associated markers into 

pathway test statistics for a group of related genes, and tests the significance of the overall pathway. 

However, many variations exist on the exact methods for both combining the association signals and 
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testing the significance of the final pathway statistic.221 The different types of pathway analysis can 

be classified into two ways: first, analyses can be classified based on their different forms of input 

data (raw genotype data versus summary data), and secondly, analyses can be classified based on 

the different hypotheses tested in the analysis (Figure 64).220 Clearly, for pooled DNA GWAS data, 

the p-value enrichment approach using summary data (p-values) as input must be used for pathway 

analysis, as allelotyping and not genotyping is performed and no raw genotype data is available. 

While this limits the number of approaches possible for pathway analysis of pooled DNA GWAS data, 

a reasonable number of approaches and pathway analysis tools do exist which use only summary 

data or allow summary data to be used optionally, and which can therefore be used for pooled 

GWAS data. 

 

Figure 64 - Types of Pathway Association Methods220 a) shows two approaches differing by the type 

of input data, while b) shows two approaches differing by the type of null hypothesis tested. 
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In general, a pathway score, also known as an enrichment score, is calculated which captures the 

overall association of that pathway with the disease, based on the method used to combine the 

associated SNPs in the pathway. The pathway score is obtained by stepwise combination of 

association signals from marker to gene, then gene to pathway, as many moderately associated 

markers can be located in a single gene, and many moderately associated genes may be located in a 

single pathway. In a p-value enrichment approach using summary data as input, the p values of the 

SNPs are generally used to assign a score to a gene if it is located within the gene or within a specific 

boundary of a gene (for some softwares this gene boundary window is customisable). The method 

used to score the gene from the marker p-values can differ markedly, for instance, some algorithms 

use only a transformed p-value of the best SNP in a gene (the SNP with the lowest-p-value), or the 

second-best SNP in a gene (to avoid the possibility that the best SNP is a false positive), rather than a 

combination of all SNP p-values for that gene. Usually some correction is applied at the gene level to 

adjust the gene score for gene size, as larger genes are biased towards getting larger associations 

due to the increased numbers of SNPs.  

 

When all genes have been scored, gene scores are combined into an overall score for the pathway, 

based on pre-defined lists of genes in particular pathway. The overall score may simply be a 

computation of the number of scored genes within the total number of genes in the pathway, or a 

combination of gene scores to make a final statistic for the pathway, such as z-scores. Generally, 

significance is assessed through permutation tests to determine whether the pathway score is 

greater than expected due to chance or a random combination of gene scores; however, 

permutation methods can also vary considerably in their execution. p-values are derived from this 

last step and compared to an α = 0.05.  

 

As pathway analysis still involves multiple testing of many pathways simultaneously, α levels can be 

corrected with the Bonferroni method, by dividing by the number of pathways evaluated, though 
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again this is the most conservative correction and does not take into account interactions between 

pathways. Another way to control for multiple testing is by examining the false discovery rate or 

FDR.286 This sets a threshold for false positives or type I errors for a particular pathway. A pathway 

may therefore be deemed non-significant even if the p-value is below the nominal significance 

threshold if the FDR exceeds its threshold, because the likelihood of being a false positive is high. 

The FDR threshold for significance is found by finding q, the minimum cut-off value for FDR. q is 

calculated by using the following formula q – α = min FDR(t) where t is more than or equal to α, and 

FDR(t) refers to the number of positive pathways with nominal p-value less than the significance 

threshold t.291  

 

8.1.4 Pathway Analysis Software 

There are several pathway analysis tools available to analyse the results of GWAS, including some 

which can be purchased (INGENUITY) and some which are open access and freely available online 

(MAGENTA, ALIGATOR, GSA-SNP). Freely available software is useful for small-scale projects without 

substantial project funding and is used by many research groups around the world. Additionally, not 

all softwares allow the use of summary data as input instead of individual-level genotypes, which is a 

disadvantage when using data from other research groups in a meta-analysis, and is impossible 

when conducting a GWAS using pooled DNA. As this project used pooled DNA samples for the 

GWAS, three pathway analysis software package which allow summary data to be used, MAGENTA, 

ALIGATOR, and GSA-SNP, were used to analyse the GWAS results.  

 

8.2 Materials and Methods 

8.2.1 Input Data for Pathway Analysis 

The data for pathway analysis must come from a prior association study, specifically genome-wide 

association studies which generate enough data to combine marker-level data into gene- and 
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pathway-level data. The input data for this pathway analysis is derived from the previous chapter 

(Chapter 6, pg 124), which outlined a genome-wide association study conducted on a new Australian 

EH cohort composed of 409 hypertensive cases and 409 normotensive controls (see “Study 

Population” and “DNA sample preparation”, Chapter 6, pg 136).  

 

Briefly, aliquots from the study population DNA were pooled into two separate DNA pools, a case 

pool and a control pool (see “DNA pool preparation”, Chapter 6, pg 138). Each pool was then divided 

into four and hybridized to four Illumina 1M-Duo SNP arrays (see “Array hybridization”, Chapter 6, 

pg 140), which was then scanned on an Illumina BeadStation (see “Array scan and raw fluorescence 

data generation”, Chapter 6, pg. 141). Raw fluorescence values underwent quality control 

processing, allelotyping, and association testing at the Queensland Institute of Medical Research 

(QIMR) using statistical methods developed by and conducted with collaborators Dr. Stuart 

Macgregor and Ms. Yi Lu (see “Pooling Allele Frequency Calculation and Quality Control” and “GWAS 

Association Testing”, Chapter 6, pg. 142 and 144). An output text file was generated showing SNP rs 

ID number, chromosomal location of SNP, physical bp number on chromosome, frequency of typed 

A allele in cases and in controls, p-value, and additional annotation data such as proximity of the SNP 

to a gene, distance from gene, and gene id. This summary data, specifically, the obtained p-values, 

was then used as input in this pathway analysis.  

 

A second set of summary data was also used in a separate pathway analysis, which was obtained 

from a combination dataset composed of the Australian cohort GWAS data and the previously 

published Wellcome Trust Case-Control Consortium hypertension GWAS data (see “Incorporation of 

WTCCC Summary Data”, Chapter 6, pg 149). Summary data from this combined GWAS dataset was 

used as input in a second pathway analysis. Three separate pathway analysis tools/softwares were 

used to conduct pathway analysis on both datasets: MAGENTA, ALIGATOR, and GSA-SNP. Three 

copies of the two input data files (Australian dataset and combined dataset) were formatted for 
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input into each software, as each software requires specific strict formatting of input data. Output of 

the two input datasets (Australian and combined) could therefore be compared within a single 

software to identify overlapping or shared pathways between the datasets, and the output from the 

pathway analysis of each software could also be compared to highlight differences between the 

different software and to identify any pathways that were detected by all three methods of analysis. 

Due to the heavy computational requirements of MAGENTA and ALIGATOR, both pathway analysis 

methods were performed on a high-performance cluster (supercomputer) provided by Griffith 

University, while the GSA-SNP analysis (which requires less computational power) was performed on 

a personal computer. 

 

8.2.2 MAGENTA 

The MAGENTA (Meta-Analysis Gene-set Enrichment of variaNT Associations) software was 

developed by Segrè et al of the Broad Institute in 2010. It is written in MatLab and is a command line 

software which runs in either a MatLab or Unix environment. MAGENTA is available for download 

from <http://www.broadinstitute.org/mpg/magenta/>.  

 

Several input files are required for MAGENTA. The first input file is a tab-delimited text file 

containing the GWAS data formatted for input into MAGENTA, containing 3 columns with no 

headers: (col 1) SNP chr number, (col 2) SNP chr position in bp, (col 3) SNP association p-value; with 

each row referring to a different SNP. Hidden delimiters were removed from the file before use. SNP 

rs numbers were placed in another single-column text file as second input file. A third input file 

contains the list of pathways to be investigated for enrichment. The MAGENTA package contains a 

predefined list of pathways from GO, PANTHER, INGENUITY, REACTOME, KEGG and BIOCARTA, or 

users can provide their own customized list of pathways. The program code of the main program file 

“Run_MAGENTA_vs2_DATE.m” was edited to modify analysis setting that can be selected by the 

user, such as which pathway databases to use, gene size boundaries, removal of genes falling in the 
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HLA region, correction parameters, and analysis thresholds. MAGENTA default settings were used 

for all variables in this analysis. The main program file was then run within the UNIX environment 

after loading the MATLAB module. MAGENTA runtime depends on file size and number of databases 

being interrogated: for an analysis of approximately 800,000 SNPs using all pathway databases, 

MAGENTA runtime was approximately eight hours on the Griffith University High-Performance 

cluster.  

 

The steps of MAGENTA’s pathway analysis approach can be seen summarised in Figure 65 below. 

Firstly, a SNP is assigned to a gene if it falls within 110kb upstream and 40kb downstream of the 

gene’s first and last exon. This extended boundary around the genes allows MAGENTA to capture 

the coding sequence signals and any potential regulatory element signals, and is similar to the 

ALIGATOR software, which uses a 20kb window, and GSA-SNP software, which allows a window up 

to 20kb. All SNPs assigned to a gene are then assessed for their significance and the “best” SNP (with 

the lowest p-value) is used to represent the gene. The gene score was calculated as the p-value of 

the best SNP and corrected for confounding factors such as gene-size.  
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Figure 65 - MAGENTA Pathway Analysis Process221 

 

The pathway score was then calculated based on the gene p-value of each gene present in the 

pathway. If two or more gene scores in a pathway were obtained from the same SNP, all but one 

gene (with the most significant value) was removed from analysis. This was done by calculating the 

proportion of genes with “significant” gene scores out of the total number of genes in the pathway, 

for each pathway. Gene score “significance” was determined by comparing the p-value assigned to 

the gene to the pgene threshold, which is a cut-off expressed as a percentile of all gene scores across 
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the genome. If the gene p-value was less than the threshold, the gene was deemed significant. 

Different threshold cut-offs can be selected by the user, though the default setting uses the 95th 

percentile as the cut-off. pgene threshold using the 95th percentile as the cut-off yields the best 

statistical power generally, while a less stringent pgene threshold using the 75th percentile as the cut-

off yields greater power for very weak effects, as seen in Figure 66. Two analyses were therefore 

conducted, one using the 95th percentile cut-off and one using the 75th percentile cut-off, and 

pathway scores were calculated for each cut-off.  

 

 

Figure 66 - Simulated Power Analyses for Different MAGENTA pgene Cut-Offs221 

 

Pathway scores were then assessed for significance by comparing to a null distribution of pathway 

scores. This null distribution was generated by randomly sampling gene scores from all genes in the 

genome to make null pathways (in other words, a false pathway composed of the same number of 

randomly-selected genes as existing in the true pathway) and calculating pathway scores for 10,000 

null pathways. P-values were obtained by comparing the true pathway score to the scores from the 

null pathway distribution to determine whether the true pathway score was likely to have been 

obtained due to chance (i.e. random sampling).  
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Once analysis was complete, a tab-delimited results file was generated showing each pathway 

tested with the expected number of genes above the selected pgene cut-off, the observed number of 

genes above the pgene cut-off, calculated p-value, and FDR. Pathways were ranked by lowest p-value 

and then lowest FDR, and pathways with both p < 0.05 and FDR < 0.05 were determined to be 

significantly associated with EH.  

 

8.2.3 ALIGATOR 

The ALIGATOR (Association LIst Gene-ontology AnnoTatOR) software was developed by Holmans et 

al in 2009 and is a command-line software written in Fortran which runs on a Unix platform. 

ALIGATOR installation files are available from <http://x004.psycm.uwcm.ac.uk/~peter/>.  

 

One input file is required for ALIGATOR, which is a tab-delimited text file containing the GWAS data 

formatted into two columns as follows: (col 1) dbSNP RefSNP rs number of each SNP, but the “rs” 

prefix must be removed (i.e. rs 45699 becomes 45699), and (col 2) SNP association p-value. Again, 

each row refers to a different SNP and hidden delimiters were removed before use. The program 

code of the main run file “aligator20k.run” was edited to modify analysis settings that can be 

selected by the user, including the p-value cut-off to select SNPs for inclusion in the analysis, the 

number of gene set replicates (to determine pathway p-values) and the number of simulated studies 

(to determine pathway p-value significance). ALIGATOR default settings were used for all variables in 

this analysis, including SNP inclusion p-value cut-off of 1 X 10-4, 5,000 gene set replicates, and 1,000 

simulated studies. ALIGATOR uses only the Gene Ontology (GO) pathway database, unlike MAGENTA 

and GSA-SNP, which both allow use of alternative pathway databases. The main program file was 

then run within the UNIX environment after compiling the “aligator20k.f” file using a Fortran 

compiler. ALIGATOR runtime depends mainly on the number of replicates and simulations selected: 

for this analysis ALIGATOR runtime was approximately 24 hours on the Griffith University High-

Performance cluster. 
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The steps of ALIGATOR’s pathway analysis approach can be seen summarised in Figure 67 below. 

Firstly, a SNP is assigned to a gene if it falls either completely within a gene (i.e. located between the 

first and last exon of the gene), or within a 20kb gene boundary window (i.e. located within 20kb 

from the 5’ and 3’ ends of the first and last exons of the gene). Two versions of the main script file 

have been written for these two options, and depending on which option is desired, the specific file 

version (“aligator” or “aligator20k”) should be used. For this analysis, the 20kb gene boundary 

method was used. All SNPs assigned to genes are then assessed for significance, and like MAGENTA, 

the p-value of the best SNP was selected to represent the gene score. Gene score “significance” was 

determined using a pgene threshold, which is set by default to p < 1 X 10-4. The low threshold aims to 

capture SNPs that may not be significant at a genome-wide significance threshold, but which may 

still have a moderate association with the disease, while excluding SNPs with very large p-values that 

are unlikely to be associated with the disease.  
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Figure 67 - ALIGATOR Pathway Analysis Process292 

 

The number of “significant” genes per pathway was then counted to give the pathway score, though 

pathways with only one significant gene were discarded to avoid the inclusion of possible false 

positives. The significance of each pathway was then determined by running 5,000 simulated null 

pathways, similar to MAGENTA. However, here, SNP p-values were drawn at random from the list of 

all assigned SNPs and the gene corresponding to that SNP added to a simulated null pathway 

(termed “gene list” by ALIGATOR) until the number of genes was equal to the number of significant 

genes in the true pathway. For each simulated pathway, the number of genes truly belonging in that 

pathway were counted. P-values were determined by evaluating the number of simulated pathways 

with a pathway score equal to or greater than the true pathway.  
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Unlike MAGENTA, the p-value is not compared to an α level, but was itself used in a bootstrap 

procedure to assess the significance of the p-value. This bootstrap procedure is described in 

Holmans et al 2009292 and is similar to the procedure for assessing significance of the pathway score, 

with 1,000 simulations of the analysis generating null p-values (p-values arising from random 

permutations of the data) and comparing the obtained p-values with those obtained from the 

bootstrap simulations. Significance is evaluated by calculating the “expected number of hits per 

study” which is the average number of pathways per bootstrap simulation with a p-value as 

significant or more significant due to chance.  

 

Once analysis was complete, a delimited results file was generated showing each pathway tested 

with the expected number of “significant” genes in the pathway, the observed number of 

“significant” genes in the pathway, the calculated p-value from the permutations, and the expected 

hits per study (EH/S) from the bootstrap simulations. Pathways were ranked by lowest p-value and 

lowest EH/S, and pathways with both p < 0.05 and EH/S < 5, which equates to 5 hits as significant 

out of 1,000 simulations, or α = 0.005, were determined to be significantly associated with EH. 

 

8.2.4 GSA-SNP 

The GSA-SNP (Gene Set Analysis SNP) software was developed in 2010 by Nam et al.219 It is a 

parametric pathway analysis method, unlike MAGENTA and ALIGATOR which use a non-parametric 

approach. GSA-SNP is also the only method of the three which has a graphical user interface (GUI) 

written in Java and runs on the Windows platform, making it accessible to users unfamiliar with the 

Unix platform. It is also by far the fastest of the three in terms of processing speed. GSA-SNP is freely 

downloadable from <http://gsa.muldas.org>. 

 

One input file is required for GSA-SNP, which is a tab-delimited text file containing the GWAS data 

formatted into two columns as follows: (col 1) dbSNP RefSNP rs number of each SNP, and (col 2) SNP 
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association p-value. Again, each row refers to a different SNP and hidden delimiters removed before 

use. However, the file may also contain additional optional columns with permuted p-values for each 

SNP, or instead of the SNP association data, a haplotype association data file can be used. Desired 

analysis settings can be selected by the user on the software interface, including gene boundaries 

(termed “padding” in GSA-SNP, with options of either 0kb, 10kb, or 20kb on either side of the gene), 

which rank of SNPs to select as the gene score (unlike MAGENTA and ALIGATOR, GSA-SNP allows 

SNPs other than the top best SNP to represent the gene score, with the default being the second-

best SNP), and whether to exclude pathways with gene numbers outside a minimum or maximum 

threshold. GSA-SNP default settings were used for all variables in this analysis, with a 20kb gene 

boundary, the selection of the second-best SNP for gene scoring, and the exclusion of pathways with 

less than 10 genes or more than 200 genes from analysis. GSA-SNP uses the Gene Ontology pathway 

database by default; however, user-defined alternative pathway databases can be loaded instead if 

desired. The analysis was then run within the Windows environment through the GSA-SNP GUI, and 

analysis runtime was approximately half an hour on a personal computer.  

 

The steps of GSA-SNP’s pathway analysis approach are outlined below. Firstly, SNPs were assigned to 

genes if they lie within the gene boundary specified in the “padding” option; by default, the 20kb 

option was selected. Next, the user-specified kth best SNP is chosen out of all assigned SNPs in a gene 

to represent the gene. By default k is set to 2 (second-best SNP) because the authors of GSA-SNP 

hypothesised that highly significant SNPs may be false positives; however, reducing the value of k 

also reduces the power to detect significant genes and pathways. The default setting of 2 was used 

to represent the gene, and p-values were transformed into gene scores by calculating the -log of 

each p-value.  

 

The gene scores for each gene in a pathway were then averaged and a Z-statistic for each pathway 

calculated by the following equation:  
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where Z(GS) is the Z statistic for the pathway (also called “gene set”), X bar represents the mean of 

the gene scores in the pathway, m0 represents the mean of all gene scores in all pathways, σ 

represents the standard deviation of all gene scores in all pathways, and n is the number of genes in 

the pathway. Unlike MAGENTA and ALIGATOR, Z-statistic methods rely on the normal distribution to 

determine p-values and therefore do not require computationally heavy permutation methods to 

determine pathway significance. The z-statistics were compared to the standard normal distribution 

to determine the probability of observing a standard normal value below the z-statistic and calculate 

p-values. Original p-values are converted to corrected p-values using the Benjamini-Hochberg 

multiple testing correction: a step-up method in which uncorrected p-values are first sorted in 

increasing order, then, starting with the largest p-value p(k) (where k is the total number of p-

values), the adjusted p-value is calculated by the following formula: Adjusted p(k) = [k*p(k)]/k. The 

next largest p-value, p(k-1), is adjusted by the following formula: Adjusted p(k-1) = min(Adjp(k), kp(k-

1)/(k-1)), where min indicates that the smallest of the two values is used. The next largest p-value, 

p(k-2), is calculated in a similar way, until all p-values up to the smallest p-value, p(1), are 

adjusted.209 Once p-values were corrected using this method, the adjusted p-values were compared 

to the significance threshold α = 0.05 to determine significance of the pathway. A tab-delimited 

results file was generated showing these results for each pathway, with the Z statistic, p-value, and 

adjusted p-value.  

 

8.2.5 Comparison with Cardiovascular-Related Pathways 

In order to investigate whether the top pathways in our analyses were related to cardiovascular 

disease, we compared our results with a list of cardiovascular-associated pathways compiled by the 

Cardiovascular Gene Ontology Annotation Initiative, a collaboration between University College 

London and the European Bioinformatics Institute, funded by the British Heart Foundation. To date, 
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4,177 genes have been included in the Initiative’s gene database. 2500 genes were obtained from 20 

GO pathways related to the cardiovascular system, such as heart development (GO:0007507) 

composed of 102 genes, cardiac muscle development (GO:0048738) composed of 2 genes and 

circulation (GO:0008015) composed of 137 genes. The full list of GO cardiovascular related pathways 

included in the Initiative can be found at: <http://wiki.geneontology.org/index.php/Defining_CV-

associated_gene_list>.  

 

Approximately 2200 genes were compiled by the ITMAT/Broad/CARE (IBC CHIP) Vascular Disease 

50k SNP Array Consortia (ITMAT Consortia). The Consortia selected cardiovascular genes by 

identifying them through(1) 7 main GWAS, (2) unpublished mouse atherosclerosis gene expression 

data, (3) KEGG, PANTHER, BioCarta and Ingenuity pathway databases, (4) analysis of over 2400 CVD 

related PubMed publications and (5) over 50 consortium members voted for specific genes to be 

included on the chip based on an online database containing genotypic, phenotypic and expression 

data for the nominated genes. Further information can be found at the URL mentioned above. 282 

genes were obtained from a list created by Bentham and Bhattacharya, who investigated congenital 

heart disease genes involved in mouse heart development, and finally 170 genes were identified 

through literature review and unpublished data. This Initiative has comprehensively assessed and 

compiled cardiovascular-related genes and their GO pathways, providing a valuable resource for 

assessing biological significance of pathways associated with EH identified by pathway analysis. 

 

8.3 Pathway Analysis Results 

8.3.1 MAGENTA 

8.3.1.1 Australian Cohort Analysis 

The top 20 pathways for the Magenta analysis of the Australian cohort at the 95th and 75th percentile 

cut-offs are listed in Table 24 and Table 25 respectively. From the 95th percentile cut-off analysis, the 
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two pathways “Trafficking of AMPA receptors” (REACTOME) and “ARE-NRF2 pathway” (BIOCARTA) 

reached significance (p-value = 0.0001 and FDR = 0.04; p-value = 0.0003 and FDR = 0.02, 

respectively). The pathway “Ionotropic activity of kainate receptors” almost reached significance 

threshold and it is interesting to note that together with AMPA receptors, kainate receptors are 

important for processes in the rostral ventrolateral medulla (RVLM). The pathway “Activation of the 

AP1 family of transcription factors” (REACTOME) also almost reached significance threshold and 

appears to be stimulated by activation of angiotensin II type I receptors.  

 

From the 75th percentile cut-off analysis, six pathways reached significance: “Complement pathway” 

(BIOCARTA: p-value = 0.0003 and FDR = 0.01), “Basal transcription factors” (KEGG: p-value = 0.0006 

and FDR = 0.049), “Complement system” (INGENUITY: p-value = 0.001 and FDR = 0.03), “RAR-RXR 

pathway” (BIOCARTA: p-value = 0.001 and FDR = 0.04), “Lectin complement pathway” (BIOCARTA: p-

value = 0.002 and FDR = 0.03) and “Classic complement pathway” (BIOCARTA: p-value = 0.002 and 

FDR = 0.03). It is of interest to note that four of the six pathways are related to the complement 

system and three non-significant pathways (“Complement cascade” REACTOME, “Classical 

complement activation” GOTERM and “Initial triggering of complement” REACTOME) also related to 

the complement system, resulting in a total of seven complement-related pathways in the top 20. 

“Activation of the AP1 family of transcription factors” (REACTOME) is the only pathway that was 

common between the 95th percentile cut-off analysis and the 75th percentile cut-off analysis. 

 

8.3.1.2 Combined Dataset Analysis 

There were no significant pathways from the MAGENTA analysis of the combined (Australian and 

WTCCC) cohort at the 95th percentile cut-off. However, the top ranked pathway “PAR1 pathway” 

(BIOCARTA) is known to be involved in regulation of endothelial nitric oxide production293 and 

angiogenesis.294 From the 75th percentile cut-off analysis, two pathways reached significance: “Actin 

filament polymerisation” (GOTERM: p = 0.0001 and FDR = 0.049) and “Insulin/IGF pathway - protein 



231 
 

kinase B signalling cascade” (PANTHER: p = 0.003 and FDR = 0.03). There were no common pathways 

between the 95th and 75th percentile cut-off analyses, although Interleukin related pathways 

(“Interleukin” and “Interleukin signalling pathway”) from the PANTHER database appear in both lists. 
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Table 24 - MAGENTA Analysis Results for Australian Cohort at the 95th Percentile Cut-Off 

DATABASE PATHWAY OGS EGS GSEA_P FDR EXP OBS 
REACTOME TRAFFICKING OF AMPA RECEPTORS 30 29 1.00E-04 4.49E-02 1 7 

BIOCARTA ARE-NRF2 PATHWAY 13 13 2.84E-04 1.49E-02 1 5 

GOTERM CELLULAR AMINO ACID BIOSYNTHETIC PROCESS 23 22 5.00E-04 5.73E-01 1 6 

REACTOME ACTIVATION OF THE AP1 FAMILY OF TRANSCRIPTION FACTORS 10 10 1.00E-03 5.64E-02 1 4 

GOTERM BIOSYNTHETIC PROCESS 49 44 1.00E-03 1.00E+00 2 8 

REACTOME IONOTROPIC ACTIVITY OF KAINATE RECEPTORS 12 11 1.30E-03 5.57E-02 1 4 

GOTERM TRANSPORTER ACTIVITY 291 255 2.20E-03 9.41E-01 13 24 

INGENUITY HUNTINGTONS DISEASE SIGNALING 61 60 2.80E-03 1.31E-01 3 9 

PANTHER KINASE ACTIVATOR 62 51 3.40E-03 5.63E-01 3 8 

KEGG RIG I LIKE RECEPTOR SIGNALING PATHWAY 71 52 3.50E-03 2.30E-01 3 8 

KEGG REGULATION OF AUTOPHAGY 35 23 4.00E-03 3.09E-01 1 5 

PANTHER CATION_TRANSPORTER 118 102 4.20E-03 3.40E-01 5 12 

GOTERM NEUROBLAST PROLIFERATION 14 14 4.30E-03 8.15E-01 1 4 

BIOCARTA KERATINOCYTE PATHWAY 46 44 5.90E-03 3.20E-01 2 7 

REACTOME NEURORANSMITTER RECEPTOR BINDING AND DOWNSTREAM 
TRANSMISSION IN THE POSTSYNAPTIC CELL 84 79 6.50E-03 4.85E-01 4 10 

GOTERM NEGATIVE REGULATION OF TRANSLATION 16 16 6.60E-03 7.73E-01 1 4 

INGENUITY NEUROTROPHIN TRK SIGNALING 16 16 6.70E-03 1.81E-01 1 4 

BIOCARTA CDMAC PATHWAY 16 15 6.80E-03 2.69E-01 1 4 

GOTERM PROTEIN IMPORT INTO NUCLEUS 27 25 7.60E-03 8.63E-01 1 5 

REACTOME TRANSMISSION ACROSS CHEMICAL SYNAPSES 130 123 9.00E-03 6.20E-01 6 13 
Column headings are as follows: OGS - Original Gene-set; EGS - Effective Gene-set; GSEA_P - Gene-set Enrichment Analysis Nominal p-value;  
FDR - False Discovery Rate; EXP - Expected No of genes; OBS - Observed No of genes 
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Table 25 - MAGENTA Analysis Results for Australian Cohort at the 75th Percentile Cut-Off 

DATABASE PATHWAY OGS EGS GSEA_P FDR EXP OBS 
BIOCARTA COMPLEMENT PATHWAY 19 13 3.00E-04 1.05E-02 3 10 

REACTOME COMPLEMENT CASCADE 50 14 3.00E-04 5.87E-02 4 10 

KEGG MAPK SIGNALING PATHWAY 267 239 5.00E-04 5.60E-02 60 82 

KEGG BASAL TRANSCRIPTION FACTORS 36 29 6.00E-04 4.88E-02 7 16 

INGENUITY COMPLEMENT SYSTEM 23 20 1.00E-03 3.36E-02 5 12 

GOTERM ESTABLISHMENT OR MAINTENANCE OF CELL POLARITY 18 18 1.00E-03 9.45E-01 5 11 

BIOCARTA RAR-RXR PATHWAY 15 15 1.20E-03 3.87E-02 4 10 

PANTHER ALZHEIMER DISEASE-AMYLOID SECRETASE PATHWAY 25 23 1.20E-03 7.56E-02 6 13 

GOTERM NEGATIVE REGULATION OF TRANSLATION 16 16 1.20E-03 5.97E-01 4 10 

BIOCARTA LECTIN COMPLEMENT PATHWAY 12 9 1.50E-03 3.33E-02 2 7 

BIOCARTA CLASSIC COMPLEMENT PATHWAY 14 9 1.60E-03 2.68E-02 2 7 

PANTHER TYROSINE PROTEIN KINASE RECEPTOR 77 68 1.70E-03 1.74E-01 17 29 

GOTERM GENERAL RNA POLYMERASE II TRANSCRIPTION FACTOR ACTIVITY 22 21 1.70E-03 4.50E-01 5 12 

GOTERM HAIR FOLLICLE MORPHOGENESIS 18 14 1.90E-03 3.41E-01 4 9 

PANTHER OTHER APOPTOSIS 14 10 3.20E-03 1.91E-01 3 7 

PANTHER APOPTOTIC PROCESSES 18 15 4.00E-03 1.68E-01 4 9 

REACTOME ACTIVATION OF THE AP1 FAMILY OF TRANSCRIPTION FACTORS 10 10 4.70E-03 2.91E-01 3 7 

GOTERM CLASSICAL COMPLEMENT ACTIVATION 29 20 4.90E-03 6.29E-01 5 11 

GOTERM LAMININ BINDING 10 8 5.30E-03 4.83E-01 2 6 

REACTOME INITIAL TRIGGERING OF COMPLEMENT 43 8 5.40E-03 2.03E-01 2 6 
Column headings are as follows: OGS - Original Gene-set; EGS - Effective Gene-set; GSEA_P - Gene-set Enrichment Analysis Nominal p-value; FDR - False 
Discovery Rate; EXP - Expected No of genes; OBS - Observed No of genes 
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Table 26 - MAGENTA Analysis Results for Combined Dataset at the 95th Percentile Cut-Off 

DATABASE PATHWAY OGS EGS GSEA_P FDR EXP OBS 
BIOCARTA PAR1 PATHWAY 37 34 1.20E-03 2.34E-01 2 7 

GOTERM STRIATED MUSCLE CONTRACTION 11 10 1.50E-03 3.66E-01 1 4 

GOTERM ATPASE ACTIVITY 132 121 2.20E-03 8.15E-01 6 14 

GOTERM CELL GROWTH 44 39 2.70E-03 6.09E-01 2 7 

GOTERM MYOSIN FILAMENT 15 13 2.70E-03 8.10E-01 1 4 

PANTHER FRUCTOSE GALACTOSE METABOLISM 7 7 2.90E-03 6.78E-02 0 3 

BIOCARTA MYOSIN PATHWAY 31 28 3.10E-03 1.73E-01 1 6 

PANTHER SULPHUR METABOLISM 56 40 3.30E-03 3.88E-01 2 7 

GOTERM REGULATION OF G-PROTEIN COUPLED RECEPTOR PROTEIN 
SIGNALLING PATHWAY 31 29 3.30E-03 5.82E-01 1 6 

GOTERM ATP BINDING 1469 1251 3.50E-03 9.89E-01 63 79 

GOTERM PROTEIN AMINO ACID N-LINKED GLYCOSYLATION 15 14 4.10E-03 7.51E-01 1 4 

INGENUITY HEPATIC CHOLESTASIS 61 57 5.20E-03 4.23E-01 3 8 

GOTERM XENOBIOTIC METABOLIC PROCESS 19 17 6.20E-03 5.77E-01 1 4 

REACTOME CLATHRIN DERIVED VESICLE BUDDING 61 56 6.20E-03 1.00E+00 3 8 

PANTHER INTERLEUKIN 34 25 6.40E-03 3.07E-01 1 5 

GOTERM CASPASE INHIBITOR ACTIVITY 10 9 6.60E-03 5.96E-01 0 3 

PANTHER PHOSPHODIESTERASE 39 35 7.30E-03 2.89E-01 2 6 

KEGG SPHINGOLIPID METABOLISM 40 35 8.10E-03 6.87E-01 2 6 

GOTERM QUINONE BINDING 9 9 8.70E-03 5.87E-01 0 3 

GOTERM ATPASE ACTIVITY, COUPLED TO TRANSMEMBRANE 
MOVEMENT OF SUBSTANCES 31 26 8.80E-03 7.52E-01 1 5 

Column headings are as follows: OGS - Original Gene-set; EGS - Effective Gene-set; GSEA_P - Gene-set Enrichment Analysis Nominal p-value; ; FDR - False 
Discovery Rate; EXP - Expected No of genes; OBS - Observed No of genes 
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Table 27 - MAGENTA Analysis Results for Combined Dataset at the 75th Percentile Cut-Off 

DATABASE PATHWAY OGS EGS GSEA_P FDR EXP OBS 
GOTERM ACTIN FILAMENT POLYMERISATION 11 9 1.02E-04 4.90E-02 2 8 

PANTHER INSULIN/IGF PATHWAY-PROTEIN KINASE B SIGNALLING 
CASCADE 50 41 1.00E-03 2.86E-02 10 20 

PANTHER INTERLEUKIN SIGNALLING PATHWAY 62 58 1.30E-03 5.55E-02 15 26 

GOTERM ACTIVIN BINDING 11 11 1.70E-03 4.43E-01 3 8 

GOTERM ACTIN BINDING 283 251 2.30E-03 1.00E+00 63 82 

PANTHER ANTERIOR/POSTERIOR PATTERNING 67 50 2.90E-03 3.52E-01 13 22 

KEGG REGULATION OF ACTIN CYTOSKELETON 216 190 3.40E-03 6.02E-01 48 64 

REACTOME COMPLEMENT CASCADE 50 15 4.40E-03 8.32E-01 4 9 

GOTERM POSITIVE REGULATION OF T CELL PROLIFERATION 25 24 5.80E-03 1.00E+00 6 12 

GOTERM BMP SIGNALLING PATHWAY 42 38 6.20E-03 8.86E-01 10 17 

GOTERM CYTOLYSIS 19 16 6.20E-03 1.00E+00 4 9 

BIOCARTA COMPLEMENT PATHWAY 19 13 6.60E-03 5.07E-01 3 8 

GOTERM NEGATIVE REGULATION OF SMOOTH MUSCLE CELL 
PROLIFERATION 14 13 6.90E-03 1.00E+00 3 8 

PANTHER TRANSCRIPTION FACTOR 198 128 7.00E-03 1.00E+00 32 45 

GOTERM HISTONE DEACETYLASE COMPLEX 28 24 7.70E-03 9.65E-01 6 12 

REACTOME FORMATION OF PLATELET PLUG 186 169 8.60E-03 1.00E+00 42 56 

KEGG RENIN ANGIOTENSIN SYSTEM 17 14 9.20E-03 3.42E-01 4 8 

REACTOME HEMOSTASIS 274 251 9.70E-03 7.73E-01 63 79 

GOTERM GDP BINDING 27 25 1.00E-02 9.78E-01 6 12 

BIOCARTA RAC1 PATHWAY 23 22 1.11E-02 4.36E-01 6 11 
Column headings are as follows: OGS - Original Gene-set; EGS - Effective Gene-set; GSEA_P - Gene-set Enrichment Analysis Nominal p-value;  
FDR - False Discovery Rate; EXP - Expected No of genes; OBS - Observed No of gene
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8.3.1.3 Comparison Between Australian and Combined Datasets Analysis 

There were no common pathways between the Australian and combined cohorts at the 95th 

percentile cut-off while two pathways, “Complement cascade” (REACTOME) and “Complement 

pathway” (BIOCARTA) were common between the two cohorts at the 75th percentile cut-off. 

However, the use of multiple databases in MAGENTA, compared with ALIGATOR and GSA-SNP which 

only use the Gene Ontology database, made comparisons between cohorts difficult, and made it 

impossible to check hits to the Cardiovascular GO Initiative, which only contains cardiovascular-

related GO pathways. To allow ease of comparison, the top 20 pathways from only the GO database 

were also tabulated, for both cohorts and for both percentile cut-offs. These can be seen in Tables 

B1, B2, B3, and B4 in Appendix B, pg 297. 

 

There were four overlapping pathways between the 95th percentile and 75th percentile cut-offs for 

the Australian cohort: “MAP kinase activity” (GO:0004707), “Complement activation, alternative 

pathway” (GO:0006957), “Positive regulation of cell proliferation” (GO:0008284) and “Negative 

regulation of translation” (GO:0017148) and there were two overlapping pathways between the 95th 

percentile and 75th percentile cut-offs for the combined cohort: “Protein homodimerisation activity” 

(GO:0042803) and “Activin binding” (GO:0048185). All the six pathways mentioned above are part of 

the Cardiovascular Gene Ontology database. 

 

8.3.2 ALIGATOR 

8.3.2.1 Australian Cohort Analysis 

A list of the 20 most significantly overrepresented pathways from the ALIGATOR analysis of the 

Australian Cohort is shown in Table 28 below. The first and third pathways, “Neural plate 

morphogenesis” (GO:0001839, p < 0.0001) and “Neural plate development” (GO:0001840, p = 

0.0004) together with the thirteenth and fourteenth pathways, “Artery morphogenesis” 

(GO:0048844, p = 0.004) and “Artery development” (GO:0060840, p = 0.004) seem to be the most 
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promising ones, although all four pathways appear to be related to embryonic development. Also, 

six of the 20 pathways are related to vesicle trafficking, with the cellular pathway “Vesicle” 

(GO:0031982, p = 0.0004) ranked the 2nd in the list. 

 

8.3.2.2 Combined Dataset Analysis 

For the ALIGATOR analysis of the combined cohort, the top 20 pathways are shown in Table 29 

below. The pathways “Hydrolase activity, hydrolysing O-glycosyl compounds”, “G1/S transition of 

mitotic cell cycle” and “Regulation of myeloid cell apoptosis” with p-values of 0.0002, 0.0004 and 

0.0004, respectively, were found to be the three most significant pathways. Also, the eleventh and 

twelfth pathways, “Calcium channel regulator activity” (GO:0005246, p = 0.002) and “Kidney 

development” (GO:0001822, p = 0.003) appear to be related to blood pressure regulation. 

 

8.3.2.3 Comparison between Australian and Combined Datasets Analysis 

Five pathways were common to both the Australian and the combined cohorts: “G1/S transition of 

mitotic cell cycle” (GO:0000082), “Cytoplasmic vesicle membrane” (GO:0030659), “Vesicle 

membrane” (GO:0012506), “Cytoplasmic vesicle part” (GO:0044433) and “Regulation of myeloid cell 

apoptosis” (GO:0033032). All five pathways are also present in the Cardiovascular GO database. 
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Table 28 - Aligator Analysis Results for Australian Cohort 

GO NUMBER TYPE PATHWAY TG OGL EGL P-VALUE EH/S 
GO:0001839 PROCESS  NEURAL PLATE MORPHOGENESIS                                                                                                                                                                               6 2 0.04  0.0001 0.74 

GO:0031982 CELLULAR VESICLE                                                                                                                                                                                                  647 13 4.64 0.0004 1.66 

GO:0001840 PROCESS  NEURAL PLATE DEVELOPMENT                                                                                                                                                                                 8 2 0.05 0.0006 2.1 

GO:0031410 CELLULAR CYTOPLASMIC VESICLE                                                                                                                                                                                      621 12 4.49 0.0008 2.51 

GO:0030666 CELLULAR ENDOCYTIC VESICLE MEMBRANE                                                                                                                                                                               33 3 0.28 0.0014 3.88 

GO:0050700 FUNCTION CARD DOMAIN BINDING                                                                                                                                                                                      7 2 0.05 0.0014 3.88 

GO:0033032 PROCESS  REGULATION OF MYELOID CELL APOPTOSIS                                                                                                                                                                     8 2 0.07 0.002 5.12 

GO:0051184 FUNCTION COFACTOR TRANSPORTER ACTIVITY                                                                                                                                                                            11 2 0.08 0.0022 5.48 

GO:0044433 CELLULAR CYTOPLASMIC VESICLE PART                                                                                                                                                                                 172 6 1.42 0.0028 6.59 

GO:0051181 PROCESS  COFACTOR TRANSPORT                                                                                                                                                                                       18 2 0.1 0.0028 6.59 

GO:0000082 PROCESS  G1/S TRANSITION OF MITOTIC CELL CYCLE                                                                                                                                                                    48 3 0.29 0.0032 7.29 

GO:0030659 CELLULAR CYTOPLASMIC VESICLE MEMBRANE                                                                                                                                                                             128 5 1.08 0.004 8.64 

GO:0048844 PROCESS  ARTERY MORPHOGENESIS                                                                                                                                                                                     13 2 0.09 0.004 8.64 

GO:0060840 PROCESS  ARTERY DEVELOPMENT                                                                                                                                                                                       13 2 0.09 0.004 8.64 

GO:0019898 CELLULAR EXTRINSIC TO MEMBRANE                                                                                                                                                                                    479 11 4.38 0.0044 9.4 

GO:0008088 PROCESS  AXON CARGO TRANSPORT                                                                                                                                                                                     14 2 0.11 0.0048 10.09 

GO:0030246 FUNCTION CARBOHYDRATE BINDING                                                                                                                                                                                     342 8 2.63 0.005 10.47 

GO:0012506 CELLULAR VESICLE MEMBRANE                                                                                                                                                                                         139 5 1.16 0.0056 11.48 

GO:0019955 FUNCTION CYTOKINE BINDING                                                                                                                                                                                         99 4 0.79 0.006 12.14 

GO:0048729 PROCESS  TISSUE MORPHOGENESIS                                                                                                                                                                                     169 5 1.23 0.0068 13.4 
Column headings are as follows: TG – Total No of genes in pathway; OGL – Observed No of genes in list; EGL – Expected No of genes in list;  
EH/S - Expected hits per study (significance) 
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Table 29 - Aligator Analysis Results for Combined Dataset 

GO NUMBER TYPE PATHWAY TG OGL EGL P-VALUE EH/S 

GO:0004553 FUNCTION HYDROLASE ACTIVITY, HYDROLYSING O-GLYCOSYL 
COMPOUNDS 84 6 1.02 0.0002 1.14 

GO:0000082 PROCESS  G1/S TRANSITION OF MITOTIC CELL CYCLE                                                                                                                                                                    48 5 0.67 0.0004 1.61 

GO:0033032 PROCESS  REGULATION OF MYELOID CELL APOPTOSIS                                                                                                                                                                     8 3 0.14 0.0004 1.61 

GO:0048870 PROCESS  CELL MOTILITY                                                                                                                                                                                            272 14 5.75 0.0006 2.08 

GO:0051674 PROCESS  LOCALIZATION OF CELL                                                                                                                                                                                     272 14 5.75 0.0006 2.08 

GO:0044433 CELLULAR CYTOPLASMIC VESICLE PART                                                                                                                                                                                 172 10 2.97 0.0008 2.58 

GO:0006651 PROCESS  DIACYLGLYCEROL BIOSYNTHETIC PROCESS                                                                                                                                                                      3 2 0.07 0.0012 3.55 

GO:0030659 CELLULAR CYTOPLASMIC VESICLE MEMBRANE                                                                                                                                                                             128 8 2.27 0.0014 4.08 

GO:0005829 CELLULAR CYTOSOL                                                                                                                                                                                                  1248 31 18.23 0.0016 4.6 

GO:0016798 FUNCTION HYDROLASE ACTIVITY, ACTING ON GLYCOSYL BONDS 107 6 1.26 0.0016 4.6 

GO:0005246 FUNCTION CALCIUM CHANNEL REGULATOR ACTIVITY                                                                                                                                                                       14 3 0.35 0.0016 4.6 

GO:0001822 PROCESS  KIDNEY DEVELOPMENT                                                                                                                                                                                       96 7 1.87 0.0024 6.57 

GO:0012506 CELLULAR VESICLE MEMBRANE                                                                                                                                                                                         139 8 2.44 0.0026 7.05 

GO:0004623 FUNCTION PHOSPHOLIPASE A2 ACTIVITY                                                                                                                                                                                26 3 0.29 0.0026 7.05 

GO:0001655 PROCESS  UROGENITAL SYSTEM DEVELOPMENT                                                                                                                                                                            109 7 2 0.003 8.03 

GO:0033033 PROCESS  NEGATIVE REGULATION OF MYELOID CELL APOPTOSIS                                                                                                                                                            4 2 0.09 0.003 8.03 

GO:0007006 PROCESS  MITOCHONDRIAL MEMBRANE ORGANIZATION                                                                                                                                                                      28 3 0.31 0.0032 8.48 

GO:0051593 PROCESS  RESPONSE TO FOLIC ACID                                                                                                                                                                                   4 2 0.09 0.0032 8.48 

GO:0016477 PROCESS  CELL MIGRATION                                                                                                                                                                                           241 12 5.17 0.0034 8.98 

GO:0040011 PROCESS  LOCOMOTION                                                                                                                                                                                               391 15 7.21 0.0034 8.98 
Column headings are as follows: TG – Total No of genes in pathway; OGL – Observed No of genes in list; EGL – Expected No of genes in list;  
EH/S - Expected hits per study (significance) 
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8.3.3 GSA-SNP 

8.3.3.1 Australian Cohort Analysis 

The top 20 pathways for the GSA-SNP analysis on the Australian cohort are listed in Table 30. 

“Guanyl-nucleotide exchange factor activity” (GO:0005085), “Transmembrane receptor protein 

kinase activity” (GO:0019199) and “Rho-guanyl nucleotide exchange factor activity” (GO:0005089) 

with corrected p-values of 8.91 X 10-7, 1.11 X 10-6 and 1.30 X 10-6, respectively, were the three most 

significant pathways. Several other pathways in the list such as “Regulation of Rho protein signal 

transduction” (GO:0035023), “Ras-guanyl nucleotide exchange factor activity” (GO:0005088), 

“Positive regulation of GTPase activity” (GO:0043547), “Rho GTPase activator activity” (GO:0005100) 

and “Ras GTPase activator activity” (GO:0005099) are related to the first and third most significant 

pathways while pathways “Transmembrane receptor protein tyrosine kinase activity” (GO:0004714) 

and “Protein tyrosine kinase activity” (GO:0004713) are related to the second most significant 

pathway. 

 

8.3.3.2 Combined Dataset Analysis 

The top 20 pathways for the combined analysis are shown in Table 31. The three most significant 

pathways were “Rho-guanyl nucleotide exchange factor activity” (GO:0005089), “Calmodulin 

binding” (GO:0005516) and “Extracellular matrix part” (GO:0004420) with corrected p-values of 1.36 

X 10-6, 1.39 X 10-6 and 1.59 X 10-6, respectively. As noted in the Australian cohort analysis, several 

Rho related pathways were also present in the combined cohort analysis. 
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Table 30 - GSA-SNP Analysis Results for Australian Cohort 

GO NUMBER TYPE PATHWAY GC GSS Z-SCORE P-VALUE COR. P 

GO:0005085 FUNCTION GUANYL-NUCLEOTIDE EXCHANGE FACTOR ACTIVITY 149 163 6.0726 6.29E-10 8.91E-07 

GO:0019199 FUNCTION TRANSMEMBRANE RECEPTOR PROTEIN KINASE ACTIVITY 85 85 6.1017 5.25E-10 1.11E-06 

GO:0005089 FUNCTION RHO GUANYL-NUCLEOTIDE EXCHANGE FACTOR ACTIVITY 63 75 5.9653 1.22E-09 1.30E-06 

GO:0044420 CELLULAR EXTRACELLULAR MATRIX PART 159 168 5.9168 1.64E-09 1.39E-06 

GO:0035023 PROCESS REGULATION OF RHO PROTEIN SIGNAL TRANSDUCTION 125 138 6.1662 3.50E-10 1.49E-06 

GO:0005516 FUNCTION CALMODULIN BINDING 141 146 5.5298 1.60E-08 9.73E-06 

GO:0005088 FUNCTION RAS GUANYL-NUCLEOTIDE EXCHANGE FACTOR ACTIVITY 81 93 5.5406 1.51E-08 1.07E-05 

GO:0004714 FUNCTION TRANSMEMBRANE RECEPTOR PROTEIN TYROSINE KINASE 
ACTIVITY 67 67 5.4451 2.59E-08 1.37E-05 

GO:0070161 CELLULAR ANCHORING JUNCTION 177 189 5.397 3.39E-08 1.60E-05 

GO:0005262 FUNCTION CALCIUM CHANNEL ACTIVITY 81 82 5.1705 1.17E-07 4.96E-05 

GO:0005604 CELLULAR BASEMENT MEMBRANE 74 78 5.0847 1.84E-07 7.11E-05 

GO:0015697 PROCESS QUATERNARY AMMONIUM GROUP TRANSPORT 20 20 5.0419 2.30E-07 7.53E-05 

GO:0004115 FUNCTION 3',5'-CYCLIC-AMP PHOSPHODIESTERASE ACTIVITY 15 15 4.9865 3.07E-07 7.68E-05 

GO:0043547 PROCESS POSITIVE REGULATION OF GTPASE ACTIVITY 161 178 5.0512 2.20E-07 7.77E-05 

GO:0005912 CELLULAR ADHERENS JUNCTION 161 172 5.0076 2.76E-07 7.80E-05 

GO:0005543 FUNCTION PHOSPHOLIPID BINDING 198 212 5.019 2.60E-07 7.88E-05 

GO:0005100 FUNCTION RHO GTPASE ACTIVATOR ACTIVITY 28 31 4.9876 3.06E-07 8.11E-05 

GO:0014069 CELLULAR POSTSYNAPTIC DENSITY 85 90 4.9503 3.70E-07 8.28E-05 

GO:0004713 FUNCTION PROTEIN TYROSINE KINASE ACTIVITY 139 142 4.9387 3.93E-07 8.35E-05 

GO:0005099 FUNCTION RAS GTPASE ACTIVATOR ACTIVITY 93 109 4.9507 3.70E-07 8.72E-05 
Column headings are as follows: GC – Gene count; GSS – Gene set size; COR. P – Corrected P-value 
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Table 31 - GSA-SNP Analysis Results for Combined Dataset 

GO NUMBER TYPE PATHWAY GC GSS Z-SCORE P-VALUE COR. P 
GO:0005089 FUNCTION RHO GUANYL-NUCLEOTIDE EXCHANGE FACTOR ACTIVITY 63 75 6.004 9.63E-10 1.36E-06 

GO:0005516 FUNCTION CALMODULIN BINDING 142 146 5.9535 1.31E-09 1.39E-06 

GO:0044420 CELLULAR EXTRACELLULAR MATRIX PART 159 168 6.0451 7.47E-10 1.59E-06 

GO:0005085 FUNCTION GUANYL-NUCLEOTIDE EXCHANGE FACTOR ACTIVITY 149 163 6.0521 7.15E-10 3.04E-06 

GO:0035023 PROCESS REGULATION OF RHO PROTEIN SIGNAL TRANSDUCTION 125 138 5.6245 9.30E-09 6.58E-06 

GO:0019199 FUNCTION TRANSMEMBRANE RECEPTOR PROTEIN KINASE ACTIVITY 85 85 5.6282 9.10E-09 7.73E-06 

GO:0005604 CELLULAR BASEMENT MEMBRANE 74 78 5.5621 1.33E-08 8.08E-06 

GO:0034762 PROCESS REGULATION OF TRANSMEMBRANE TRANSPORT 156 166 5.316 5.30E-08 2.25E-05 

GO:0005088 FUNCTION RAS GUANYL-NUCLEOTIDE EXCHANGE FACTOR ACTIVITY 81 93 5.3218 5.14E-08 2.42E-05 

GO:0007160 PROCESS CELL-MATRIX ADHESION 87 88 5.3334 4.82E-08 2.56E-05 

GO:0005543 FUNCTION PHOSPHOLIPID BINDING 199 212 5.2196 8.96E-08 3.46E-05 

GO:0070161 CELLULAR ANCHORING JUNCTION 177 189 5.1271 1.47E-07 5.21E-05 

GO:0031589 PROCESS CELL-SUBSTRATE ADHESION 107 111 5.082 1.87E-07 6.10E-05 

GO:0004714 FUNCTION TRANSMEMBRANE RECEPTOR PROTEIN TYROSINE KINASE 
ACTIVITY 67 67 4.8969 4.87E-07 1.48E-04 

GO:0050839 FUNCTION CELL ADHESION MOLECULE BINDING 41 42 4.835 6.66E-07 1.89E-04 

GO:0005100 FUNCTION RHO GTPASE ACTIVATOR ACTIVITY 28 31 4.7438 1.05E-06 2.34E-04 

GO:0004713 FUNCTION PROTEIN TYROSINE KINASE ACTIVITY 139 142 4.753 1.00E-06 2.36E-04 

GO:0045296 FUNCTION CADHERIN BINDING 22 22 4.7587 9.74E-07 2.43E-04 

GO:0005262 FUNCTION CALCIUM CHANNEL ACTIVITY 81 82 4.7664 9.38E-07 2.49E-04 

GO:0034703 CELLULAR CATION CHANNEL COMPLEX 138 141 4.6859 1.39E-06 2.96E-04 
Column headings are as follows: GC – Gene count; GSS – Gene set size; COR. P – Corrected P-value 
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8.3.3.3 Comparison Between Australian and Combined Datasets Analysis 

There were fourteen pathways common to both the Australian and combined cohorts, with twelve 

of the fourteen pathways also being part of the Cardiovascular GO database. The twelve pathways 

are: “Protein tyrosine kinase activity (GO:0004713), “Transmembrane receptor protein tyrosine 

kinase activity (GO:0004714), “Guanyl-nucleotide exchange factor activity” (GO:0005085), “Ras 

guanyl-nucleotide exchange factor activity (GO:0005088), “Rho guanyl-nucleotide exchange factor 

activity” (GO:0005089), “Rho GTPase activator activity” (GO:0005100), “calcium channel activity” 

(GO:0005262), “Calmodulin binding” (GO:0005516), “Phospholipid binding” (GO:0005543), 

“Basement membrane” (GO:0005604), “Regulation of rho protein signal transduction” (GO:0035023) 

and “Extracellular matrix part” (GO:0044420). Of the fourteen common pathway, only 

“Transmembrane receptor protein kinase activity” (GO:0019199) and “Anchoring junction” 

(GO:0070161) were not part of the Cardiovascular GO database. 

 

8.4 Discussion of Pathway Analyses 

Overall, the pathway analyses of both the Australian cohort and the combined cohort GWAS data 

have identified a number of significant pathways with plausible connections to essential 

hypertension using three alternative pathway analysis software tools.  

 

8.4.1 Pathway Analysis with MAGENTA 

Using the MAGENTA pathway analysis software, for the Australian cohort 95th percentile analysis, 

the most interesting pathways detected were related to the sympathetic nervous system, suggesting 

an involvement in BP regulation through the neural channels of the baroreflex response, and the 

AP1 family of transcription factors, suggesting an involvement in BP regulation through ties to 

angiotensin II in the RAAS pathway. For the 75th percentile cut-off analysis, seven of the pathways in 

the top 20 (four of which were significant) pointed to the complement system, an essential part of 
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the immune response that helps initiate a cascade which activates the response of the immune 

system to pathogens, suggesting a possible involvement of the immune system in EH. This has 

already been hypothesised due to the presence of both endothelial damage and high levels of 

inflammatory markers in hypertensive patients. In the combined cohort, though no pathways were 

found to be in common with the Australian cohort findings at either percentile cut-off, two more 

interesting pathways were detected: in the 95th percentile analysis, the PAR1 pathway, which is 

linked to production of the potent vasodilator and BP-regulator nitric oxide; and in the 75th 

percentile analysis, the insulin/IGF pathway, which suggests the involvement of insulin resistance, 

well-characterised as being a risk factor in both hypertension alone and hypertension with the 

comorbid conditions of metabolic syndrome.  

 

8.4.2 Pathway Analysis with ALIGATOR 

Using the ALIGATOR pathway analysis software, for the Australian cohort, the most interesting and 

highest ranked pathways detected related to embryonic neural and artery development, suggesting 

that embryonic pathways may play a role in determining EH risk before birth, and to vesicle 

trafficking, suggesting an important role for well-regulated vesicle transport. For the embryonic 

pathways, the hypothesis that the embryonic environment affect EH risk has been proposed by 

previous studies,295, 296 who hypothesise that the strong positive correlation between coronary heart 

disease and infant mortality, and the inverse correlation between birth weight and cardiovascular 

disease risk is due to influences present in the prenatal environmental,295 and is termed “foetal 

programming”. Foetal programming has also been suggested as being in involved EH, due to animal 

model studies which showed that foetal factors such as hypoxia or gestational undernutrition can 

have an impact on functioning of the RAAS BP regulation system, kidney development, and vascular 

function.295 The top-ranking of embryonic development pathways in this study therefore suggests 

some involvement with foetal programming. 
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For the vesicle trafficking pathways, six of the pathways in the top 20 (one of which was ranked 

second in the top 20) were vesicle-related, including GO:0031982, representing genes related to the 

cellular component “vesicle”, GO:0012506 representing vesicle membrane genes, GO:0044433 and 

GO:0031410, representing cytoplasmic vesicle component genes, GO:0030659, representing 

cytoplasmic vesicle membrane genes, and GO:0030666, representing endocytic vesicle membrane 

genes. Though these pathways appear to some degree to overlap in function, three of these vesicle-

related pathways were also found to be common between the Australian cohort and combined 

cohort analysis, indicating that the association signal for vesicle-related pathways is strong for both 

cohorts. Though the involvement of vesicles has not previously been viewed as significant in 

hypertension susceptibility, these vesicle pathways may prove to be related to hypertension risk 

through modulation of the release of catecholamine neurotransmitters, which are generally released 

in response to stress and which increase both heart rate and blood pressure. It has been proposed 

by a recent study that genes involved in regulation of catecholaminergic processes may be important 

candidate genes in EH development, and an association has been detected between EH and the 

gene coding for an important catecholamine storage vesicle protein, chromogranin B.297 These data 

suggest a possible mechanism for involvement of vesicle-trafficking pathways in essential 

hypertension, previously overlooked as a potentially important hypertension pathway. 

 

Another interesting pathway for the combined cohort which was ranked 11 out of the top 20 was 

the calcium channel regulator activity pathway, which involves the calcium channel subunit genes 1, 

2, and 3, as well as calmodulin 1. This suggests a link to hypertension through calcium-mediated 

vasoconstriction, supported by the fact that calcium channel blockers are used in hypertension 

treatment, resulting in less contraction in both heart and blood vessel cells and thereby decreasing 

BP through vasodilation and decreased cardiac output. However, most other genes within this 

pathway have not been examined with regard to hypertension, including the gene coding for 
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hippocalcin, a calcium-binding protein involved in MAPK signalling. Further investigation of the 

involvement of this pathway in EH may therefore yield novel EH candidate genes related to calcium.  

 

8.4.3 Pathway Analysis with GSA-SNP 

Using the GSA-SNP pathway analysis software, the most interesting pathways in both the Australian 

and combined cohort were six pathways related to the superfamily of small GTPase-mediated 

signalling. This included: “Guanyl-nucleotide exchange factor (GEF) activity” (GO:0005085); “Rho GEF 

activity” (GO:0005089); “Regulation of Rho protein signal transduction” (GO:0035023); “Ras GEF 

activity (GO:0005088); and “Rho GTPase activator activity” (GO:0005100)—which are all ranked in 

the top 20 of both cohorts—and “Ras GTPase activator activity” (GO:0005099)—ranked in the top 20 

of the Australian cohort. GTPases act as signalling switches that revert between an inactive 

conformation (GDP) and an active conformation (GTP) which further activates signalling cascades 

and biochemical pathways.298 The superfamily of small GTPases contains six sub-families for the Rho, 

Ras, Rab, Arf, Sar, and Ran-associated GTPases, and which can interact with either GTPase-activating 

proteins (GAPs), which push the switch into inactive conformation, or guanyl-nucleotide exchange 

factors (GEFs), which catalyse an exchange of GDP for GTP, thereby pushing the switch into active 

conformation.299 The sub-families are related to different specific functions, for instance, the Ras 

GTPase sub-family is generally known to be important for signal transduction pathways such as the 

ERK and MAPK pathways, while the Rho GTPase sub-family is generally involved in controlling cell 

morphology through cytoskeletal and structural modules.298, 299  

 

Though these pathways have not been examined in association studies of hypertension previously, 

there is some evidence that the Rho GTPases may be involved in response to shear stress in the 

endothelium and thus involved in vascular remodelling and vascular tone.300 This suggests a role for 

Rho GTPases in elevating BP through poor response to shear stress and increased peripheral 

resistance, though the method by which the Rho GTPases promote adaptation to blood flow is still 
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unknown. Functional studies have also suggested a role for Rho GTPases and Rho GEFs in regulation 

of smooth muscle contraction301 and as important factors in the pathogenesis of pulmonary 

hypertension in animal models.302 Findings from spontaneously-hypertensive rats have also 

suggested that Ras GTPase signalling is important for the development or progression of 

hypertension, with regards to endothelial dysfunction, as rats treated with Ras GTPase-inhibitors 

showed attenuation of high BP and end-organ damage.303 Thus, although the evidence to support a 

role for the small GTPases, GAPs, and GEFs, particularly for the Rho sub-family, is based on disparate 

functional and biochemical studies, these identified pathways seem to be strongly supported 

candidates for further investigation in EH, and highlight the success of the pathway analysis 

approach at prioritising candidates for further studies from GWAS data.  

 

8.4.4 Comparison Between Pathway Analysis Platforms 

Currently, there is no standardised method of pathway analysis for GWAS data, with at least four 

different methodological approaches, many different softwares and tools, and a plethora of small 

parameters that can be tweaked in each analysis. As such, this study aimed to investigate three 

different pathway analysis platforms suitable for analysing pooled GWAS summary data, MAGENTA, 

ALIGATOR, and GSA-SNP, which differ widely in their methods of a) combining marker-level p-values 

into gene-level and pathway-level scores, and b) calculating significance of the pathway-level score. 

Two different datasets were analysed by each of these three platforms, allowing comparison 

between the pathways identified across platforms for each dataset. For the combined dataset, none 

of the top 20 pathways were found to be shared either between all three platforms or between any 

two platforms, suggesting either that each method ranks pathways so differently that different types 

of associations are detected by each software, or that no pathways had a strong enough association 

signal to be ranked by all three methods in the top 20.  

 



248 
 

For the Australian dataset, though no top 20 pathways were found to be shared between all three 

platforms, two top 20 pathways were found to be shared between at least two platforms. The first 

was the gene ontology process “3',5'-cyclic-AMP phosphodiesterase activity” (GO:0004115), which 

describes catalysis of the conversion of adenosine 3',5'-cyclic phosphate and water into adenosine 

5'-phosphate; this was found to be detected in the top ranked 20 pathways by both MAGENTA 

(using the 95th percentile cut-off) and GSA-SNP. The second was the gene ontology component 

“endocytic vesicle membrane” (GO:0030666); this was found to be ranked in the top 20 by both 

MAGENTA (again using 95th percentile) and ALIGATOR. This shows that despite large differences in 

ranking methods, for this dataset two common pathways were detected between platforms. This 

may indicate that these pathways have the strongest association signal and should be investigated 

further, especially the vesicle-related pathway which may be related to sympathetic nervous system 

activity as discussed in the previous section. This may also indicate that conducting pathway analysis 

with more than one tool and identifying shared pathways may be useful for prioritising pathways to 

follow up; however, it remains to be proven whether the two shared pathways identified in this 

study are the best pathway candidates identified in this study and whether they will show 

replication in future EH pathway analyses.  

 

8.4.5 Comparison Between MAGENTA 95th and 75th Percentile Analyses 

This study also aimed to assess the effect of parameter modification within a single pathway 

software, MAGENTA, to determine whether this would affect the types of pathways being ranked in 

the top 20. Two MAGENTA analyses were performed, each with different percentile cut-offs (95th 

and 75th percentile) for determining inclusion of a gene in the pathway score for a particular 

pathway. The authors of the MAGENTA software indicated in their publication that the 95th 

percentile cut-off was estimated to have greater power to detect pathways with large effect sizes, 

while the 75th percentile cut-off had greater power to detect lower effect sizes. In this analysis, for 

both the Australian dataset and the combined dataset, overlap between the 95th and 75th percentile 
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analyses was observed, with four shared pathways in the Australian dataset and two shared 

pathways in the combined dataset. This seems to indicate the MAGENTA is consistently detecting an 

association signal for these overlapping pathways, irrespective of whether the cut-off is high or low. 

It may also suggest that the shared pathways are those of moderate or intermediate effect, while 

the pathways unique to the 95th percentile and the 75th percentile analysis represent pathways with 

larger and smaller effect sizes respectively. Currently, this issue is unaddressed in the literature on 

pathway analyses; however, further investigation into these pathways may confirm whether or not 

insensitivity to parameter alteration is an indicator of a robust association with disease. 
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Chapter 9 

Discussion and Future Directions 
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9.1 Research Aims and Hypotheses 

Hypertension is a persistent increase in blood pressure, defined as a systolic blood pressure 

consistently above 140 mmHg and/or diastolic blood pressure consistently above 90 mmHg. It is a 

major risk factor for cardiovascular disease, being implicated in 7.1 million deaths each year from 

ischaemic heart disease and stroke,1 and affects more than 1 billion people worldwide, with twenty 

percent of Australian adults receiving treatment for hypertension. It has been projected that the 

number of people suffering from hypertension will increase to 1.56 billion people worldwide by 

2025;4 thus, in order to help treat or prevent the development of EH or its associated cardiovascular 

disease, research into the aetiology of hypertension is a highly active field aiming to elucidate the 

underlying mechanism of the disease susceptibility and progression. This is particularly difficult in 

the cases of patients suffering from essential hypertension, which is a rise in blood pressure that is 

not due to any known secondary cause, affecting 95% of hypertension sufferers. EH is a complex 

polygenic disease and though numerous demographic, clinical, and lifestyle factors are known to 

play a role in its development, few well-characterised EH-susceptibility genes have been identified.  

 

Though monogenic or Mendelian hypertension syndromes have helped identify a few key genes of 

large effect, which have also been shown to be involved in EH, it is known that complex diseases 

such as EH arise from the combined effect of multiple common gene variants of individual small 

effects rather than single genes of large effect. This is termed the “common disease, common 

variant” paradigm, implying that the set of genetic variation (or genomic signature) underlying a 

common complex disease will be composed of multiple, perhaps hundreds, of susceptibility loci. 

Thus far efforts to identify such loci have examined a few key physiological systems whose 

disruption seems to be linked to the onset and progression of hypertension, and for which anti-

hypertensive drug targets have efficacy against, including the renin-angiotensin-aldosterone system, 

the sympathetic nervous system, the renal system, vasoactive substances, and endothelial 

dysfunction. These systems are involved in regulation of normal blood pressure and dysregulation in 
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such systems could therefore lead to hypertension. However, as the genes and pathways 

investigated in these systems have not been able to completely explain the variation in hypertension 

observed between patients (the “missing heritability” problem), researchers also aim to investigate 

pathways that lie outside the canonical BP regulation systems. As other currently unknown genes 

and pathways may indirectly impact blood pressure regulation, with no pre-existing biological 

involvement that would suggest importance in hypertension development, gene discovery methods 

that do not rely on a priori biological assumptions have the potential to investigate both canonical 

BP regulation pathways and novel mechanisms for association with EH susceptibility. 

 

The aim of this research was therefore to identify hypertension susceptibility genes through a 

candidate gene study, a genome-wide association study, and a pathway analysis study of an 

Australian population of 409 cases and 409 controls. For the candidate gene approach, it was 

hypothesised that gene variants in the homocysteine pathway increased the risk of hypertension 

due to their potential to dysregulate the pathway resulting in hyperhomocysteinemia. A total of four 

markers in three genes in this pathway were typed in this study, and investigated for potential 

epistatic interactions. For the GWAS approach, a DNA pooling approach was used due to the 

prohibitive cost of GWAS in general. This approach drastically reduced the number of arrays 

required to perform the study from 818 to only 8, and thus greatly reduced costs. To validate the 

pooling GWAS, four markers were individually genotyped on the Australian cohort. The accuracy of 

pooling allele frequency estimation was assessed, and genotype and allele frequencies between 

cases and controls were tested for association. For the pathway analysis approach, pathways 

implicated in EH susceptibility were investigated by conducting gene enrichment pathway-based 

analysis of GWAS results from both the Australian cohort and a combined dataset of the Australian 

and Wellcome Trust Case-Control Consortium hypertension cohort. 
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It was hoped that these study aims would assist in the identification of variants, genes, or pathways 

contributing to EH aetiology, which could then be used for development of an EH susceptibility 

genomic signature, allowing improved screening, prevention, and treatment of EH. 

 

9.2 Homocysteine Pathway Genetic Variation Analyses 

Hyperhomocysteinemia has been associated with an increased risk of cardiovascular disease and 

stroke. Essential hypertension has also been associated with increased risk of cardiovascular related 

disorders, leading researchers to investigate whether hyperhomocysteinemia may also be involved 

in EH susceptibility. Following initial studies, the homocysteine pathway has emerged as a strong 

candidate for EH as the NHANES III study reported that people with the highest level of Hcy carried a 

2 to 3 fold increase in hypertension prevalence than those with the lowest Hcy level.231 Though Hcy 

levels are highly influenced by dietary factors such as lack of folate, vitamin B12 and vitamin B6,234 

many studies have shown that genetic variants within the Hcy pathway genes can be responsible for 

hyperhomocysteinemia.132 However, the findings of these studies have been somewhat at odds, and 

it is still unclear whether there is a significant association with Hcy pathway genes226-228 or no 

association.229, 230 Therefore, to investigate the role of the homocysteine metabolism pathway in 

hypertension, we conducted a case-control association study of Hcy pathway gene variants in an 

Australian cohort of 409 Caucasian hypertensives and 409 age- and sex-matched normotensives.  

 

The Hcy pathway involves the conversion of Hcy to methionine. Briefly, tetrahydrofolate, a folic acid 

derivative, is converted to 5,10-methylenetetrahydrofolate (5,10-MTHF) by the enzyme 

methylenetetrahydrofolate dehydrogenase 1 (MTHFD1). 5,10-MTHF is converted to 5-

methyltetrahydrofolate by methylenetetrahydrofolate reductase (MTHFR). Ultimately this substrate 

reacts with Hcy to form methionine and regenerates tetrahydrofolate. Methionine synthase (MTR), 

in the presence of cobalamin (vitamin B12), regulates this reaction. However over time, cobalamin 

which is a strong reductant becomes oxidised, thereby inactivating the MTR enzyme. The enzyme 
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methionine synthase reductase (MTRR) reactivates MTR by reducing cobalamin to its original state.9 

From this it can be surmised that the enzymes involved in the pathway, MTHFR, MTHFD1, and 

MTRR, are likely to influence final Hcy levels. We genotyped two polymorphisms in the 

methylenetetrahydrofolate reductase gene (MTHFR C677T and MTHFR A1298C), one polymorphism 

in the methionine synthase reductase gene (MTRR A66G) and one polymorphism in the 

methylenetetrahydrofolate dehydrogenase 1 gene (MTHFD1 G1958A) and assessed their association 

with hypertension using chi square analysis.  

 

All markers were successfully genotyped; MTHFR C677T was found to have a TT genotype frequency 

of 8.7% for cases and 8.9% for controls, and T allele frequency of 31.8% for cases and 32.2% for 

controls. MTHFR A1298C was found to have an increased AA genotype frequency in cases (44.8%) 

compared to controls (42.0%), and an A allele frequency of 65.4% for cases and 64.4% for controls. 

MTRR A66G was found to have a GG genotype frequency of 18.1% for cases and 20.7% for controls, 

and a G allele frequency of 44.7% for cases and 47.1% for controls. MTHFD1 G1958A was found to 

have a GG genotype frequency of 32.7% for cases and 28.9% for controls, and with a G allele 

frequency of 55.8% for cases and 54.3% for controls. Allele frequencies obtained for all markers 

conformed well with expected Hap-Map CEU reference population frequencies (MTHFR C677T - T 

allele 31%, MTHFR A1298C - A allele, 64%, MTRR A66G - G allele, 45%, and MTHFD1 G1958A - G 

allele, 58.0%) and genotype data for all markers were found to conform well with Hardy-Weinberg 

Equilibrium. None of the four polymorphisms was shown to be significantly associated with EH in 

this cohort for either the genotype frequencies (MTHFR C677T p = 0.99, MTHFR A1298C p = 0.58, 

MTRR A66G p = 0.63, and MTHFD1 G1958A p = 0.42) or the allele frequencies (MTHFR C677T p = 

0.88, MTHFR A1298C p = 0.69, MTRR A66G p = 0.37, and MTHFD1 G1958A p = 0.58). 

 

An interaction analysis was also undertaken using the multifactor dimensionality reduction (MDR) 

method to investigate whether potential epistatic interactions among genotypes across all four loci 
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would contribute to disease status. MDR analysis is a data mining method used to detect and classify 

combinations of independent variables such as genotypes or environmental factors that may 

interact to cause disease, which classifies the genotype combinations of two loci (multi-locus 

genotype) into a single-dimension variable of risk value.237, 238 The risk value dimension can then be 

analysed to predict the outcome variable (case or control status) in a non-parametric method 

analogous to the parametric method of logistic regression, but which has the advantage of being 

model-free and more robust than parametric methods.218 Several interaction models were tested 

with different combinations of markers, but although we found a moderate synergistic interaction 

between MTHFR A1298C and MTRR A66G, the association of the best interaction model with EH was 

not statistically significant (p = 0.2367). 

 

Overall, our findings therefore suggest no individual or interactive association between four 

prominent Hcy pathway markers and EH, concordant with prior studies that reported no association 

for MTHFR markers. This suggests that Hcy pathway genes may not contribute to EH risk, despite the 

fact that there is increasing evidence to suggest that hyperhomocysteinemia may contribute to 

hypertension through either vascular remodelling or vasoconstriction.9, 232, 233 It may be possible that 

these variants contributed a modest effect on EH in this cohort that was not detectable as 

statistically significant, or due to the confounding effect of dietary folate intake, which was not 

assessed in this study. Though there are a number of potential confounding factors that may have 

modulated EH risk, dietary folate has the greatest potential to mask effects of variants in the Hcy 

metabolism pathway genes. This is due to the fact that patients with a genetic susceptibility toward 

hyperhomocysteinemia may have abrogated the effect by a high-folate intake that lowered EH risk 

and masked their underlying genetic risk. This could be addressed through future studies which 

measure and control for dietary folate intake.  
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9.3 Pooled DNA GWAS 

In recent years, the number of genome-wide association studies investigating complex diseases, 

including essential hypertension, has exponentially increased due to the ability of GWAS to 

investigate thousands of markers simultaneously.136 To date, nine GWAS have been published on EH 

and a number of GWAS focussing on SBP, DBP, MAP and PP have also been undertaken. These 

studies include GWAS performed on large population cohorts, including the WTCCC,138 the CHARGE 

Consortium,140 and the ICBP-GWAS.141 Although not all GWAS in EH have reported markers passing 

genome-wide significance levels, there has been some success in replicating a few gene hits across 

multiple studies, including the genes HFE, FES, SLC39A8, ARHGAP42, CDH13, ATP2B1, ZNF831, 

CACNB2. 

 

However, even with a sharp fall in the cost of SNP arrays within the last 5 years, GWAS using high 

density SNP arrays remain fairly expensive for most research groups;190 a hurdle that can be 

overcome by utilising a DNA pooling approach,184-186, 190 where all case samples are pooled together 

in one group and all control samples are pooled together in another group and the pools are then 

run on a smaller number of arrays than required for individual sample GWAS. The only disadvantage 

of this approach is that genotype frequencies cannot be obtained for the markers, as only pooling 

allele frequencies for case and control pools can be calculated from the raw fluorescence data, a 

process termed “allelotyping”. However, since the ultimate goal of case-control association studies is 

to find which allele is more common in the disease group than in the control group, and association 

tests can be performed at the allele level, allelotyping is a much cheaper way of achieving that 

goal.185, 191 Subsequently, validation of allelotyping results and confirmation of disease association in 

the population studied is obtained by genotyping individual samples for a small subset of markers 

prioritized by GWAS results. Studies have typically shown that pool allelotyping can estimate true 

allele frequencies with high accuracy,257 and thus pooled DNA GWAS have become more frequently 

employed.  
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This study is the first pooled DNA GWAS performed on EH or BP-related traits. 409 hypertensive DNA 

samples were pooled into one group (case pool) and 409 age-, sex- and ethnicity-matched 

normotensive DNA samples were pooled into another group (control pool) after DNA extraction, 

purification and quantitation. Each pool was run in four replicates on Illumina 1M-Duo arrays 

according to manufacturer’s protocol. Raw fluorescence intensity data files was collected for each 

array and sent to collaborators at QIMR where the data was analysed. The data underwent a 

number of quality control (QC) checks before pooled allele frequencies for the case and control 

groups were calculated for each marker that passed QC. Finally, each marker was assessed for 

association by computing a T-statistic which follows a χ2 distribution, from which p-values were 

obtained.  

 

Power calculations showed that this study had 80% or more power to detect markers of small to 

moderate effect sizes. The GWAS results showed that although no markers achieved genome-wide 

significance, several markers were close to significance: rs34870220 flanking the 5’ UTR of ASGR1 

(4.32 X 10-7), rs4836667 in an intron of PRRX2 (5.54 X 10-7), rs1928277 in an intron of NHSL1 (6.76 X 

10-7), rs1599961 in an intron of NFKB1 (6.86 X 10-7), rs11170043 flanking the 5’ UTR of KRT7 (7.09 X 

10-7), rs12711538 in an exon of GLI2 (7.72 X 10-7) and rs11177752 flanking the 5’ UTR of LRRC10 

(8.08 X 10-7). None of the genes linked to these top 10 markers have previously been investigated 

with respect to hypertension or cardiovascular diseases, except NFKB1, which has been examined in 

both cardiomyopathy262 and endothelial dysfunction.263  

 

Additionally, none of the previously investigated hypertension genes were found to be present in 

the top 30 markers of our GWAS. However, the gene CDH13, which has previously been associated 

with EH,143 and also with SBP250 was found to be present in the top 200 markers or top 0.025% of our 

dataset (representing 176 genes). Moreover, 34 of the 79 previously described hypertension genes 

was found to be present in the top 5% of markers (top 41,257 markers, p < 0.05). It is also of note to 
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mention that there was a disproportionate number of previously reported EH genes in the top 

10,000, top 5,000 and top 1,000 than would have been expected by chance only. Sorting the top 

markers with p < 1 X 10-4 by gene and counting the number of hits per gene resulting in NFKB1 being 

ranked first with 4 hits, followed by ODZ2 and GAB2 with 3 hits each, GLI2, LOC100420968, NCKAP5, 

ZMIZ1, FREM2, NRXN3, LOC646538, LOC388458, DYX1C1 and BNC2 with 2 hits each and all 

remaining 162 genes with single hits. LD structure analysis of the top 5 genes using LocusZoom 

revealed two separate association signals for ODZ2 and GAB2 and one signal for NFKB1, GLI2 and 

LOC100420968, albeit the signal at LOC100420968 being a weak one. 

 

Combining our dataset with the WTCCC summary dataset did not result in any marker reaching 

genome-wide significance but 8 more markers approached genome-wide significance: rs9355850 in 

an intron of ZDHHC14 (p = 1.55 X 10-7), rs11024327 in an intron of OTOG (p = 2.20 X 10-7), rs893881 

flanking the 5’ UTR of NEBL (p = 2.45 X 10-7), rs7574068 flanking the 3’ UTR of LOC100420968 (p = 

5.10 X 10-7), rs17201619 flanking the 3’ UTR of WSCD1 (p = 5.53 X 10-7), rs1534357 in an intron of 

CYP39A1 (p = 8.84 X 10-7), rs1437897 in an intron of NCKAP5 (p = 9.54 X 10-7) and rs9549691 in an 

intron of PCID2 (p = 9.64 X 10-7). Of the top five markers from the Australian cohort study, the 

second, third, and fifth markers do not currently appear to have any involvement in EH, BP 

maintenance, or cardiovascular disease. However, the other two top 5 GWAS hits, the top marker in 

ASGR1 and the fourth marker in NFKB1, appear to be more interesting, particularly NFKB1, as it 

contained four top 200 GWAS markers that were all shown to be in strong LD, suggesting that the 

top association signal is a genuine one. The gene ASGR1 (asialoglycoprotein receptor 1) encodes a 

subunit of the asialoglycoprotein (ASG) receptor and mediates the endocytosis and degradation of 

plasma glycoproteins. A possible involvement for ASGR1 in endothelial damage is suggested by the 

fact that the ASG receptor was reported to clear von Willebrand factor (vWF), which is increased 

when endothelial damage has occurred and which plays a role in responding to endothelial damage 

and promoting platelet aggregation.228 The gene NFKB1 (nuclear factor of kappa light polypeptide 
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gene enhancer in B-cells 1 encodes a 105 kD transcription factor involved in a huge number of 

signalling pathways, and has been implicated in both cardiomyopathy262 and endothelial 

dysfunction.263 These two identified hits in ASGR1 and NFKB1 thus appear to be strong candidates 

for further investigation and validation in relation to EH. 

 

Of the top five markers in the combined cohort, all but the fourth marker appear not to have any 

potential link to EH or BP regulation. The NEBL (Nebulette) gene, which contains the fourth marker 

rs893881, encodes a nebulin-like protein expressed in cardiac muscle cells. It binds actin and 

interacts with proteins in striated muscles which are linked to the thin filaments at the Z-line of the 

sarcomere. It is exclusively expressed in cardiomyocytes and myofibrils270 and is essential for 

appropriate organisation and contractibility of myofibrils.271 Moreover, missense mutations in NEBL 

cause mice to develop cardiomyopathies,272 which may be due to calcium signalling interference in 

myocytes.273 Because NEBL affects the cardiac muscle, this suggests a clear mechanism by which BP 

could be influenced, making NEBL another interesting novel candidate for further investigation in 

relation to EH. 

 

In summary, both the Australian cohort GWAS using a pooling approach, and the combined analysis, 

have identified a number of strong candidate genes for EH involvement. However, a major limitation 

of the initial GWAS was low power to detect associated variants with very small effect sizes, and an 

additional minor loss of power due to the use of a pooling approach. Power may be increased for 

pooling approaches by increasing the number of pool replicates used while still minimizing study 

costs, and overall power to detect small-effect variants may be increased by enlarging study 

population numbers through the inclusion of other cohort data. The inclusion of the WTCCC EH 

GWAS data in this analysis showed that marker significance increased with the larger dataset, 

indicating increased power; however, multiple other datasets for large cohorts are available, and 

could be obtained for future analyses. The limitation this approach to increasing power is that 



260 
 

combining multiple large disparate cohorts can proportionally decrease power as study 

heterogeneity increases. Further, matching ethnicity in combinations of large cohorts can become 

problematic, requiring examination of population substructures and inclusion of controlling variables 

into the analysis. On the other hand, power may also be enhanced in future studies using outcome 

enrichment, either by using quantitative measures of BP as the phenotype or by using extreme case-

control phenotypes (i.e. only EH cases with severe hypertension and controls with low normal BP). 

Additionally, in the long-term, the value of novel genes identified in GWAS should be assessed by the 

replication of detected associations in independent populations, which still remains the gold 

standard for proving important associations of genes with complex traits. 

 

9.4 Pooled DNA GWAS Validation 

Genome-wide association studies have produced a vast number of associated SNPs but to date only 

a small number of these have been successfully replicated in independent studies. Even with highly 

conservative and stringent multiple testing corrections for GWAS, it seems likely that a proportion of 

these non-replicated associations are in fact false positives despite ranking amongst highly 

significant GWAS hits. The likelihood of detecting false positive associations is compounded by a 

pooling approach where pooling errors due to pool construction and array hybridisation199 may 

contribute to spurious associations. Though replicate arrays can be used to decrease errors in allele 

frequencies by array error, it is necessary to validate top hits from pooled DNA GWAS by individually 

genotyping samples on a selected number of validation marker. Allele frequencies obtained from the 

pools can then be compared with allele frequencies obtained from individual genotyping,186 and 

genotype and allele frequencies compared between cases and controls to validate association with 

the trait under investigation. We therefore selected four marker from within the top 10 GWAS hits 

for validation of the EH GWAS study described above. These markers were: rs1928277, located in an 

intron of NHSL1 on chromosome 6; rs1599961, located in an intron of NFKB1 on chromosome 4; 
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rs12711538, coding for a non-synonymous amino acid substitution in GLI2 on chromosome 2; and 

rs11177752, located approximately 5kb from the 5’ UTR of LRRC10 on chromosome 12.  

 

All four markers were genotyped by TaqMan® SNP genotyping assays in the individual samples that 

comprised the DNA pools in the case-control cohort and their association with EH was assessed by 

chi-square analysis or by CLUMP if low counts were obtained for any genotype. All case and control 

groups for each marker conformed to Hardy-Weinberg equilibrium, with the exception of the NHSL1 

case group. For every marker, the observed minor allele frequency for both the case and control 

groups conformed well with expected frequencies as determined by the Hap-Map CEU reference 

population (NHSL1 T allele 9%; LRRC10 – G allele 14.5%; GLI2 – G allele 31%; NFKB1 – A allele 47%) 

and the WTCCC Release 2 controls (NHSL1 T allele 6%; LRRC10 – G allele 18.1%, GLI2 – G allele 27%; 

NFKB1 – A allele 40%). The NHSL1 marker was found to have TT genotype frequency of 1.3% for 

cases and 0% (no observations) for controls, with the T allele frequency 6.0% in both the case and 

control groups. The LRRC10 marker was found to have GG genotype frequencies of 4.4% for cases 

and 3.0% for controls, with the G allele having a frequency of 19.0% in cases and 17.6% in controls. 

Both the NHSL1 marker and LRRC10 showed no statistically significant difference between cases and 

controls for either the genotype frequencies (NHSL1 p = 0.23; LRRC10 p = 0.61) or the allele 

frequencies (NHSL1 p = 0.77; LRRC10 p = 0.48). However, there was a statistically significant 

difference between both cases and controls for both GLI2 and NFKB1, for both the genotype 

frequencies (GLI2 p = 0.004; NFKB1 p = 0.04) and allele frequencies (GLI2 p = 0.001; NFKB1 p = 0.01). 

Although these markers were not significant at the genome-wide significance level of p < 5 X 10-8, 

they were ranked in the top 10 GWAS hits, and were both p < 1 X 10-6. The GLI2 marker was found to 

have GG genotype frequency of 12.8% for cases and 6.7% for controls, with a G allele frequency of 

33.2% for cases and 25.8% for controls. The NFKB1 marker was found to have AA genotype 

frequency of 20.5% for controls and 14.9% for cases, with the A allele frequency of 44.2% for 

controls compared with 37.9% for cases.  
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As GLI2 and NFKB1 markers have not been previously investigated with respect to EH susceptibility, 

this finding presents two novel associated candidate genes for EH, ranked in the top 10 hits by a 

pooled DNA GWAS approach and validated by individual genotyping. This highlights the advantage of 

the GWAS approach in its potential to identify novel susceptibility genes and the potential of the 

pooling approach to detect true associations while reducing study costs dramatically. In addition to 

validation in this study, the functional roles of GLI2 and NFKB1 strongly suggest a possible 

mechanism by which they might be involved in EH development: for GLI2, through the mediation of 

the Sonic hedgehog (Shh) signalling pathway—which is linked to vascular remodelling and cardiac 

muscle development—and for NFKB1, through instigation of nitric oxide synthase (NOS3) expression 

—which leads to increased levels of the vasodilatory substance nitric oxide—in vascular endothelial 

cells in response to laminar shear stress.285 The association of GLI2 and NFKB1 markers in this study 

reveals two novel biologically interesting and plausible candidate genes for further investigation with 

EH, either with association replication studies or functional studies investigating the biochemical 

mechanism by which these genes may modulate blood pressure. A pooled DNA GWAS has therefore 

proven to be a highly cost-effective method to successfully create new valid hypotheses (novel 

candidate genes) to prioritise for follow-up studies of essential hypertension. 

 

Case and control allele frequencies were also compared between individual genotyping and pool 

allelotyping to assess pooling allele frequency accuracy, for both each marker’s raw allele frequency 

and case-control difference direction, as well as the overall correlation of allele frequencies. 

Comparisons were performed using the allele frequencies both from the validation markers and the 

genotype data from our Hcy candidate gene approach. 

 

Overall correlation between pool-estimated allele frequencies and individually genotyped allele 

frequencies was very high for the control group (R = 0.93), conforming to correlation figures 

reported in other studies (generally R > 0.9), though a considerably lower correlation was observed 
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for the case group due to outliers (R = 0.36). This may be due to the fact that fewer than ten markers 

were individually genotyped, and could be re-evaluated if more markers are selected for validation 

in later studies. Although raw allele frequency and case-control difference comparisons showed that 

pool allelotyping tended to overestimate both the raw allele frequency and the difference between 

cases and controls to a variable degree, this is also consistent with what has been reported in 

previous studies. This proportion of validated associations (50% or 2/4) was also found to be similar 

to a prior pooled GWAS,277 which found that approximately 15% (6/41) of SNPs were validated by 

individual typing, showing that our study obtained a reasonable success rate for validated SNPs 

comparable to that reported in other recent pooled GWAS. More importantly, the pooled DNA 

GWAS approach provided a cost-effective and efficient means to identify potential new EH 

candidate genes, such as GLI2 and NFKB1, for further analysis. These validated markers should be 

investigated in an independent replication population to confirm association. These genes may also 

be screened for functional or regulatory variants within the genes which may prove to influence 

gene function or expression, if functional and expression studies are undertaken. Future studies 

should also investigate other markers prioritised by the GWAS results, such as the gene NEBL 

identified by the combined analysis, to further investigate all putative EH candidates suggested by 

the GWAS analyses. 

 

9.5 GWAS Pathway Analyses 

GWAS success in identifying genetic aetiology has not been as fruitful as expected due to the 

multiple testing correction that needs to be implemented to control for false positives. The use of 

the stringent Bonferroni correction drastically reduces power to detect genuine associations, a 

typical case of throwing out the baby with the bath water. This drop in statistical power therefore 

decreases the number of positively associated markers from any given GWAS to a relatively small 

number, and suggests that many biologically important loci of moderate effect size may go 
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undetected.219, 220 Even markers which are statistically associated at the genome-wide significance 

level often seem difficult to be interpreted in a biologically meaningful context.  

 

Pathway analysis is being widely used to overcome these inherent GWAS problems. It can help make 

sense of GWAS results by increasing power to detect biologically important pathways and increasing 

the ability to detect moderately associated genes.219, 221 Since fewer pathways are tested in a 

pathway analysis compared to the millions of markers tested in a typical GWAS, the Bonferroni 

correction of a pathway analysis, results in a less stringent α threshold. Many studies have already 

implemented pathway analysis of GWAS results including for Parkinson’s disease,286 

dyslipidaemia,287 type II diabetes,288 Crohn’s disease,287, 289 and multiple sclerosis.290 Pathway analysis 

has successfully identified known pathways and processes in these studies (i.e. inflammatory 

pathways in Crohn’s disease), as well as novel pathways that might putatively be involved in disease 

development. Pathway associations are usually determined by combining association signals from 

high to moderately-associated markers into pathway test statistics for a group of related genes and 

the statistical significance of the associated pathways are most of the time determined by 

permutation. 

 

Although there is a plethora of pathway analysis tools available for analysing GWAS, there is a 

limited number of tools for assessing pooled DNA GWAS. In this study, three different pathway 

analysis programs were used: MAGENTA,221 ALIGATOR292 and GSA-SNP.219 All three programs make 

use of summary level data instead of genotype data as their input and are thus fitting to analyse 

pooled DNA GWAS. Both the Australian cohort GWAS dataset and the combined Australian and 

WTCCC dataset were analysed and the top pathways were compared to the Cardiovascular Gene 

Ontology database whenever possible to confirm whether they were cardiovascular-associated 

pathways. 
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MAGENTA analysis of the Australian cohort at the 95th percentile cut-off resulted in two pathways 

reaching significance: “Trafficking of AMPA receptors” (p = 0.0001, FDR = 0.04) and “ARE-NRF2 

pathway” (p = 0.0003, FDR = 0.02). The pathway “Ionotropic activity of kainate receptors” almost 

reached significance, and appeared to be linked to the AMPA receptor trafficking pathway, due to 

both type of receptors being present in the rostral ventrolateral medulla (RVLM). They also seemed 

to be the most interesting and relevant in relation to EH, given that a core network of neurons in the 

RVLM control BP.46 The “ARE-NRF2” pathway also seem to be directly related to EH given that 

activation of the pathway has been shown to protect endothelial cells from oxidant injury while also 

inhibiting inflammatory gene expression.304 MAGENTA analysis of the same cohort at the 75th 

percentile cut-off resulted in six pathways reaching significance, four of which were related to the 

complement system. This appeared to be the most interesting finding for the 75th percentile 

analysis, as three other top 20 pathways were also related to the complement system, resulting in a 

total of seven complement pathways in the top 20.  

 

As findings from a previously published longitudinal study also suggested the involvement of 

complement C3 in higher risk of hypertension,305 and as two pathways, “Complement cascade” 

(REACTOME) and “Complement pathway” (BIOCARTA) were common between the Australian and 

combined cohorts at the 75th percentile cut-off, these complement-related pathways were 

considered to be extremely strong novel candidate pathways for EH. No significant pathways from 

the MAGENTA analysis of the combined (Australian and WTCCC) cohort at the 95th percentile cut-off 

were detected, though some top 20 pathways did seem to be related to known BP regulation 

mechanisms, and two significant pathways were detected in the 75th percentile cut-off analysis: 

“Actin filament polymerisation” (GOTERM: p = 0.0001 and FDR = 0.049) and “Insulin/IGF pathway – 

protein kinase B signalling cascade” (PANTHER: p = 0.003 and FDR = 0.03).  
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ALIGATOR analysis of both cohorts resulted in two interesting sets of pathways, firstly, two highly-

ranked embryonic pathways related to neural and artery development, and six vesicle trafficking 

pathways within the top 20 of the Australian cohort and three common pathways within the 

combined cohort. For the embryonic pathways, the hypothesis that the embryonic environment 

affects EH risk, otherwise known as “foetal programming”, has been previously proposed for 

cardiovascular diseases,295, 296 and has been shown to impact key BP regulatory systems (i.e. RAAS, 

kidney development)295 in animal studies. For the vesicle trafficking pathways, though the six 

pathways appear to overlap in function somewhat, the association signal for vesicle-related 

pathways seems to be strong for both cohorts, and it has been proposed that vesicle pathways may 

impact BP through the dysregulation of catecholamine neurotransmitters, which are stored in pre-

synaptic vesicles and increase both heart rate and blood pressure when released.297  

 

GSA-SNP pathway analysis of both cohorts resulted in one major set of six related pathways—five of 

which were common to both cohorts—which belonged to the superfamily of small GTPase-mediated 

signalling, specifically, Rho/Ras GTPase regulatory pathways. The Ras GTPase pathways may affect 

BP by dysregulating signal transduction pathways and have been implicated in EH progression in 

spontaneously-hypertensive rats,303 while the Rho GTPase pathways may affect BP by impacting cell 

morphology,298, 299 vascular remodelling,300 and regulation of smooth muscle contraction.301 These 

pathways thus seem to have strong general evidence to support a link to EH, despite the fact that 

they have not been studied in EH susceptibility in humans.  

 

Thus, the identification of a number of promising and suggestive pathways from each of the three 

softwares highlights the success of the pathway analysis approach at prioritising candidate avenues 

of inquiry from GWAS data. Further, it is possible that comparisons between the pathway analysis 

methods may simplify prioritisation even further, as common pathways detected between 

platforms, despite the differences in ranking methods, may indicate that shared pathways have a 
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particularly important association signal. Upon comparison between platforms, two top 20 pathways 

were found to be shared between at least two platforms for the Australian dataset, one of which is 

related to regulation of cyclic-AMP signalling through cAMP phosphodiesterases, and the other 

which is related to endocytic vesicle trafficking; however, it remains to be seen whether these 

pathways will show replication in future EH pathway analyses. Additionally, it appears that many of 

the pathways detected in the top 20 hits of the different platforms were from related sets of 

pathways, and while this may suggest a strong association signal, it may also indicate a significant 

amount of overlap between pathways interrogated in the analysis. Further studies may opt to limit 

the number of pathways analysed to a pre-selected subset of pathways of interest, resulting in an 

increase in analysis power. In particular, this subset of analysed pathways may include broad 

biological processes known to be involved with the cardiovascular system; however, while this a 

priori selection approach may increase power, it will decrease the ability to detect novel pathways. 

Alternatively, power may also be increased by incorporating other EH GWAS datasets into future 

pathway analyses. 

 

Overall, the pathway analyses of both the Australian cohort and the combined GWAS data have 

identified a number of significant pathways with plausible connections to essential hypertension 

using three alternative pathway analysis software tools. Clearly, future studies must examine the 

genes within these pathways for association with EH as well as investigating the biological process by 

which these pathways may influence BP. Moreover, a growing number of studies investigating the 

transcriptome using RNA-Seq technologies have shown that non-coding regulatory elements may 

account for many of the highly-associated GWAS SNP markers with unknown impact. While pathway 

analysis can enrich GWAS results, it only has the capability to capture information on regulatory 

SNPs near gene boundaries (within 110kb for MAGENTA and 20kb for ALIGATOR and GSA-SNP). This 

may capture cis-acting regulatory elements within the gene itself (in intronic regions), in the 5’ UTR 

or 3’ UTR, or in relatively close proximity to the UTRs, but would fail to capture the estimated one-
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third of GWAS associated markers located in non-coding intervals.306 The further examination of 

these markers by integrating GWAS data with RNA-Seq data and expression data may then have the 

potential to further enrich GWAS analysis in EH studies. In fact, a 2010 study found that SNPs 

identified in the WTCCC GWAS are significantly more likely to be part of expression quantitative trait 

loci (eQTL),269 even for the WTCCC EH dataset. This suggests that the lack of success in identification 

of EH susceptibility genes from GWAS and the “missing heritability” issue in GWAS in general may be 

due to the fact that non-coding regulatory elements have largely been overlooked as contributors in 

disease variability. GWAS in itself is limited in its capacity to further investigate this hypothesis, but 

integration of GWAS results with RNA-Seq data or expression data (the “Systems Biology” approach) 

appears to be the way forward in elucidating the genetic aetiology of EH and other complex 

diseases. Future studies should therefore aim to collect both DNA and RNA samples for large-scale 

association studies, with the genome and the transcriptome analysed in conjunction in order to yield 

a sum of findings greater than either of the parts.  

 

9.6 Overall Findings 

Although demographic, clinical, and environmental factors are known to increase BP and EH risk, it is 

still largely unclear why, with all other factors being equal, some individuals have higher EH 

susceptibility. The purpose of this research was to help elucidate the underlying genetic factors that 

may contribute to EH susceptibility, whether they be candidate genes within a pathway, markers 

across the genome, or general pathways and biological processes. The study of genes within the 

homocysteine metabolism pathway, some of which have been widely tested for association with EH 

albeit with conflicting results, has found no significant association of any of the Hcy pathway 

markers tested, while an interaction analysis of Hcy pathway markers has revealed no evidence for 

statistically significant interaction among markers either. 
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Conversely, the genome-wide association study conducted on an Australian case-control EH 

population has identified seven markers in seven different novel EH genes as approaching genome-

wide significance threshold (p < 1 X 10-6), a number of which contain multiple top GWAS hits are 

therefore strong candidates for follow-up. The validation study confirmed the association of two of 

these top seven GWAS markers—in the genes GLI2 and NFKB1—with EH, through the genotyping of 

individual samples in the Australian case-control cohort. This research demonstrates that GWAS 

using a pooling approach is both a reliable and highly-cost effective method of identifying novel EH 

susceptibility genes. Further, it has shown that incorporation of a GWAS data from larger cohorts 

can improve the power and strengthen the significance of a number of markers, including PRRX2 and 

LRRC10, top hits of both analyses. Lastly, the use of GWAS data from both Australian and combined 

datasets in a range of different pathway analysis platforms has shown to be a highly useful tool at 

prioritising pathways for further investigation, detecting many interesting related sets of pathways. 

In particular, the strongest candidate pathways detected relate to ionotropic glutamate receptors, 

complement cascades, vesicle trafficking, and Rho/Ras GTPases, all of which appear to have 

potential to affect BP and thus EH.  

 

Thus, this research has provided further evidence on a well-studied set of Hcy pathway candidate 

genes, detected two validated associations in novel genes using a pooled DNA GWAS approach, and 

identified a number of potentially novel pathways for further investigation with EH. Additionally, 

integration of GWAS, pathway, and transcriptome data appears to be a growing and promising 

strategy for future studies, and should provide a clearer understanding of the hitherto-elusive 

genetic aetiology of EH.  
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Table A1 – GWAS results for Australian Cohort (p < 1 X 10-4) 

Marker rs ID Region Closest Gene Context GWAS p-value Rank 
rs34870220 17p13.2 ASGR1 flanking_5UTR 4.32E-07 1 
rs4836667 9q34.1 PRRX2 intron 5.54E-07 2 
rs1928277 6q23.3 NHSL1 intron 6.76E-07 3 
rs1599961 4q24 NFKB1 intron 6.86E-07 4 

rs11170043 12q13.13 KRT7 flanking_5UTR 7.09E-07 5 
rs12711538 2q14 GLI2 coding 7.72E-07 6 
rs11177752 12q15 LRRC10 flanking_5UTR 8.08E-07 7 
rs7574068 2p12 LOC100420968 flanking_3UTR 1.35E-06 8 
rs1437897 2q21.2 NCKAP5 intron 1.42E-06 9 
rs6576745 1p22.3 WDR63 intron 1.58E-06 10 
rs1012873 3q26.33 PEX5L flanking_3UTR 2.29E-06 11 
rs8044957 16q23.3 LOC729847 intron 2.90E-06 12 

rs17823706 18q22.1 DSEL flanking_3UTR 2.96E-06 13 
rs9293231 5p14 CDH9 flanking_3UTR 3.47E-06 14 
rs9918611 7q34 KIAA1549 intron 3.54E-06 15 
rs3001167 1q31.3 LOC647167 flanking_3UTR 3.92E-06 16 
rs8049010 16p13.1 ABCC1 intron 4.14E-06 17 

rs11002865 10q22.3 ZMIZ1 intron 4.84E-06 18 
rs131842 22q13.1 CSF2RB flanking_3UTR 5.17E-06 19 

rs4474466 11q14.1 NARS2 intron 5.83E-06 20 
rs7671480 4q13.2 UGT2B11 flanking_3UTR 6.64E-06 21 

rs11134466 5q34 ODZ2 intron 6.77E-06 22 
rs13128919 4q24 EMCN flanking_5UTR 7.27E-06 23 
rs7107174 11q14.1 GAB2 intron 7.91E-06 24 

rs12020645 13q13.3 FREM2 intron 8.14E-06 25 
rs4512347 8q22.3 SLC25A32 flanking_3UTR 8.17E-06 26 
rs154316 14q31 NRXN3 intron 8.67E-06 27 

rs9895330 17q12 CCL1 flanking_5UTR 8.73E-06 28 
rs12550012 8q22.2 STK3 intron 8.93E-06 29 
rs10786658 10q24.32 C10orf76 intron 9.40E-06 30 
rs1823068 5q12 PDE4D intron 1.00E-05 31 
rs3745784 19q12 TSHZ3 coding 1.00E-05 32 

rs13134336 4q13.2 CENPC1 flanking_3UTR 1.08E-05 33 
rs17105542 1p31.1 LOC646538 flanking_3UTR 1.12E-05 34 
rs12327760 19p13.3 MUM1 flanking_5UTR 1.12E-05 35 
rs8046875 16q22.3 CDH13 intron 1.18E-05 36 
rs656556 13q32.2 FARP1 intron 1.19E-05 37 
rs644110 6q26 MAP3K4 intron 1.21E-05 38 

rs4553651 16q21 LOC729226 flanking_5UTR 1.23E-05 39 
rs2281675 6q21 HDAC2 flanking_5UTR 1.25E-05 40 
rs9904110 17q11.1 LOC645668 flanking_3UTR 1.43E-05 41 
rs7258844 19p13.12 PKN1 intron 1.60E-05 42 
rs9403663 6q24 UTRN flanking_3UTR 1.62E-05 43 
rs4547428 18p11.31 LOC388458 intron 1.67E-05 44 

rs10963809 9p21.3 ADAMTSL1 intron 1.67E-05 45 
rs13276862 8q24.3 PPP1R16A flanking_5UTR 1.72E-05 46 
rs9846032 3p12 HTR1F flanking_5UTR 1.73E-05 47 
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rs7512951 1q24.2 TBX19 flanking_3UTR 1.75E-05 48 
rs4941897 13q13.3 FREM2 intron 1.78E-05 49 
rs4869078 5q34 ODZ2 intron 1.88E-05 50 
rs8040756 15q21.3 DYX1C1 intron 1.92E-05 51 
rs9549691 13q34 PCID2 intron 2.10E-05 52 

rs10846641 12q24.31 FAM101A flanking_5UTR 2.16E-05 53 
rs755340 17q25 CARD14 intron 2.17E-05 54 

rs9562766 13q14.2 LOC730174 flanking_5UTR 2.17E-05 55 
rs7002953 8q13.1 MTFR1 intron 2.19E-05 56 
rs857552 21q22.3 SNF1LK flanking_3UTR 2.21E-05 57 

rs7694687 4p16.3 HTT flanking_5UTR 2.38E-05 58 
rs6119834 20q11 ASXL1 flanking_5UTR 2.39E-05 59 
rs1562475 3q21.3 ALDH1L1 intron 2.43E-05 60 
rs7827959 8p23.2 CSMD1 flanking_5UTR 2.43E-05 61 
rs1839501 9p21 ELAVL2 flanking_5UTR 2.44E-05 62 

rs17239350 19q13.42 BIRC8 flanking_5UTR 2.44E-05 63 
rs13028056 2p13.3 DYSF intron 2.47E-05 64 
rs2109057 17p12 LOC441781 flanking_5UTR 2.48E-05 65 
rs1862044 12q13 LIMA1 intron 2.57E-05 66 
rs3743204 15q21.3 DYX1C1 intron 2.68E-05 67 
rs865443 1p12 FAM46C coding 2.72E-05 68 

rs2387333 8q22.2 NCALD flanking_5UTR 2.72E-05 69 
rs6700383 1q44 OR2M5 flanking_3UTR 2.79E-05 70 

rs10741329 11q14.3 LOC399942 flanking_5UTR 2.81E-05 71 
rs10490932 10q22-q23 NRG3 intron 2.86E-05 72 
rs12367337 12q21.1 LOC387869 flanking_3UTR 2.88E-05 73 
rs7749469 6q16.3 GRIK2 intron 2.94E-05 74 
rs442266 5q32 LOC728264 intron 2.98E-05 75 

rs16824299 2q21.2 NCKAP5 intron 3.02E-05 76 
rs6812086 4p14 PGM2 intron 3.02E-05 77 

rs41313155 19p13.11 GATAD2A 3UTR 3.07E-05 78 
rs1338133 1p31.1 LOC646538 flanking_3UTR 3.16E-05 79 

rs10748733 10q23-q24 HPSE2 intron 3.24E-05 80 
rs2511175 11q14.1 GAB2 intron 3.36E-05 81 

rs17793486 8q12.1 IMPAD1 flanking_5UTR 3.43E-05 82 
rs1698187 11q23.3 LOC283143 flanking_3UTR 3.49E-05 83 
rs776701 15q15.1 PLA2G4D flanking_3UTR 3.50E-05 84 

rs6856915 4q26 CAMK2D intron 3.55E-05 85 
rs2428936 7q21 MAGI2 intron 3.56E-05 86 
rs2540495 12q22 LTA4H intron 3.65E-05 87 

rs10237097 7q21.12 SLC25A40 intron 3.70E-05 88 
rs2514760 8q24.11 LOC728879 flanking_3UTR 3.76E-05 89 

rs10107514 8q11.21 C8orf62 flanking_5UTR 3.82E-05 90 
rs12684188 9q32 SVEP1 intron 3.91E-05 91 

rs230519 4q24 NFKB1 intron 3.92E-05 92 
rs550662 3q25.33-q26 IL12A flanking_5UTR 4.01E-05 93 
rs749460 2q21.3 TMEM163 intron 4.09E-05 94 
rs230525 4q24 NFKB1 intron 4.17E-05 95 

rs7228358 18p11.31 LOC642597 flanking_3UTR 4.20E-05 96 
rs7704440 5q34 LOC391844 flanking_5UTR 4.21E-05 97 
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rs10810331 9p24.3 DMRT2 flanking_3UTR 4.23E-05 98 
rs11152977 6q21 ATG5 flanking_5UTR 4.38E-05 99 
rs8178843 17q23-qter APOH intron 4.44E-05 100 

rs17741142 8q21.2 CA13 flanking_3UTR 4.47E-05 101 
rs11165594 1p33-p32 TGFBR3 intron 4.62E-05 102 
rs1940400 11q25 OPCML intron 4.62E-05 103 
rs738322 22q13.1 PLA2G6 intron 4.68E-05 104 

rs7168178 15q21.3 ZNF280D intron 4.71E-05 105 
rs7188234 16p13.3 MMP25 coding 4.72E-05 106 
rs2574944 10q11.23 LOC728532 3UTR 4.72E-05 107 
rs134041 22q12.1 MN1 flanking_3UTR 4.84E-05 108 

rs1878516 2q14 GLI2 flanking_3UTR 4.91E-05 109 
rs2191390 16p13.3 A2BP1 intron 4.93E-05 110 
rs1014867 4q28.1 FAT4 coding 5.15E-05 111 

rs10786089 10q24 FER1L3 intron 5.23E-05 112 
rs1416312 1p31 PDE4B flanking_5UTR 5.25E-05 113 
rs1381466 11q22.3 ZC3H12C intron 5.29E-05 114 
rs4682953 3p22.1 TRAK1 intron 5.35E-05 115 
rs2341435 13q31.1 LOC387939 flanking_5UTR 5.36E-05 116 
rs4918079 10q24.3 COL17A1 coding 5.39E-05 117 
rs9810264 3p25.1 LOC728721 flanking_5UTR 5.44E-05 118 
rs7192948 16q23.2 PKD1L2 coding 5.45E-05 119 
rs3135500 16q21 NOD2 3UTR 5.47E-05 120 
rs7854653 9p22.2 BNC2 intron 5.55E-05 121 
rs1539445 10p15.1 ASB13 flanking_3UTR 5.74E-05 122 
rs351187 15q24.1 CCDC33 flanking_5UTR 5.79E-05 123 

rs6716984 2p16.3 LOC285053 flanking_3UTR 5.80E-05 124 
rs6485550 11p11.2 CD82 intron 5.90E-05 125 

rs12615223 2p16.1 LOC730134 flanking_3UTR 5.93E-05 126 
rs13043478 20q13.33 LSM14B flanking_5UTR 6.00E-05 127 
rs4441387 19q12 CCNE1 flanking_3UTR 6.04E-05 128 
rs8177751 10p15.1 IL15RA flanking_5UTR 6.15E-05 129 

rs17479230 10q23-q24 TMEM10 intron 6.24E-05 130 
rs10014431 4p11 SLAIN2 intron 6.26E-05 131 
rs9861357 3p24.2 UBE2E1 flanking_5UTR 6.27E-05 132 

rs10483908 14q31 NRXN3 intron 6.33E-05 133 
rs7534846 1p13.2 TSPAN2 flanking_5UTR 6.43E-05 134 
rs6555623 5p15 TAS2R1 flanking_5UTR 6.44E-05 135 
rs7301855 12p11.22 TMTC1 intron 6.52E-05 136 
rs1820452 18p11.31 LOC645387 flanking_5UTR 6.67E-05 137 

rs12957244 18q22.3 C18orf51 flanking_3UTR 6.70E-05 138 
rs1477284 5q34 ODZ2 intron 6.73E-05 139 
rs9354637 6q12 LOC728052 flanking_3UTR 6.77E-05 140 
rs7829839 8q22.3 LOC644103 flanking_5UTR 6.78E-05 141 

rs10225212 7q31.3 PTPRZ1 intron 6.82E-05 142 
rs9883142 3p26.1-p25.1 GRM7 intron 6.85E-05 143 

rs11603112 11q14.1 GAB2 flanking_5UTR 6.99E-05 144 
rs4613440 3p24-p23 GRIP2 coding 7.02E-05 145 

rs11006009 10q21.1 IPMK flanking_3UTR 7.03E-05 146 
rs1001170 16p13.3 NAGPA intron 7.04E-05 147 
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rs6480314 10q21.3 MYPN intron 7.15E-05 148 
rs17021733 2q12.3 LOC729121 flanking_3UTR 7.16E-05 149 
rs17126837 14q22-q23 BMP4 flanking_3UTR 7.22E-05 150 
rs10770741 12p12 SLCO1B3 flanking_5UTR 7.27E-05 151 

rs230535 4q24 NFKB1 intron 7.39E-05 152 
rs17177561 8q24.21 CCDC26 intron 7.43E-05 153 
rs17821052 11p15.5 TRIM3 intron 7.51E-05 154 
rs2083867 6q25.3 SLC22A1 flanking_3UTR 7.58E-05 155 
rs256441 5q13 THBS4 intron 7.64E-05 156 

rs4237493 10q26.11 GFRA1 intron 7.69E-05 157 
rs17227416 12q21.33 C12orf37 flanking_5UTR 7.73E-05 158 
rs10841019 12p12 PIK3C2G intron 7.85E-05 159 
rs10870538 12q24.33 CHFR flanking_5UTR 7.96E-05 160 
rs9320043 18 C18orf20 flanking_5UTR 7.97E-05 161 

rs17618669 13q14.3-q21.1 RPL13AP25 flanking_5UTR 7.98E-05 162 
rs17032441 1p13.2 SYT6 coding 8.01E-05 163 
rs7019385 9p22.3 SMARCA2 flanking_5UTR 8.04E-05 164 
rs459664 13q14.3-q21.1 RPL13AP25 flanking_5UTR 8.22E-05 165 
rs311329 6q25 VIP flanking_3UTR 8.32E-05 166 
rs241890 22q12.3 TIMP3 intron 8.37E-05 167 

rs7686071 4q34.1 LOC441052 flanking_3UTR 8.37E-05 168 
rs873884 8q24.3 KIAA1688 coding 8.42E-05 169 

rs17568078 2 LOC100420968 flanking_3UTR 8.43E-05 170 
rs1526649 2p12 LOC647275 flanking_5UTR 8.58E-05 171 
rs247967 3q26.31 NLGN1 intron 8.63E-05 172 

rs1157117 10q26 ATRNL1 intron 8.65E-05 173 
rs8039669 15q26.3 PCSK6 flanking_5UTR 8.70E-05 174 
rs1534357 6p21.1-p11.2 CYP39A1 intron 8.72E-05 175 
rs9324263 13q34 LOC729149 flanking_3UTR 8.83E-05 176 

rs11074616 16p12.1 CACNG3 intron 8.84E-05 177 
rs9326843 5q22.1 C5orf13 flanking_5UTR 8.86E-05 178 
rs870146 3q13.12 LOC100128733 flanking_3UTR 8.89E-05 179 
rs484677 1p36.1-p35 SLC9A1 flanking_3UTR 8.96E-05 180 

rs7170009 15q21.2 TNFAIP8L3 flanking_3UTR 8.97E-05 181 
rs7043361 9p22.2 BNC2 intron 8.98E-05 182 

rs73058659 7p22.1 USP42 coding 9.00E-05 183 
rs7261185 20q13.32 PHACTR3 intron 9.04E-05 184 

rs16937032 10q22.3 ZMIZ1 intron 9.34E-05 185 
rs9635859 18p11.31 LOC388458 flanking_5UTR 9.48E-05 186 
rs4756196 11p13 CD44 intron 9.68E-05 187 

rs11156870 14q11.2 OR5AU1 flanking_3UTR 9.73E-05 188 
rs758949 4p15.3-15.1 SOD3 flanking_5UTR 9.76E-05 189 

rs7658462 4p16.3 LOC345222 flanking_3UTR 9.82E-05 190 
rs7215730 17p12 LOC388339 flanking_5UTR 9.90E-05 191 
rs7949234 11p12 C11orf74 flanking_3UTR 9.95E-05 192 
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Table B1 - MAGENTA Analysis Results of GO DATABASE ONLY for Australian Cohort at the 95th Percentile Cut-Off  

DATABASE PATHWAY OGS EGS GSEA_P FDR EXP OBS 
GOTERM CELLULAR AMINO ACID BIOSYNTHETIC PROCESS 23 22 5.00E-04 5.73E-01 1 6 
GOTERM BIOSYNTHETIC PROCESS 49 44 1.00E-03 1.00E+00 2 8 
GOTERM TRANSPORTER ACTIVITY 291 255 2.20E-03 9.41E-01 13 24 
GOTERM NEUROBLAST PROLIFERATION 14 14 4.30E-03 8.15E-01 1 4 
GOTERM NEGATIVE REGULATION OF TRANSLATION 16 16 6.60E-03 7.73E-01 1 4 
GOTERM PROTEIN IMPORT INTO NUCLEUS 27 25 7.60E-03 8.63E-01 1 5 
GOTERM COMPLEMENT ACTIVATION, ALTERNATIVE PATHWAY 15 9 1.00E-02 7.38E-01 0 3 
GOTERM 3',5'-CYCLIC-AMP PHOSPHODIESTERASE ACTIVITY 9 9 1.02E-02 8.13E-01 0 3 
GOTERM HISTONE BINDING 42 39 1.02E-02 9.26E-01 2 6 
GOTERM FATTY ACID BINDING 18 18 1.08E-02 9.64E-01 1 4 
GOTERM RIBOSOMAL SMALL SUBUNIT BIOGENESIS 11 10 1.10E-02 8.02E-01 1 3 
GOTERM METAL ION TRANSPORT 20 19 1.31E-02 9.43E-01 1 4 
GOTERM NUCLEAR CHROMOSOME 24 20 1.41E-02 1.00E+00 1 4 
GOTERM ENDOCYTIC VESICLE MEMBRANE 22 21 1.80E-02 9.93E-01 1 4 
GOTERM AXONOGENESIS 60 57 1.89E-02 9.78E-01 3 7 
GOTERM MAP KINASE ACTIVITY 14 12 2.00E-02 9.65E-01 1 3 
GOTERM POSITIVE REGULATION OF CELL PROLIFERATION 278 263 2.02E-02 8.12E-01 13 21 
GOTERM NURD COMPLEX 14 13 2.19E-02 9.91E-01 1 3 
GOTERM UBIQUITIN-DEPENDENT PROTEIN CATABOLIC PROCESS 146 126 2.29E-02 9.44E-01 6 12 
GOTERM CYTOSOL 1264 1111 2.37E-02 7.85E-01 56 68 
Column headings are as follows: OGS - Original Gene-set; EGS - Effective Gene-set; GSEA_P - Gene-set Enrichment Analysis Nominal p-value;  
FDR - False Discovery Rate; EXP - Expected No of genes; OBS - Observed No of genes 
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Table B2 - MAGENTA Analysis Results of GO DATABASE ONLY for Combined Dataset at the 95th Percentile Cut-Off  
DATABASE PATHWAY OGS EGS GSEA_P FDR EXP OBS 
GOTERM STRIATED MUSCLE CONTRACTION 11 10 1.50E-03 3.66E-01 1 4 

GOTERM ATPASE ACTIVITY 132 121 2.20E-03 8.15E-01 6 14 

GOTERM CELL GROWTH 44 39 2.70E-03 6.09E-01 2 7 

GOTERM MYOSIN FILAMENT 15 13 2.70E-03 8.10E-01 1 4 

GOTERM REGULATION OF G-PROTEIN COUPLED RECEPTOR PROTEIN 
SIGNALING PATHWAY 31 29 3.30E-03 5.82E-01 1 6 

GOTERM ATP BINDING 1469 1251 3.50E-03 9.89E-01 63 79 

GOTERM PROTEIN AMINO ACID N-LINKED GLYCOSYLATION 15 14 4.10E-03 7.51E-01 1 4 

GOTERM XENOBIOTIC METABOLIC PROCESS 19 17 6.20E-03 5.77E-01 1 4 

GOTERM CASPASE INHIBITOR ACTIVITY 10 9 6.60E-03 5.96E-01 0 3 

GOTERM QUINONE BINDING 9 9 8.70E-03 5.87E-01 0 3 

GOTERM ATPASE ACTIVITY, COUPLED TO TRANSMEMBRANE 
MOVEMENT OF SUBSTANCES 31 26 8.80E-03 7.52E-01 1 5 

GOTERM TRANSFORMING GROWTH FACTOR BETA BINDING 10 10 1.10E-02 6.19E-01 1 3 

GOTERM PROTEIN HOMODIMERIZATION ACTIVITY 351 323 1.56E-02 1.00E+00 16 25 

GOTERM CELLULAR COMPONENT MOVEMENT 101 93 1.68E-02 1.00E+00 5 10 

GOTERM ACTIVIN BINDING 11 11 1.81E-02 8.09E-01 1 3 

GOTERM B CELL DIFFERENTIATION 34 33 2.08E-02 9.66E-01 2 5 

GOTERM RHO PROTEIN SIGNAL TRANSDUCTION 35 32 2.10E-02 9.82E-01 2 5 

GOTERM INSULIN SECRETION 23 22 2.16E-02 1.00E+00 1 4 

GOTERM ACTIVATION OF PROTEIN KINASE C ACTIVITY BY G-PROTEIN 
COUPLED RECEPTOR PROTEIN SIGNALING PATHWAY 34 33 2.39E-02 1.00E+00 2 5 

GOTERM NUCLEOTIDE BINDING 1934 1599 2.42E-02 9.58E-01 80 91 
Column headings are as follows: OGS - Original Gene-set; EGS - Effective Gene-set; GSEA_P - Gene-set Enrichment Analysis Nominal p-value;  
FDR - False Discovery Rate; EXP - Expected No of genes; OBS - Observed No of genes 
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Table B3 - MAGENTA Analysis Results of GO DATABASE ONLY for Australian Cohort at the 75th Percentile Cut-Off  

DATABASE PATHWAY OGS EGS GSEA_P FDR EXP OBS 
GOTERM ESTABLISHMENT OR MAINTENANCE OF CELL POLARITY 18 18 1.00E-03 9.45E-01 5 11 

GOTERM NEGATIVE REGULATION OF TRANSLATION 16 16 1.20E-03 5.97E-01 4 10 

GOTERM GENERAL RNA POLYMERASE II TRANSCRIPTION FACTOR 
ACTIVITY 22 21 1.70E-03 4.50E-01 5 12 

GOTERM HAIR FOLLICLE MORPHOGENESIS 18 14 1.90E-03 3.41E-01 4 9 

GOTERM COMPLEMENT ACTIVATION, CLASSICAL PATHWAY 29 20 4.90E-03 6.29E-01 5 11 

GOTERM LAMININ BINDING 10 8 5.30E-03 4.83E-01 2 6 

GOTERM ENDOSOME TRANSPORT 24 21 5.50E-03 7.24E-01 5 11 

GOTERM CELL AGING 27 26 5.80E-03 7.70E-01 7 13 

GOTERM ZINC ION BINDING 1988 1472 9.30E-03 9.18E-01 368 397 

GOTERM PROTEIN AMINO ACID PHOSPHORYLATION 488 450 9.90E-03 9.04E-01 113 133 

GOTERM COMPLEMENT ACTIVATION, ALTERNATIVE PATHWAY 15 9 1.03E-02 8.58E-01 2 6 

GOTERM REGULATION OF TRANSCRIPTION 991 838 1.11E-02 7.94E-01 210 234 

GOTERM SH3 DOMAIN BINDING 97 91 1.11E-02 1.00E+00 23 33 

GOTERM POSITIVE REGULATION OF CELL PROLIFERATION 278 263 1.20E-02 8.54E-01 66 82 
GOTERM RIBOSOME BINDING 18 17 1.26E-02 1.00E+00 4 9 
GOTERM ACTIVATION OF MAPK ACTIVITY 55 54 1.45E-02 8.41E-01 14 21 

GOTERM MAP KINASE ACTIVITY 14 12 1.45E-02 1.00E+00 3 7 

GOTERM BETA-CATENIN BINDING 37 32 1.54E-02 9.41E-01 8 14 

GOTERM DOUBLE-STRAND BREAK REPAIR 36 35 1.60E-02 9.80E-01 9 15 

GOTERM RESPONSE TO AMINO ACID STIMULUS 15 15 1.66E-02 1.00E+00 4 8 
Column headings are as follows: OGS - Original Gene-set; EGS - Effective Gene-set; GSEA_P - Gene-set Enrichment Analysis Nominal p-value;  
FDR - False Discovery Rate; EXP - Expected No of genes; OBS - Observed No of genes 
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Table B4 - MAGENTA Analysis Results of GO DATABASE ONLY for Combined Dataset at the 75th Percentile Cut-Off  
DATABASE PATHWAY OGS EGS GSEA_P FDR EXP OBS 
GOTERM ACTIN FILAMENT POLYMERIZATION 11 9 1.02E-04 4.90E-02 2 8 

GOTERM ACTIVIN BINDING 11 11 1.70E-03 4.43E-01 3 8 

GOTERM ACTIN BINDING 283 251 2.30E-03 1.00E+00 63 82 

GOTERM POSITIVE REGULATION OF T CELL PROLIFERATION 25 24 5.80E-03 1.00E+00 6 12 

GOTERM BMP SIGNALING PATHWAY 42 38 6.20E-03 8.86E-01 10 17 

GOTERM CYTOLYSIS 19 16 6.20E-03 1.00E+00 4 9 

GOTERM NEGATIVE REGULATION OF SMOOTH MUSCLE CELL 
PROLIFERATION 14 13 6.90E-03 1.00E+00 3 8 

GOTERM HISTONE DEACETYLASE COMPLEX 28 24 7.70E-03 9.65E-01 6 12 

GOTERM GDP BINDING 27 25 1.00E-02 9.78E-01 6 12 

GOTERM LONG-CHAIN-FATTY-ACID-COA LIGASE ACTIVITY 10 9 1.15E-02 1.00E+00 2 6 

GOTERM STEROID HORMONE RECEPTOR ACTIVITY 46 44 1.34E-02 8.58E-01 11 18 

GOTERM PROTEIN HOMODIMERIZATION ACTIVITY 351 323 1.38E-02 9.23E-01 81 98 

GOTERM INORGANIC ANION EXCHANGER ACTIVITY 13 12 1.41E-02 1.00E+00 3 7 

GOTERM MANNOSE BINDING 15 12 1.49E-02 9.89E-01 3 7 

GOTERM ACUTE-PHASE RESPONSE 34 29 1.54E-02 9.42E-01 7 13 

GOTERM SULFOTRANSFERASE ACTIVITY 35 32 1.58E-02 8.98E-01 8 14 

GOTERM INTEGRIN COMPLEX 28 26 1.65E-02 9.78E-01 7 12 

GOTERM SUBSTRATE-SPECIFIC TRANSMEMBRANE TRANSPORTER 
ACTIVITY 15 15 1.93E-02 1.00E+00 4 8 

GOTERM ENDOCYTOSIS 103 95 2.00E-02 1.00E+00 24 33 

GOTERM STRESS FIBER 22 21 2.04E-02 8.66E-01 5 10 
Column headings are as follows: OGS - Original Gene-set; EGS - Effective Gene-set; GSEA_P - Gene-set Enrichment Analysis Nominal p-value;  
FDR - False Discovery Rate; EXP - Expected No of genes; OBS - Observed No of genes 
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