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Thesis abstract 

Cardiovascular disease (CVD) is the leading cause of death. CVD risk assessment is 

complicated by the multifactorial nature of disease onset and the lack of predictive biomarkers in 

patients. The vascular endothelial growth factor (VEGF-A), involved in blood vessel formation, could 

be considered a novel biomarker since increased levels have been observed in CVD aetiologies. 

Genetic variants, such as single nucleotide polymorphisms (SNPs), influence circulating VEGF-A 

levels and have been linked to CVD risk. SNPs are biomarkers that are independent of age that can be 

link to molecular mechanisms involved in CVD. The identification of clinically relevant SNPs will 

complement the existing CVD risk framework and further our understanding on the role of VEGF-A 

in CVD.  

 

Imputed genotype data was obtained for 47 SNPs located at the VEGFA locus (human chromosome 6, 

n = 30), the VEGF receptor 2 (VEGFR2) locus (human chromosome 4, n = 13) and the very low-

density lipoprotein receptor (VLDLR) locus (human chromosome 9, n = 4). Imputed genotype data for 

1935 patients from the Coronary Disease Cohort Study (CDCS) and 1183 individuals from the 

Canterbury Healthy Volunteers Study (HVOL) was assessed. Association between genotype groups 

with cardiometabolic parameters was tested using one-way ANOVA tests. Association of genotypes 

with clinical endpoints was examined by Kaplan-Meir analyses and multivariate regression models. 

Candidate SNPs were selected from among all the imputed SNPs if data was p < 0.1 for any of the 

analyses. Manual genotyping, using predesigned TaqMan assays, was performed for SNPs with 

multiple significant associations (p < 0.05). Validation of imputed findings with manual genotyping 

data was possible for rs6921438, rs7767396, rs2305948 and rs1870377. VEGF-A levels for 227 HVOL 

participants were measured by an ELISA immunoassay to compare with previously reported levels 

from 549 CDCS patients.  

 

SNPs identified that influence circulating VEGF-A levels included five at the VEGFA locus 

(rs6921438. rs7767396, rs45137773, rs7763440 and rs11757868), seven at the VEGFR2 locus 

(rs2305948, rs1870377, rs1870378, rs1870379, rs7677779, rs13136007 and rs10016064) and four at 

the VLDLR locus (rs7043199, rs10738760. rs7030781 and rs2375981). The homozygote minor allele 

genotypes for each SNP were associated with lower VEGF-A levels. Manual genotyped data for 

VEGFA locus variants rs6921438 and rs7767396 showed: a) rs6921438 AA was associated with 

increased all-cause death (p = 0.03), non ST-elevated myocardial infarction (NSTEMI, p = 0.0003), 
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heart failure (HF, p = 0.035) and major adverse cardiovascular event (MACE, p = 0.032) risk b) 

rs7767396 GG was associated with increased NSTEMI (p = 0.001) HF (p = 0.023) risk c) rs6921438 

AA (Hazard Ratio (HR) = 6.6 p = 0.016) and VEGF-A (HR = 2.64, p = 0.014) were independent HF 

admission risk predictors, along with established predictors. Manual genotyped data for VEGFR2 locus 

variants rs2305948 and rs1870377 showed a) rs2305948 CC was associated with higher all-cause 

mortality (p = 0.045) and shorter time to first cardiovascular readmission risk (p = 0.045) b) rs1870377 

was an independent predictor for cardiovascular death when adjusting for NTproBNP, hypertension, 

creatinine, and beta blocker treatment (TT vs TA+AA, p = 0.048, HR = 1.125). Lastly, analyses showed 

that VLDLR locus variant rs10738760 AA genotype was associated with increased risk of 

cardiovascular death (p = 0.047, HR = 1.50).  

 

The use of imputation data can facilitate the identification of clinically relevant SNPs by observing the 

amount and statistical significance of associations. In total, 11 imputed variants were identified as 

expression quantitative trait loci (eQTL) SNPs that affect circulating VEGF-A levels. Validation by 

genotyping confirmed that rs6921438 and rs7767396, at the VEGFA locus, are associated with VEGF-

A levels and CVD risk. Additional data supported that VEGFR2 exonic variants rs2305948 and  

rs1870377 have an impact on increased outcome risk. Moreover, the VLDLR variant rs10738760 can 

interact with molecular mechanisms that exacerbate CVD risk. Overall, these five SNPs are promising 

genetic markers for CVD risk profiling assessments before outcome occurrence.   

.  
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sVEGFR2 Soluble VEGF Receptor 2 

T2DM Type 2 Diabetes Mellitus 

TNF-α Tumour Necrosis Factor Alpha 

UA Unstable Angina 

USA United States of America 

VEGF Vascular Endothelial Growth Factor 

VEGF-A Vascular Endothelial Growth Factor A 

VEGFR1 Vascular Endothelial Growth Receptor 1 

VEGFR2 Vascular Endothelial Growth Receptor 2 

VLDL Very Low-Density Lipoprotein 

VLDLR Very Low-Density Lipoprotein Receptor 

WHO World Health Organisation 

χ2 Chi-squared test 
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Glossary of terms 

Cardiac death event: Any death due to a heart condition (myocardial infarction, arrythmia, heart 

failure)   

Cardiovascular death event: Any death caused by cardiac death plus those that involve vascular 

conditions (e.g. stroke).   

Enhancer: DNA region that can be bound by proteins to increase gene transcription.  

eQTL: Genetic loci that explain variation in expression levels of mRNA.  

Exon: Sections of DNA that code for proteins   

Gene transcription: Process by which DNA is converted into RNA.  

Genotype imputation: A process of estimating undetermined genotypes using a genotype reference 

panel.  

Genotype: refers to the observed pair of alleles or variants that a person has.  

Hazards Ratio: A measure of how often an event occurs in one group compared to how often the same 

event occurs in another group.  

Hypercholesterolaemia: Lipid disorder where low-density lipoprotein cholesterol levels are above 

the normal threshold.     

Hyperglycaemia: Condition where blood glucose levels are greater than 125 mg/dL.  

Hypertension: Condition where blood vessel pressure is higher than 140 for systolic blood pressure 

and/or 90 mmHg for diastolic blood pressure  

Hypoxia: Condition that occurs when there are insufficient blood supply or tissue oxygen levels.   

Intron: A noncoding section of DNA that may be removed during DNA transcription.  

Locus: A location within the genome where a particular gene is located. 

Manual genotyping: Experimental procedure to identify the genetic variant(s) an individual carries.   

Non-coding gene:  Sequence of DNA nucleotides that do not produce a functional RNA but may 

interact with other genetic regions to modify gene transcription.  

Nucleotide: Organic molecules that are the units of DNA or RNA.   

Phenotype: Observable characteristics of an individual for a particular trait that result from the 

interaction between gene and environment  

Promoter: A sequence of DNA where proteins bind to start transcription.  

Protein-coding gene: Sequence of DNA nucleotides that are transcribed to produce a functional 

RNA.   

Risk factor: Any variable associated with increased disease risk.   
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SNP: Genetic variants that cause a change of a single nucleotide at a specific position in the genome.  

Transcription Factor: A protein that can control or modify DNA transcription.  

VEGF-A eQTL SNP:  Genetic variants that are associated with changes in expression levels of 

VEGFA .   
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Chapter 1.- Preface 
 

This chapter provides a brief background on cardiovascular disease, vascular endothelial growth 

factor A (VEGF-A) and the rationale that justifies the PhD research work undertaken. The overall aim 

and specific research objectives are highlighted followed by an outline of the structure of the thesis 

and contributions of each researcher involved in this PhD project. 
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1.1 Background 

  

Cardiovascular disease (CVD) is considered by the World Health Organisation (WHO) as the leading 

cause of death worldwide [1]. In New Zealand (NZ), CVDs represent a major health burden given they 

account for 14 deaths per day and result in high economic cost for the healthcare sector [2, 3]. 

Currently, primary prevention occurs through CVD risk algorithms which assess an individual’s risk 

based on the measurement of well-established markers including age, gender, weight, cholesterol 

levels, blood pressure and metabolic dysfunction [4].  Preventative measures focus on risk factors that 

are age-dependent, but there is increasing evidence that genetic variants, which can be assayed at any 

age, influence cardiovascular risk phenotypes [5, 6]. Evidence on the clinical utility of single 

nucleotide polymorphisms (SNPs) has been observed in international studies where risk genotypes are 

used for treatment prioritisation, lifestyle recommendations and prediction of adverse events [7-11].  

 

The vascular endothelial growth factor A (VEGF-A) participates in processes vital to the 

cardiovascular system, notably blood vessel formation [12-14]. VEGF-A can relieve arterial blockages 

by creating new blood vessels to recover blood circulation [12, 15]. However, elevated circulating 

levels of VEGF-A have been associated with risk factors that promote the onset of cardiovascular 

disease (CVD) [14, 16]. CVD onset mechanisms that increase VEGF-A production include high low-

density lipoprotein (LDL) concentration, hypoxia, and interleukin activity [16, 17]. Research has 

shown VEGF-A is associated with inflammation, increased blood pressure and an elevated lipoprotein 

profile [18-21].  

 

SNP alleles that are present more frequently in diagnosed individuals are considered genetic risk 

variants which can influence genes or disease phenotypes [22, 23]. In CVD research, SNPs have 

provided an insight into underlying pathological mechanisms and allow for patient risk profiling or 

stratification [22, 24, 25]. Studies have shown SNPs influencing circulating levels of VEGF-A, 

referred to as VEGF-A expression quantitative trait loci (eQTL) SNPs, are present on different human 

chromosomes  [26, 27]. Some eQTL SNPs for VEGF-A have been associated with elevated circulating 

risk markers implicated in CVD pathogenesis including blood pressure, inflammatory cytokines, 

lipoprotein profile and natriuretic peptides [20, 28-33]. Studies have also identified eQTL SNPs for 

VEGF-A are associated with increased risk of metabolic syndrome, which can contribute to CVD onset 

[32, 34, 35]. Furthermore, there is evidence that specific VEGF-A eQTL SNPs have been associated 

with increased CVD risk and adverse coronary events [29, 36, 37]. Overall, international reports 

provide evidence on involvement of eQTL SNP for VEGF-A in CVD onset, development, and 
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progression that warrants further exploration.  

1.2 Research gap 

 

The study of genetic variants represents a developing research field that can bridge the gap between 

consolidating knowledge on a novel cardiovascular biomarker while identifying SNPs with clinical 

applications for the NZ population. The identification of SNPs associated with increased disease or 

clinical outcome risk can complement existing CVD risk profiling and stratification tools.  

 

NZ based research focused on VEGF system SNPs managed to identify specific variants were 

associated with soluble VEGF receptor plasma levels in patients diagnosed with acute coronary 

syndromes [29]. Subsequent work also showed promising associations between eQTL SNPs for 

VEGF-A, natriuretic peptide levels and patient survival [38]. These studies employed a cohort of acute 

coronary syndrome patients with extensive inclusion parameters and follow-up data available. This 

resource represents an ideal opportunity that can support and benefit from the identification of 

additional eQTL SNPs for VEGF-A.  

 

It should be possible to explore potential molecular mechanisms specific to any identified SNPs that 

relate them to VEGF-A activity, well-established CVD risk markers or CVD onset mechanisms. 

Conjointly, relevant eQTL SNPs for VEGF-A can further support a clinician’s counsel. There is high 

likelihood that eQTL SNPs for VEGF-A could be prognostic markers for CVD risk. This may 

complement ongoing examination of a patient’s condition following a therapeutic intervention or 

coronary event. 

 

1.3 Overall aim and specific research objectives 

 

The research work presented aims to provide an exploration on eQTL SNPs for VEGF-A of clinical 

relevance within established NZ cohorts: the Coronary Disease Cohort Study (CDCS) and the  

Canterbury Healthy Volunteers Study (HVOL).  

 

Using these cohorts, this PhD project can contribute towards the development of knowledge on eQTL 

SNPs for VEGF-A while exploring their impact on CVD risk. Therefore the overall aim of this PhD 

thesis is to investigate VEGF-A eQTL SNPs to determine their association with circulating VEGF-A 
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plasma levels or circulating levels of metabolites routinely measured in coronary disease cohorts. 

Specific aims were: 

 

A. To examine if eQTL SNPs for VEGF-A were associated with clinical outcome risk to identify 

novel CVD risk variant candidates and  

B. To explore the genomic context for clinically relevant eQTL SNPs for VEGF-A to identify how 

they might be involved with CVD risk pathway mechanisms.  

 

To achieve these aims, the project had the following research objectives: 

 

1) Identify from the literature eQTL SNPs for VEGF-A that have been reported to influence 

circulating VEGF-A levels and show association with CVD or CVD risk factors. 

2) Analyse imputed genotyping data on variants identified by Objective 1 for two NZ based 

cohorts: one of clinically diagnosed coronary patients (CDCS) and one of heart healthy 

individuals (HVOL). 

3) Select eQTL SNPs for VEGF-A that have high likelihood of presenting clinical relevance based 

on their statistical associations with cardiometabolic and anthropometric variables measured in 

both cohorts.  

4) Determine experimentally the genotype for SNPs selected as part of Objective 3 and VEGF-A 

plasma levels for a subset of the heart healthy cohort. 

5) Identify if eQTL SNPs for VEGF-A from Objective 4 present associations with survival and/or 

risk of clinical outcomes in both the heart healthy cohort and the coronary disease cohort.  

6) Propose potential pathways that would explain observed associations for SNPs from Objective 

5.  

 

1.4 Thesis structure 

 

The thesis consists of seven chapters submitted in a Thesis with Publications format. The content of 

the PhD project has been disseminated throughout the years in various forms of research outputs 

(Appendix 1.1). Some chapters contain material that has or will be published in relevant peer-reviewed 

scientific journals following PhD examination. Prospective research outputs of the PhD project are 

also described in Appendix 1.1. 
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Due to overarching similarities in methodology, limitations, and implications for the results chapters 

(4-6) a specific methods chapter has been developed (Chapter 3) and the limitations of the studies have 

been discussed in Chapter 7 (Discussion and Conclusion). There are three individual results chapters, 

each focused on SNPs located on one of three human chromosomes (6, 4 and 9) that involve genes 

(VEGFA, VEGFR2, VLDLR) relevant to the research. Lastly, each result chapter contains a statement 

of contribution according to Massey University guidelines, an abstract and a brief introduction which 

are followed by results, specific discussion, and conclusion.  

 

A brief description of each chapters’ content is as follows: 

 

Chapter 1 – Preface: This chapter contains a brief background on the PhD research topic. Additional 

sections provide an overview on the research gap, overall aim, and research objectives of the research 

work. Lastly, a description on the structure of the PhD Thesis is provided and researcher contributions 

to the PhD research studies. 

 

Chapter 2 – Literature review: This chapter includes material describing CVD epidemiology (including 

NZ reports), a description of existing information on CVD risk algorithms and the biological process 

underlining atherosclerosis, a key feature leading to heart disease onset. This chapter also explores the 

link of SNPs to CVD and discusses the VEGF system, VEGF-A and eQTL SNPs for VEGF-A. The 

second portion of the chapter has been published during the PhD as a minireview in the journal 

Frontiers in Cardiovascular Medicine in the section Cardiovascular Genetics and Systems Medicine 

(Appendix 1.2).  

 

Chapter 3 – Material and Methods: This chapter includes details on the methodological procedures 

conducted during the PhD project. The main sections involve cohort description, imputation 

genotyping, experimental analysis of DNA and plasma samples (where applicable) as well as the 

statistical methods employed.  

 

Chapter 4 – Study on VEGFA locus SNPs: This chapter focuses on the work involving 30 SNPs 

mapping to the VEGFA locus (human chromosome 6) which had associations reported with 

cardiometabolic parameters or CVD risk in the existing literature. The chapter highlights the 

experimental findings surrounding two VEGF-A eQTL SNPs located in a non-coding region near 

VEGFA. The manuscript version of this chapter is under review by the external co-authors listed in 
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Section 1.5. This research work will be submitted to the BMC Cardiovascular Disorders journal by the 

time of thesis examination.  

 

Chapter 5 – Study on VEGFR2 locus SNPs: This chapter focuses on the work involving variants 

located at the gene for VEGF receptor 2 (VEGFR2), the main signal inducer of VEGF-A activity. The 

chapter highlights findings on four variants with clinical implications following the analysis of imputed 

genotypes for 13 SNPs mapping to the VEGFR2 gene.  

 

Chapter 6 – Study on VLDLR locus SNPs: This chapter focuses on genetic variants identified at the 

locus for the very low-density lipoprotein receptor (VLDLR). The chapter highlights findings on the 

analysis of 4 SNPs that have been associated with VEGF-A circulating levels and could be associated 

with CVD risk. The chapter shall be submitted to a relevant journal following  the manual genotyping 

of the relevant clinically novel variants identified.  

 

Chapter 7 – Discussion and Project Conclusions: This chapter aims to provide an overview on the 

difference in VEGF-A plasma levels between CVD and heart healthy cohorts and a discussion on 

potential mechanisms for specific alleles of eQTL SNPs for VEGF-A discussed in Chapters 4 to 6. 

This chapter also discusses the overarching limitations and strengths that are shared amongst Chapters 

4 to 6. Lastly, the prospective future directions for this research, as well as concluding remarks, are 

included. 

 

1.5 Researcher contributions  

 

This PhD project has involved the collaboration of multiple researchers within the NZ academic 

community. Their contributions are summarised below. 
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Researcher Contributions 

Juan Carlos Meza 

Alvarado 

PhD researcher 

Responsible for all aspects of the PhD project including grant writing, project 

design, SNP variant selection, drafting and updating inter-University material 

transfer agreement, data management, laboratory experiments (TaqMan SNP 

genotyping for variants on Chromosome 6, VEGF-A measurements on heart 

healthy plasma samples), statistical analyses using genotype data (imputed and 

manually generated), thesis writing. 

 

Responsible for major contributions pertaining manuscript writing including: 

conceptualisation, investigation, data curation and analysis, visualisation, draft 

writing, reviewing, editing, and submission. 

 

Responsible for major contributions to research dissemination including abstract 

writing and presentation of research findings 

Dr Barry Palmer 

Primary Supervisor  

Responsible for research project conceptualisation, methodology, funding 

acquisition, drafting inter-University material transfer agreement, provided 

laboratory and statistical support, reviewing of all research outputs (thesis 

chapters, poster abstracts, all manuscripts) 

Associate Professor 

Rachel Page 

Co-supervisor 

Supported funding acquisition, resource access, grant writing and reviewing of all 

research outputs (thesis chapters, poster abstracts, all manuscripts). 

Dr Beth Mallard 

Co-supervisor  

Supported funding acquisition, provided laboratory support and review of all 

research outputs (thesis chapters, poster abstracts, all manuscripts).  

Dr Collette 

Bromhead 

Co-supervisor 

Supported funding acquisition, provided laboratory support and review of all 

research outputs (thesis chapters, poster abstracts, all manuscripts). 

Dr Anna Pilbrow 

Collaborator  

Current research leader of the Christchurch Heart Institute Omics Laboratory in 

University of Otago Christchurch campus. Provided support in drafting and 

updating an inter-University material transfer agreement, management of both 

cohort samples and databases, reviewed conference abstracts and research article 

manuscripts.  

Professor Mark 

Richards  

Collaborator 

Current director of the Christchurch Heart Institute (University of Otago). Major 

role in conceptualising, funding acquisition, clinical oversight and reporting for 

CDCS. Steward of the CDCS cohort samples and databases. Provided approval 

for development of an inter-University material transfer agreement and use of 
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material (samples, datasets). Provided support in the review of conference 

abstracts and research article manuscripts.  

Dr Vicky Cameron 

Collaborator 

Former research leader at the Christchurch Heart Institute (University of Otago). 

Provided approval and support of an inter-University material transfer agreement. 

Reviewed research article manuscripts.  

 

Ms Anna Newburn 

 

Research technician at the Christchurch Heart Institute Omics Laboratory in 

University of Otago Christchurch Campus. Provided laboratory support on 

VEGF-A measurement, access to plasma and DNA samples for both NZ cohorts.  

Professor Rob 

Doughty 

Collaborator 

Steward of the CDCS cohort samples and databases. Based at the University of 

Auckland. Provided approval for development of an inter-University material 

transfer agreement and use of material (samples, datasets). Provided support in the 

review of conference abstracts and research article manuscripts. 

Professor 

Christopher 

Frampton 

Collaborator 

Provided support on the methodology for statistical analysis of the cohort data 

sets. Based at the Christchurch Heart Institute (University of Otago). 

Dr. Vinicius Tragante 

 

Bioinformatician from deCODE genetics (Reykjavik, Iceland) responsible for 

providing imputed genotype data of selected SNP variants. 
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Chapter 2.- Literature Review 
 

The purpose of this chapter is to provide the reader with the background on genetics in cardiovascular 

disease (CVD), VEGF-A activity and current knowledge on VEGF-A related single nucleotide 

polymorphisms (SNPs) implicated in CVDs. This work served as a main focal point to identify genetic 

variants with implications in CVD or associations with cardiometabolic risk factors to fulfil Research 

Objective 1 (Chapter 1 Section 1.3)  This content is included as a reformatted and restructured version 

of the published minireview article “VEGF-A related SNPs: a cardiovascular context”, authored by 

Juan Carlos Meza Alvarado, Associate Professor Rachel Page, Dr Beth Mallard, Dr Collette 

Bromhead and Dr Barry Palmer (Sections 2.4 to 2.7). The article was published in Frontiers in 

Cardiovascular Medicine on May 23rd, 2023 (Appendix 1.2). Supplementary materials from the 

publication have been reformatted and introduced within the text of this chapter.  

 

Additional content included in this chapter focuses on specific CVD data relevant to NZ, a description 

on existing CVD risk algorithm tools and a description on the molecular processes involved in 

atherosclerosis, a hallmark of CVD onset. This content is presented as sections 2.1 to 2.3 of this 

chapter.  
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2.1 Atherosclerosis pathophysiology  

 
Atherosclerosis is a chronic inflammatory disease that affects arteries, with the most susceptible being 

coronary, iliofemoral and carotid arteries [1]. Atherosclerosis accounts for the majority of worldwide 

cardiovascular disease (CVD) mortality [2]. Some of the factors that promote the appearance of 

atherosclerosis include hypertension, lipid metabolism disruption, hyperglycaemia, and cigarette 

smoke toxins [2-4]. Atherogenesis can be divided into three stages: initiation, progression, and clinical 

complication [3]. The three stages are shown in Figure 2.1 and described below. 

 

The initiation stage is characterised by endothelial cell (ECs) reacting to substances (tobacco toxins, 

aberrant cholesterol deposits) or hemodynamic stress. This promotes EC activation leading to 

increased permeability, higher inflammatory molecule production, increased expression of adhesion 

molecules on the cell surface, increased production of reactive oxygen species (ROS) and increased 

release of angiogenic growth factors, such as the vascular endothelial growth factor A (VEGF-A) [3, 

5, 6]. During this first stage of atherosclerosis, LDL transcytosis occurs towards the subendothelial 

layer of the intima due to increased cell permeability [2]. Given the presence of ROS, LDLs are 

oxidised (ox-LDLs) which further triggers a proinflammatory response [2, 7]. The presence of 

chemoattracting cytokines and surface adhesion molecules, induce the recruitment of circulating 

monocytes and T lymphocytes that migrate into the intima [2, 7].  

 

The second stage of atherogenesis involves the differentiation of infiltrated monocytes into 

macrophages. The macrophages upregulate scavenger receptors, which take up ox-LDLs to become 

lipid-laden foam cells [1-3]. Ongoing accumulation of lipids, recruitment of circulating monocytes and 

foam cell formation leads to the appearance of a fatty streak lesion in the artery. Cholesterol efflux 

mechanisms become destabilised causing endoplasmic reticulum stress on macrophages leading to 

their death. and an upregulation of growth factors (e.g., VEGF-A) which induce EC proliferation and 

smooth muscle cell (SMC) migration [3, 8]. Subsequently, the extracellular matrix (ECM) components 

interact with inflammatory cytokines causing calcification of the artery and increase lipid retention [9, 

10]. Lastly, in response to the hypoxic and inflammatory conditions, the vessel wall undergoes 

angiogenesis mediated by VEGF-A. This neovascularisation enhances lesion progression, increases 

macrophage infiltration, lipid deposition and vessel wall thickening [1, 6]. Overall, the defective 

clearance of cellular debris, the heightened inflammatory response and ongoing monocyte infiltration 

give rise to atherosclerotic plaque [1, 2].  
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The final process associated with atherosclerosis involves clinical complications caused by plaque 

behaviour. The fibrous cap of the plaque can be catalogued as stable or unstable according to its 

composition [1]. In the case of a stable cap, plaque growth is slow and blood flow is decreased which 

impacts blood circulation [1, 8]. An unstable plaque occurs when proinflammatory cytokines thin out 

the fibrous cap by inducing SMC apoptosis, inhibiting ECM component synthesis, and overexpressing 

proteases that degrade existing ECM molecules [2, 3]. When the thin fibrous cap cannot resist physical 

stress, the plaque will break and release its contents triggering blood clotting in the vessel [3]. This can 

lead to occlusion (by interacting with circulating platelets) and a coronary event (e.g., myocardial 

infarction) [1, 8, 11]. Regardless of the plaque type, ischaemia and plaque growth are the main events 

that lead to CHD.  

 

 

Figure 2.1. Progression of atherosclerosis Adapted from [7]. 1) Cholesterol molecules (e.g. oxidised-LDLs) induce the 

activation of endothelial cells and expression of adhesion molecules 2) circulating monocytes adhere and migrate to the 

intima 3) the macrophage colony stimulating factor (M-CSF) promotes monocyte differentiation into macrophages 4) the 

macrophages recognise ox-LDLs through scavenger receptors initiating a proinflammatory response including production 

of chemoattractant molecules 5) circulating T lymphocytes can also migrate and participate in lesion progression 6) the 

lipid-charged macrophages (foam cells) increase the proinflammatory environment 7) the destabilised cholesterol efflux 

causes macrophage apoptosis and there is increased endothelial cell proliferation 8) smooth muscle cell migration from the 

media to the intima occurs  9) the vessel thickens due to an accumulation of proinflammatory molecules, minerals (Ca2+), 

lipids, endothelial cells and smooth muscle cells that may be supported by vasa vasorum formation. 10) There is an 

accumulation of necrotic bodies and cell debris that form the necrotic core 
 
 

2.2 New Zealand CVD epidemiology  

 

In NZ non-communicable diseases account for 90% of deaths, with CVDs contributing to a third of 

them (Figure 2.2) [12]. Specifically, CVDs have been identified as a major cause of mortality, and it 

is estimated that they cause 14 deaths per day [13]. Other NZ estimates show one out of every twenty 

individuals have CVD and Māori CVD mortality is twice that of non-Māori individuals [14]. Recent 
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data shows that CVD deaths in NZ are attributed to high systolic blood pressure, dietary intake and 

high LDL levels [15, 16]. Furthermore, it has been recently proposed that intervention prioritisation 

based on high systolic blood pressure presence would contribute to a reduction of CVD related health 

loss in NZ [15].  This agrees with previous evidence where increased health loss was observed in 

people with high blood cholesterol, high blood pressure, and tobacco use [13]. A national primary care 

study identified that patients of Māori, Pasifika, and Indian heritage had increased risk of presenting 

CVD than European patients [17]. Lastly, Māori and Pasifika ancestry individuals have higher 

probability of presenting CVD risk factors and were 1.5 times more likely to be hospitalised than 

patients of European ancestry [13, 14, 18]. The statistical data represents evidence on the negative 

impact of CVD in the NZ community, including high risk ethnic groups, and identifies risk factors 

critical for CVD prognosis.  

 

 
Figure 2.2 New Zealand global disease burden 2021 data for non-communicable diseases. Percentages of death for 

both sexes in 2021. Chr Resp: Chronic respiratory diseases, CKD: chronic kidney disease, CVD: cardiovascular diseases, 

Neuro: Neurological disorders, Oth NCD: other non-communicable diseases, Skin: Skin and subcutaneous diseases, Subs 

use: substance use disorders. Values not shown for causes with values below 0.5%. Image from [16] 

 

2.3 Cardiovascular disease risk algorithms 

 
CVD risk factors have been grouped into three categories by the WHO [19]: behavioural (tobacco use, 

physical activity, diet, alcohol use), metabolic (blood pressure levels, glycaemia, lipidaemia, weight) 

and others (age, gender, genetics) [19]. These categories can be further simplified to consider risk 

factors as modifiable or non-modifiable. The modifiable risk factors involve lifestyle circumstances 

that are present within the behavioural and metabolic risk factors [20]. Meanwhile, age, genetics and 

ethnicity at an individual level are non-modifiable. From all variables, the typical factors used in CVD 
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risk assessments include age, hypercholesterolaemia, HDL cholesterol, sex, smoking, diabetes, and 

systolic blood pressure [21].   

 

Considering that risk factors can interact synergistically to promote CVDs, numerous studies around 

the world have developed risk algorithms. Their goal is to provide an insight into an individual’s risk 

of presenting with a CVD, based on specific variables. Table 2.1 summarises examples of these 

algorithms, including their focus, limitations, populations from which they were derived, key variables 

considered and predicted outcomes. 

 

The main goal of multivariate risk models is to estimate CVD risk in asymptomatic individuals based 

on multiple risk factors. Most of the models predict atherosclerotic CVDs or coronary events over a 

10-year period except for the Australian (NVDPA) and New Zealand algorithms which are 5-year 

assessments [17]. Furthermore, each algorithm is tailored to their specific population, which limits 

their international use. The clinical implementation of these algorithms can benefit from including 

variables that are not routinely collected for the general population such as socioeconomic deprivation 

and health inequity [17]. Precision medicine using the risk scores should include these societal factors 

to avoid undertreating populations with high CVD risk [17].  

 

In the 1990s, NZ introduced CVD risk prediction calculators, derived from the Framingham Risk Score 

(Table 2.1), to help clinicians identify high risk patients. However, in 2003, NZ guidelines 

recommended modifying the American equation to address the inequity of CVD risk management 

when estimating risk for ethnicities such as Māori, Pasifika and South Asians [37]. This led to the 

development of the PREDICT research study, which had the goal of deriving CVD risk prediction 

equations using local data [25]. The study used the PREDICT software tool implemented by the 

Ministry of Health, coupled to the nationwide health index, allowing GPs to continuously collate full 

data sets from NZ patients enrolled in primary health organisations [17]. In 2018, a guideline update 

modified the NZ Primary Prevention Equation (NZPPE) to include risk thresholds that prompt 

clinicians to start pharmacological treatments, provide advice on a recommended age when risk 

assessment should start and include mental illness as a risk factor [25].  Overall, the inclusion of these 

variables along with administrative data, would provide good levels of discrimination to be achieved 

at national, regional, and ethnic levels [38]. Furthermore, the five-year approach allows for a better 

follow up, given this time length is similar to randomised controlled trials of preventive medications 

and the period considers short term changes to risk management [25, 39].  
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Table 2.1. Cardiovascular Disease Risk Algorithms 
Algorithm  

Name 

Years 

updated 

Focus & limitations Population Key variables Predicted  

Outcomes 

Framingham 

Risk Score 

(FRS) 

 

1998, 

2008 

Multigenerational study that analyses patterns of CVD risk. It 

has been validated for mixed American populations. The FRS 

has been shown to overestimate risk in people of European 

heritage and underestimate risk in South Asian ethnicities  

[22].  

North 

Americans 

 

Age, BMI, Diabetes mellitus, 

HDL cholesterol, Smoking 

status, Systolic blood 

pressure, Total cholesterol 

 

Angina, CHD death, Fatal 

or nonfatal ischaemic 

stroke, Heart failure, 

Nonfatal MI 

 

Systematic 

Coronary 

Risk 

Evaluation 

(SCORE) 

 

2003 

2021 

The initial algorithm involved a data set of different European 

populations from 1986. It underestimated CVD burden due to 

the inclusion of fatal outcomes and a restricted number of 

variables [23, 24]. Recently, a second algorithm was developed 

that adjusted for European region risk based on WHO 

incidence data [23]. The score does not account for other 

variables (socioeconomic status. family history, diabetes) nor 

has it been evaluated in non-European regions [23]. 

Europeans Age, Gender, HDL 

cholesterol, Regions of 

Europe, Smoking status, 

Systolic blood pressure, Total 

cholesterol   

Aortic aneurysm, 

Arrhythmia, CHD, CHD 

death, Heart failure, 

Peripheral vascular 

disease, Stroke  

New Zealand 

Primary 

Prevention 

Equation 

(NZPPE) 

 

2003 

2018 

New Zealand algorithm based on the FRS however it did not 

consider ethnic diversity [25]. To derive CVD risk prediction 

equations from local data, a study was done using primary care 

patients [17, 26]. This led to improved identification of high 

CVD risk noted in Māori, Pacific and Indian patients [17, 26]. 

In this manner, the NZ Primary Prevention Equation, which 

serves as a basis for current CVD risk assessments, was 

developed. The equation includes more variables than FRS, 

presents a revised definition of high CVD risk accounting for 

other risk factors (e.g. mental illness) and supports a clinician’s 

decision on  pharmacological treatment [25]. 

Multiple 

ethnicities  

Age, Atrial fibrillation, 

Diabetes, Ethnicity, Family 

history, Gender, HDL 

cholesterol, Medication use 

(blood pressure, lipid-related, 

antithrombotic), Smoking 

status, Socioeconomic 

deprivation, Systolic blood 

pressure, Total cholesterol   

Cardiomyopathy, 

Cardiovascular death (MI, 

stroke, or atherosclerotic 

aneurysm), CHD 

revascularisation, Heart 

failure, Nonfatal MI, 

Nonfatal stroke, 

Peripheral vascular 

disease,  

Transient ischaemic 

attack 

QRISK 

Scores 

2007, 

2008, 

2017 

Scores derived using clinical data from England and Wales. 

The first version included traditional risk factors and social 

deprivation [27]. The second iteration (QRISK2) included 

more sociodemographic and medical variables (renal disease, 

rheumatoid arthritis) [28]. For its part, QRISK3 considers 

further chronic diseases and mental conditions [29].  

Europeans 

(United 

Kingdom) 

Age, Blood pressure 

treatment, BMI, Family 

history of CVD, Gender, HDL 

cholesterol, Smoking status, 

Steroid prescription, Systolic 

blood pressure, Total 

cholesterol, UK 

sociodemographic region 

CHD death, Coronary 

insufficiency,  

Coronary 

revascularisation,  

Fatal or nonfatal stroke, 

Intermittent claudication, 

Nonfatal MI, Transient 

ischaemic attack 
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National 

Vascular 

Disease 

Prevention 

Alliance 

(NVDPA) 

2012, 

2020 

This score has been compared and validated with the New 

Zealand PREDICT score. The differing healthcare practices 

within the United States and Europe complicate its use [30, 

31]. Coronary artery calcium, score may be included to 

complement this risk algorithm [32].  

Australia Age, Alcohol intake, BMI, 

CAC, Diabetes, Family 

history of CVD, Gender, 

HDL cholesterol, Nutrition, 

Physical activity, Smoking 

status, social history, Systolic 

blood pressure,  

Total cholesterol, Waist 

circumference 

Absolute risk of 

cardiovascular events 

including heart, strokes, 

and blood vessel diseases  

Pooled 

Cohort 

Equations for 

atheroscleroti

c 

cardiovascul

ar disease  

(PCE-

ASCVD) 

 

2013. 

2018 

Developed conjointly by the American College of Cardiology 

and the American Heart Association Task force. It has been 

validated in Caucasian and African American ethnicities. 

However, it under- or over-estimates CVD risk for Hispanics, 

Asians, and American Indian populations. [33].  

White and 

Black 

Americans 

 

Age, Blood pressure 

treatment, Diabetes mellitus, 

Gender, HDL cholesterol, 

Smoking, Systolic blood 

pressure, Total cholesterol   

CHD death, Fatal stroke, 

Nonfatal MI, Nonfatal 

stroke  

Multi-Ethnic 

Study of 

Atherosclero

sis (MESA) 

risk score 

2015 Ethnic comparison focusing on subclinical atherosclerosis 

progression and pre-emptive CVD diagnosis. This risk score 

has been compared with the FRS and PCE-ASCVD  [34]. It is 

considered an improved risk score assessment in 

asymptomatic people compared to PCE. It may aid the 

decision-making process to start statin therapy in high-risk 

patients [35, 36]. 

African 

American, 

Chinese 

American, 

Hispanic 

American 

and Non-

Hispanic 

Americans. 

Age, Blood pressure 

treatment, Coronary artery 

calcium score, Diabetes 

mellitus, Gender, HDL 

cholesterol, Lipid lowering 

treatment, MI family history, 

Smoking status, Systolic 

blood pressure, Total 

cholesterol  

CHD death, Coronary 

revascularisation, 

Nonfatal MI 

BMI: Body Mass Index, CAC: Coronary artery calcium, CHD: Coronary Heart Disease, CVD: Cardiovascular disease, HDL: High density lipoprotein, MI: Myocardial Infarction, WHO: World 

Health Organisation 
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The PREDICT study and the NZPPE confirmed that Māori and Pasifika people have the most disease 

burden [18, 26]. Specifically, Māori have been reported to present increased rates of traditional risk 

factors including obesity, smoking and undiagnosed high blood pressure [18, 26]. NZ data also shows 

that Māori and Pasifika have an increased number of CVD-related hospitalisation events and low CVD 

treatment rates, which may be attributed to health inequity [14, 26].  Another factor that affects CVD 

risk is the degree of migrant acculturation into NZ given some ethnic groups (e.g. South Asians) appear 

to have increased obesity rates compared to Europeans [26]. This implies a need to create a CVD risk 

framework that increases equity along with avoiding under-estimation of risk due to ethnic or 

socioeconomic status [37]. Therefore, current CVD risk algorithms can benefit from including genetic 

factors that are associated with metabolites involved in CVD onset.  

 

2.4 CVDs and single nucleotide polymorphisms  

 

CVDs are defined by the WHO as a group of disorders that affect the heart and blood vessels in terms 

of structure or blood supply [40]. Notable examples of CVDs that are a leading cause of death globally 

include CHD, acute coronary syndrome (ACS) and congenital heart disease [41]. CHD involves 

inadequate coronary blood supply, which may arise from a blockage in the coronary arteries usually 

following progressive narrowing of the lumen of atherosclerotic blood vessels [42]. Given the 

multifactorial nature of CVDs, there are reviews available that explore in greater detail specific 

diseases such as coronary artery disease (CAD) [43], CHD [44], the underlying mechanism of 

atherosclerosis [2, 8] and the relationship of these diseases with specific variables [20, 45].  

 

Genetic determinants are important non-modifiable risk factors for CVDs that have been studied 

intensively since the late 20th century [46-48]. The influence of genetic factors on CVD development 

was initially explored through family history studies focused on single gene disorders during the 1980s 

[43, 49]. Most CVDs are now considered to be polygenic disorders impacted by susceptibility and 

disease-linked genes, with major impacts from lifestyle and environmental factors [49]. Susceptibility 

genes are associated with an increase or reduction in the risk of developing a disease. Comparatively, 

disease-linked genes are those whose expression is linked to a pathological phenotype [43]. Both 

susceptibility and disease-linked genes can influence the regulation of other genes and/or factors that 

are directly involved in the pathobiology of different CVDs. The genetic basis for CVDs such as CAD 

and CHD has been reviewed in greater detail elsewhere [46, 50-52]. 
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Considering this genetic complexity, numerous studies have focused on identifying associations 

between genetic variants and common cardiovascular disease traits [50, 53-56]. This has been 

supported with the establishment of genome wide association studies (GWAS), which employ 

technologies that detect many gene variants simultaneously [57]. The predominant variants identified 

through GWAS are SNPs [1, 50, 57, 58]. SNPs can be located within a protein-coding region, where 

they may display a functional effect, but they can also be in non-coding and regulatory areas of the 

genome (e.g. introns, enhancer, etc.). Moreover, SNPs can play a regulatory role by impacting gene 

expression and protein concentration if they are located within genetic elements such as transcription 

factor binding sites, splicing regions, enhancer, promoter, or silencer regions [1, 59]. These are often 

called expression quantitative trait loci (eQTLs) and explain a proportion of the genetic variance of a 

particular phenotype [60]. SNPs can also influence coding regions located within the same loci (cis-

acting) or interact with coding regions of other chromosomes or distant loci on the same chromosome 

(trans-acting) [61, 62]. Specifically, SNP variants can influence CVD risk through traditional risk 

factors, such as plasma lipid levels and blood pressure [46, 61, 62]. Overall, SNP variants can have 

several potential effects on any given gene as summarised in Figure 2.3. One example covered in this 

review is VEGFA, which impacts the cardiovascular system through angiogenesis and increased EC 

activity.  

 

Coupling our understanding of CVD pathogenesis with associations of regulatory SNPs with coronary 

biomarkers, there is potential for the combined use of CVD-relevant genetic risk scores (cvdGRS) in 

risk prevention [64]. This involves using multiple SNPs identified from GWAS studies in different 

populations and these SNP variants can be associated with clinical outcomes or risk factors [64, 65]. 

Overall, the goal of cvdGRS is to aid in patient risk stratification and treatment [57, 62, 65-67]. The 

functional effects of the SNP variants may provide evidence to underpin a clinical framework for 

prevention, treatment, and in severe cases, genetic counselling in primary care [57, 65, 68, 69]. 
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Figure 2.3 Potential effects of a SNP on VEGF-A gene expression. Gene regions where a SNP may be located include 

gene promoters, enhancers, introns, transcription factor binding motifs or non-coding RNAs. Dotted lines indicate 

hypothetical changes that could decrease or increase interactions or activity. Red arrows represent VEGF-A expression. 

Red stars indicate potential for an increase or decrease in activity through a variety of molecular mechanisms (A) An 

individual carrying the common allele “A” will show normally regulated levels of VEGF-A. (B) In the presence of a risk 

factor (e.g. elevated LDL-cholesterol plasma levels) and the common allele “A” there may be altered activity of genomic 

regions or transcription factors leading to altered VEGF-A expression and potentially impact circulating VEGF-A levels 

and/or activity. (C) Presence of a non-normal range risk factor (e.g. elevated plasma glucose levels) and the alternate allele 

“T” may impact activity of genomic regions or transcription factors leading to altered VEGF-A expression and potentially 

influence VEGF-A levels and/or activity (D) The changes illustrated in scenario B and C may impact expression of genes 

located at a distance. Trans-acting effects on a target gene is symbolised with black arrows. A potential pathway impacted 

could be lipid metabolism. Adapted from [63]. Created with BioRender.com. 

 

2.5 VEGF overview 

 

A molecule of interest in the development and progression of CVDs is VEGF-A, a member of the 

platelet-derived growth factor (PDGF)/VEGF family [70, 71]. This growth factor is involved in blood 

vessel formation, with reported impacts on the development of CVDs, as well as potential recovery [6, 

72]. VEGF-A was originally referred to as a vascular permeability factor, with activity observed in 

tumour cells from rodents [73]. In 1989 several research groups identified that this factor selectively 

promoted the migration of vascular endothelium and induced angiogenesis in vivo [74-76]. Based on 

these findings, factors with this activity were renamed and classified as members of the VEGF family 

[76].  

 

The VEGF family are glycoproteins expressed under the regulation of soluble mediators such as 

growth factors or cytokines [6, 77, 78]. They are involved in the regulation of blood vessel formation 

through endothelial cell differentiation or from existing blood vessels [77, 79].  Additionally, the VEGF 

family is involved in lymphangiogenesis, endothelial cell survival and vascular permeability 
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regulation, amongst other functions [77, 80]. However, alterations in their functionality have also been 

associated with the development of atherosclerosis, CHD, tumour formation, neovascularisation, and 

other pathologies including cancer, diabetic retinopathy, preeclampsia, and endometriosis [1, 6, 80, 

81].  

 

There are five VEGF family members that directly influence the human cardiovascular system. The 

archetype member is VEGF-A, a potent stimulator of vasculogenesis and angiogenesis [77, 81, 82]. 

VEGF-A production is influenced by oxygen tension, hormones (e.g., oestrogen) and proinflammatory 

cytokines [80, 82, 83]. VEGF-B induces the development of the cardiovascular system, embryonic 

angiogenesis and the formation of embryonic myocardium as well as participating in blood vessel 

survival [84]. VEGF-C and VEGF-D are primarily involved in lymphangiogenesis, while the placental 

growth factor (PIGF) participates in both angiogenesis and wound healing [6, 80, 82]. 

 

These VEGF proteins act through one or more of three tyrosine kinase VEGF receptors (VEGFRs) 

found on the surface of endothelial and non-endothelial cells [77]. VEGFR1 (Flt-1) and VEGFR2 

(KDR) participate in angiogenesis. VEGFR2 is the primary inducer of VEGF-mediated blood vessel 

growth, while VEGFR3 is involved in lymphangiogenesis [80, 85, 86]. Additionally, VEGFR1 has the 

co-receptor neuropilin-1 (NRP1), which selectively potentiates VEGFR2-mediated vascular 

permeability, and endothelial cell motility in vascular development [82, 87]. Once activated, the 

signalling pathways of these receptors have the downstream effect of influencing vascular tone, blood 

vessel formation, endothelial cell proliferation and migration [80]. VEGFR signalling is reported to 

also be activated in a non-VEGF-dependent manner through receptor phosphorylation due to shear 

stress, or recognition of alternative ligands such as lactate and low-density lipoproteins (LDLs) [70, 

86, 88]. 

 

Specifically, the VEGF-A canonical pathway occurs when it binds to either VEGFR1 or VEGFR2. 

This promotes receptor homodimerisation or heterodimerisation that leads to the phosphorylation of 

the receptor’s intracellular domains [86, 88]. VEGFR1 has a soluble splice variant (sFlt-1) that acts as 

a decoy receptor, decreasing VEGF-A plasma concentration and limiting its binding to KDR [70, 77, 

80]. Also, VEGF-A activity can be potentiated when PIGF displaces it from VEGFR1 to VEGFR2 [6]. 

These and other mechanisms surrounding the regulation of VEGF receptors have been reviewed in 

greater detail elsewhere [71, 88]. 
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2.6 VEGF-A gene and related SNPs in a cardiovascular context 

 

The VEGFA gene has a 16.3kb coding region located at 6p21.1 on the long arm of chromosome 6, 

including eight exons and seven introns [89, 90]. The first five exons are constitutively present among 

VEGF-A isoforms, since they encode the signal sequence for protein processing and residues that bind 

to VEGF receptors [87, 91]. Meanwhile, exons 6 and 7 contain the heparin binding domains that allow 

some isoforms to bind to cell surfaces and impact their activity or bioavailability depending on which 

are present [92, 93]. Lastly, exon 8 undergoes translational readthrough due to a non-canonical stop 

codon, leading to the production of sub-exons 8a and 8b, with the latter being reported to be present 

in a unique isoform with anti-angiogenic activity observed in bone disorders and brain diseases [87, 

94-96]. So far, 16 distinct VEGF-A isoforms have been identified [80, 87]. The different isoforms 

depend on the presence or absence of exons 6 and 7, which affect the affinity for heparin or heparan 

sulphate proteoglycans. For example, the most prevalent VEGFA isoform is VEGFA165, which lacks 

exon 6, but has moderate heparin affinity allowing the isoform to remain bound to cell surfaces [97]. 

Comparatively the isoform subtype VEGFA121 lacks exon 6 and 7 so it is found only in free form [97]. 

Despite their size difference most of the VEGF-A isoforms act as endothelial cell mitogens, upregulate 

the endothelial expression of adhesion molecules and present pro-angiogenic activity [70, 84, 97]. 

Pathologies caused by increased angiogenesis include inflammatory diseases, cancers, retinopathy and 

atherosclerosis, while reduced angiogenesis has been observed in bone disorders and brain diseases 

[94]. The overall VEGFA gene structure including SNPs with reported influence on VEGF-A 

expression levels (discussed below and in Tables 2.2 and 2.3) is presented in Figure 2.4.  

 

Altered plasma and tissue levels of VEGF-A have been observed in various conditions including 

ischaemic heart disease (IHD), CAD, strokes, heart failure, and myocardial infarction [72, 99-101]. 

Due to its impact on angiogenic processes, the effect of high VEGF-A circulating levels on CVD onset 

varies. High VEGF-A levels are associated with various CVD risk factors including smoking, 

hypercholesterolaemia, diabetes, hypertension, and hyperglycaemia [70]. Additionally, increased 

VEGF-A activity has been associated with inflammation, increased blood pressure and an increase in 

the formation of atherosclerotic lesions, leading to CHD [55, 102-104]. The impact of angiogenic 

molecules on atherosclerosis has been reviewed elsewhere [6].  
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Figure 2.4. VEGFA gene and select SNPs on chromosome 6 (A) Location of VEGF-A related SNPs at chromosome 6 

loci. SNPs in bold have been reported to influence VEGF-A levels. SNPs in red have reported associations to CVD risk 

factors or biomarkers. Red boxes indicate regions that represent lncRNA. Full gene length is indicated individually. 

Distances between SNPs and genes are indicated above dashes. (B) Schematic representation of SNPs located within exons 

and introns of VEGFA. Individual exon and intron lengths are shown [98]. Purple arrows and text show location of the 

main transcription starting site (TSS) and an alternative site (*TSS) located 633 nucleotides downstream. Light blue arrows 

and text show the location of splicing sites for the formation of exon 8a or exon 8b. The purple exon contains the signal 

sequence of the gene. The red exon confers anti-angiogenic capabilities when present. Green exons contain heparin-binding 

domains with extracellular matrix components. Yellow exons are involved in VEGF receptor binding. Location of SNPs 

and genomic regions determined using data from the UCSC genome browser and Ensembl databases (GRCh38-/hg38). 

Created with BioRender.com. 

 

Expression of VEGFA can be upregulated by the hypoxia inducible factor, p53 allele polymorphisms, 

thyroid stimulating hormone, oestrogen levels and oxygen tension. [78, 80]. This matches studies that 

show VEGF-A production is influenced by elements associated with atherosclerosis including LDL 

concentration, hypoxia, and interleukin activity [72, 82, 105]. The increased production of VEGF-A 

can negatively impact human health by influencing the development of atherosclerotic plaques, by 

affecting vascular dilation, adhesion protein expression, monocyte migration, endothelium 

permeability and increased trans-endothelial lipid migration [6, 72]. High levels of VEGF-A in plasma 

have been associated with increased plaque growth and subsequent lesion vulnerability that can cause 

intraplaque haemorrhage [106]. There is evidence that proinflammatory cytokines (e.g., IL-1, IL-6, 

and IL-18) present during CVD onset can enhance VEGF-A production, thus exacerbating 

atherosclerotic lesion development [107-109].  

 

Numerous variants related to the VEGF-A gene have been identified including 148 in the untranslated 

region (UTR), 209 in exons, 779 in introns, and 124 near the gene [110]. At least 30 SNPs within the 
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untranslated, exon, intron and promoter regions may have the potential to influence variation in VEGF-

A expression [111, 112]. This genetic influence over VEGF-A circulating levels has been explored in 

various studies. Debette et al. (2011) investigated the heritability of VEGF-A levels in healthy 

individuals without a cancer diagnosis. This study identified four common variants (rs6921438, 

rs4416670, rs6993770 and rs10738760) distributed across three chromosomes that were independently 

associated with circulating VEGF-A levels and explained up to 48% of the heritability of serum VEGF-

A levels [113]. A meta-analysis of GWAS data evaluated the association of variants with circulating 

VEGF-A levels [114]. Choi et al. (2016) found a total of ten SNPs contributed up to 52% of the 

variability in circulating VEGF-A levels with some SNPs associated with increased or decreased 

VEGF-A levels compared to median. Additional information on the study details of SNPs identified 

by these groups and other studies are presented in Tables 2.2 and 2.3. These tables also include SNPs 

that have been studied in relation to VEGF-A levels in healthy individuals, CVDs, or comorbidities 

related to the risk of CVD (e.g., diabetes, metabolic syndrome, hypertension). 

 

Some of the SNPs that have been studied are located within exonic regions of VEGFA [115].  One 

noteworthy eQTL is rs2010963 from exon 1 of VEGFA (Figure 2.4B). The CC genotype has been 

associated with increased VEGF-A levels in type 2 diabetes mellitus (T2DM) [116, 117]. Furthermore, 

the rs2010963 CC genotype has been linked to risk factors including heart rate [116], blood glucose 

levels [110], blood pressure, cholesterol and HDL levels [116, 118]. There is also evidence for this 

variant influencing VEGF-A levels in non-CVDs such as glioma [119] and diabetic retinopathy [81, 

120].The variant rs3025039, located within exon 8 of VEGFA, has similar effects (Figure 2.4B).  Dong 

et al (2019) observed that patients diagnosed with gestational diabetes mellitus carrying the TT 

genotype had higher levels of VEGFA compared to healthy pregnant women [121]. Meanwhile 

Ruggiero et al (2011) [122]  reported that the TT genotype was associated with lower median levels of 

VEGFA in healthy population samples from villages in Southern Italy. Some studies showed the CT 

genotype of rs3025039 is associated with reduced VEGFA levels as well as reducing risk of presenting 

with CHD and T2DM [110, 123]. The associations reported for the rs3025039 variant demonstrate its 

link to the cardiovascular system, but the variety of findings suggest additional studies are needed. An 

additional variant that has shown association to the cardiovascular system is rs3025010 located in 

intron 5 (Figure 2.4B). In a Chinese cohort diagnosed with hypertension the C allele of this variant 

was observed to be associated with lower systolic and diastolic blood pressure measurements [55]. 

Furthermore, in a Chinese case-control study, it was observed that the CC genotype of rs3025010 

reduced risk of brain arteriovenous malformation [124]. This evidence shows a clear link to CVD risk 
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which could be further explored in additional ethnic groups to validate or identify other biomarker 

associations.  

 

Other variants of interest can be found on Chromosome 6, but outside the intronic and exonic regions 

of VEGFA [59, 113]. rs69214328, is located within an enhancer region found between two long non-

coding RNA genes (Figure 2.4A). The GWAS findings of Choi et al. (2016) and Debette et al. (2011) 

identified that the A allele of rs69214328 is associated with lower serum levels of the VEGF-A protein. 

Additionally, the same allele has also been reported to influence the variability of HDL and LDL in 

individuals of European ancestry [125]. The A allele of rs6921438 appears to have eQTL activities 

since increased serum levels of IL-6, TNF-α and VEGF-A were observed in interaction with SNPs 

rs6993770 (Chr8), rs4416670 (Chr6) and rs10738760 (Chr9), respectively [126]. Two additional 

variants (rs1740073 and rs34528081) located on chromosome 6 (Figure 2.4A) were identified by Choi 

et al. (2016) to be associated with serum levels of VEGF-A (Table 2.2). Furthermore, the T allele of 

rs34528081 was observed to be associated with increased VEGF-A serum levels in an additional 

GWAS study (Table 2.2). Meanwhile, the T allele of rs1740073 has been reported to associate with 

increased VEGF-A serum in a GWAS study while analysis of IHD using 1000 Genomes European 

data reported that the same allele could contribute to VEGF variance [99].   

 

Another variant that has been studied is rs699947, which is located in the promoter region of VEGFA 

(Figure 2.4A). Various groups report that the AA genotype of rs699947 is associated with increased 

risk in cardiovascular pathologies including CAD, CHD, stroke, and congenital heart diseases (Table 

2.2). The A allele of rs699947 has been associated with total cholesterol, LDL, and apolipoprotein B 

[110, 116, 127]. These associations have been observed across different ethnic groups, which further 

suggests rs699947 is a potential genetic risk marker for CVDs [123, 128, 129]. For its part, rs833061 

is another variant that is located within the promoter region of VEGFA (Figure 2.4A) whose CT 

genotype has been observed to reduce VEGF-A levels in a T2DM cohort [110]. Other reports have 

also shown this variant is associated with hypertension and a meta-analysis of 3 cohorts implies this 

variant can influence congenital heart disease risk in individuals of Asian ancestry (Table 2.2). A 

variant located further from the promoter region that presents a similar array of findings related to lipid 

metabolism and inflammatory molecules is rs4416670 (Figure 2.4A). Both its alleles have been linked 

to CVD risk factors and biomarkers (Table 2.2). Specifically, the T allele was reported by Debette et 

al (2011) to increase VEGF-A serum levels while a study by Azimi-Nezhad et al (2013) reported the 

same allele could decrease IL-6 levels by interacting with rs6921438 (Chr6) and rs10738760 (Chr9). 

However, Azimi-Nezhad et al (2013) also report that the C allele of rs4416670 can increase TNF-α 
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and IL-6 levels by interacting with the A allele of rs6921438 thus implying a link between both VEGF-

A related SNPs and inflammatory molecules. Additionally, the C allele has also been observed in other 

studies to be associated with apolipoprotein E levels, hypertension, and metabolic syndrome [125, 

130]. These findings demonstrate links between VEGF-A related SNPs and lipid metabolism, 

inflammatory biomarkers, and CVD risk factors.  

 

Some gene variants have findings of associations with molecules used in CVD risk assessment. For 

example, the rs1570360 variant located in the promoter region of VEGF-A (Figure 2.4A), was 

observed to contribute to an increased risk of congenital heart disease [131]. Some reports showed that 

the GA genotype of this variant is associated with a reduced left ventricular ejection fraction and 

extracranial internal carotid artery (ECICA) stenosis which are both risk factors for systemic 

hypertension and ischaemic stroke, respectively (Table 2.2). However, in a Chinese study the GG 

genotype was observed to increase susceptibility for coronary heart disease in patients with high 

smoking habits and diagnosed with hypertension. As such, this variant shows consistent links to CVD 

risk factors which, given its location, could be attributed to a potential influence on VEGF as observed 

in variants located within the promoter region (rs699947 and rs833061).  

 

Similar studies have been reported for other SNPs located across the genome, often denoted as trans-

acting SNPs (Table 2.3). Broadly, these eQTL SNPs have been associated with increased risk of CVDs 

(e.g., CAD, CHD, IHD) [99, 123, 134, 135] or metabolic syndrome [79]. One example rs1870377, 

located on chromosome 4 in exon 11 of the VEGFR2 (KDR) gene (Figure 2.5) can influence 

cardiovascular outcomes. Li et al. (2021) reported that the AA genotype reduces risk of unfavourable 

CVD outcomes, particularly those related with disability, in an Asian ancestry cohort. Marks et al. 

(2018) also reported that the AA genotype associated with reduced risk of heart failure readmission 

and the A allele associated with high levels of VEGF system components, specifically sFlt-1 and KDR 

[136], and increased the risk of ischaemic stroke in a Korean cohort [135]. The TA and TT genotypes 

were both associated with increased CHD prevalence in Han Chinese populations [123, 134]. Location 

of additional SNPs influencing VEGF-A expression levels within the VEGFR2 (KDR) gene is 

presented in Figure 2.5. Additional associations observed for trans-acting SNPs are presented in Table 

2.3.  
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Table 2.2. VEGF-A eQTLS on Chromosome 6 

SNP   Location* Study type Population (n) Disease 

studied 

Associated 

Biomarkers$ 

Associated 

risk factors$ 

Variant Effect or 

Association  

Genotype 

or Allele 

Source 

rs34528081 

(- →T) 

Chr6: 

43736681 

GWAS 

Meta-

analysis  

10 cohorts of 

European ancestry 

(n = 16,112)   

Effect on 

VEGF 

levels 

VEGF-A N/A Increased serum VEGF-

A levels (9 of 10 

cohorts) 

T allele [114] 

GWAS 

community

-based 

study 

3 healthy cohorts 

from USA (n = 

3,527), France (n = 

859), and Sweden 

(n = 868) 

Effect on 

VEGF 

levels 

VEGF-A N/A Increased serum VEGF-

A levels (2 study 

groups) 

T allele [113] 

rs2010963 

(G>C)  

 

 

Chr6: 

43770613 

(+405 G/C) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Cross-

sectional 

case-

control 

study 

Polish participants 

(ncases = 265, ncontrols 

= 158) 

Excess 

body mass 

Estimated 

glomerular 

filtration rate 

BMI Negative correlation of 

VEGF-A serum levels 

with biomarkers 

GG 

genotype 

[116] 

Heart rate, 

DBP and 

HDL serum 

levels 

N/A Positive correlation of 

VEGF-A serum levels 

with biomarkers  

CC 

genotype 

Cohort 

study 

Unrelated Han 

Chinese patients (n 

= 242) 

CAD N/A N/A Potential influence on 

CAD 

CC 

genotype 

[115] 

Case-

control 

study 

Iranian participants 

(ncases = 347, ncontrols 

= 173) 

 

CAD N/A N/A Increased susceptibility 

to CAD  

CC 

genotype 

[132] 

Case-

control 

study 

Brazilian 

participants 

(ncases = 169, ncontrols 

= 179) 

 

 

Systemic 

hypertensio

n 

N/A Left 

ventricular 

mass index 

N/A GC and 

CC 

genotypes 

[133] 
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Meta-

analysis of 

case-

control 

studies 

10 cohorts: 6 Asian 

(ncases = 1826, 

ncontrols = 1946) and 

4 Caucasian (ncases 

= 477, ncontrols = 

916) 

CAD and 

MI  

N/A N/A Increased risk of CAD CC 

genotype 

[128] 

Cross-

sectional 

study  

Slovenian 

participants 

(ncases = 595, ncontrols 

= 200) 

T2DM  N/A N/A Higher VEGF-A serum 

levels in T2DM patients.  

CC 

genotype 

[117] 

Retrospecti

ve case-

control 

study 

Unrelated adults of 

Tunisian Arab 

origin (ncases = 815, 

ncontrols = 805) 

T2DM Serum 

glucose, 

VEGF-A 

Age Reduced risk of T2DM 

Increased VEGF levels 

GC 

genotype 

[110] 

Cohort 

study 

Unrelated Mexican 

mestizo participants 

(n = 415) 

T2DM Diastolic 

blood 

pressure, 

total 

cholesterol, 

and HDL 

N/A N/A Both 

alleles 

[118] 

Case-

control 

study 

Unrelated Chinese 

participants(ncases = 

533, ncontrols = 533) 

CHD N/A Increased risk 

of CHD 

N/A GG 

genotype 

[134] 

Case-

control 

study 

Unrelated Han 

Chinese 

participants (ncases = 

319, ncontrols = 333) 

Haemorrha

gic stroke  

N/A Increased risk 

of brain 

arterio-venous 

malformation 

N/A CC 

genotype 

[124] 
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rs3025039 

(C>T) 

 

Chr 

6:43784799 

(+936 C/T) 

Meta-

analysis of 

case-

control 

studies 

8 cohorts: 4 Asian 

(ncases = 1626, 

ncontrols = 1681) and 

4 Caucasian (ncases 

= 510, ncontrols = 

796) 

CAD and 

MI  

N/A Asian ancestry Increased risk of CAD TT 

genotype 

[128] 

Cohort 

study  

New Zealand 

patients including 3 

ethnic groups: 

European, Māori 

and Pasifika (n = 

1927) 

ACS  Collateral 

vessel 

perfusion, 

BNP and NT-

proBNP 

N/A Increased VEGF-A 

levels  

 

TT 

genotype 

[129] 

Retrospecti

ve case-

control 

study 

Unrelated adults of 

Tunisian Arab 

origin (ncases = 815, 

ncontrols = 805) 

T2DM  Diabetes 

duration, 

HbA1c, 

serum 

triglycerides, 

VEGF-A 

N/A Reduced T2DM risk and 

reduced VEGF levels 

CT 

genotype 

[110] 

Population-

based 

cohort 

study 

Italian (n = 1957) Influence 

on VEGF 

levels 

VEGF-A N/A Lower median serum 

VEGF levels 

TT 

genotype 

[122] 

Hospital-

based case-

control 

study 

Korean (ncases = 

650, ncontrols = 308) 

Ischaemic 

stroke 

ApoB Stroke ad 

Extracranial 

internal carotid 

artery stenosis 

Increased risk of stroke T allele [127] 

Meta-

analysis  

9 Asian cohorts 

(ncases = 1565, 

ncontrols = 2551) 

 

Congenital 

heart 

diseases  

N/A N/A 

 

Increased risk of 

tetralogy of Fallot  

N/A [131] 
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Case-

control 

study  

Unrelated Han 

Chinese 

participants (ncases = 

810, ncontrols = 805) 

Coronary 

Heart 

Disease 

N/A Smoking, 

alcohol intake, 

diabetes 

Reduced risk of 

presenting CHD 

CT 

genotype 

[123] 

Case-

control 

study 

Chinese (ncases = 

239, ncontrols = 275) 

Gestational 

diabetes 

mellitus 

VEGF-A Increased risk 

of GDM 

Higher VEGF-A 

expression levels 

CT and 

TT 

genotypes 

[121] 

rs1570360 

(G>A)  

 

 

Chr6:43770

093 (-1154 

G/A) 

Case-

control 

study 

Brazilian 

participants 

(ncases = 169, ncontrols 

= 179) 

Systemic 

hypertensio

n 

N/A Reduced 

ejection 

fraction 

N/A GA and 

AA 

genotypes 

[133] 

Retrospecti

ve case-

control 

study 

Unrelated adults of 

Tunisian Arab 

origin (ncases = 815, 

ncontrols = 805) 

T2DM  Serum 

glucose 

N/A Increased risk of T2DM 

 

A allele [110] 

Hospital-

based case-

control 

study 

Korean (ncases = 

650, ncontrols = 308) 

Ischaemic 

stroke 

Total 

homocystein

e levels 

Extracranial 

internal carotid 

artery 

(ECICA) 

stenosis 

N/A GA 

genotype 

[127] 

Meta-

analysis  

5 cohorts: 3 Asian 

(ncases = 455, ncontrols 

= 670) and 2 

Caucasian (ncases = 

248, ncontrols = 368)  

Congenital 

heart 

diseases  

N/A N/A 

 

Increased risk of 

congenital heart disease  

N/A [131] 

Case-

control 

study  

Unrelated Han 

Chinese 

participants (ncases = 

810, ncontrols = 805) 

 

Coronary 

Heart 

Disease 

N/A Smoking, 

Hypertension 

Increased susceptibility 

to CHD 

GG 

genotype 

[123] 
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rs699947 

(C>A) 

 

Chr6:43768

652 (−2578 

C/A)  

Cross-

sectional 

case-

control 

study 

Polish participants 

(ncases = 265, ncontrols 

= 158) 

Excess 

body mass 

HDL, 

VEGF-A 

BMI Positive correlation of 

VEGF-A serum levels 

with biomarkers 

CC 

genotype 

[116] 

Normal 

weight  

Total 

cholesterol, 

LDL, VEGF-

A 

BMI Negative correlation of 

VEGF-A serum levels 

with biomarkers 

AA 

genotype 

Cohort 

study 

Unrelated Han 

Chinese patients (n 

= 242) 

CAD N/A N/A N/A AA 

genotype 

[115] 

Meta-

analysis of 

case-

control 

studies 

8 cohorts: 5 Asian 

(ncases = 2062, 

ncontrols = 2113) and 

3 Caucasian (ncases 

= 409, ncontrols = 

698) 

CAD and 

MI  

N/A Asian ancestry Increased risk of CAD AC 

genotype 

[128] 

Cohort 

study  

NZ patients 

including 3 ethnic 

groups: European, 

Māori and Pasifika 

(n = 2067) 

Acute 

Coronary 

Syndrome  

N/A Lower 

physical 

activity 

Predictor of mortality in 

male non-diabetic 

participants 

AA 

genotype 

[129] 

Retrospecti

ve case-

control 

study 

Unrelated adults of 

Tunisian Arab 

origin (ncases = 815, 

ncontrols = 805) 

T2DM  Serum 

glucose, 

LDL 

N/A Increased risk of T2DM A allele [110] 

Hospital-

based case-

control 

study 

 

 

Korean (ncases = 

650, ncontrols = 308) 

Ischaemic 

stroke 

Total 

homocystein

e levels, 

ApoB 

Extracranial 

internal carotid 

artery stenosis 

Increased risk of stroke A allele [127] 
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Case-

control 

study  

Unrelated Han 

Chinese 

participants (ncases = 

810, ncontrols = 805) 

 

 

CHD N/A Hypertension, 

Diabetes, 

alcohol intake 

Increased risk of CHD  AA 

genotype 

[123] 

rs1740073 

(T>C) 

 

Chr6:43979

661 

(Intergenic 

between 

LINC0512 

and 

C6orf223) 

GWAS 

Meta-

analysis  

10 cohorts of 

European ancestry 

(n = 16,112) 

Effect on 

VEGF 

levels 

VEGF-A N/A Increased serum VEGF-

A levels (8 of 10 

cohorts) 

T allele [114] 

Mendelian 

randomisati

on study 

1000 Genomes data 

on adults of 

European ancestry 

(ncases = 60,801 

ncontrols = 123,504) 

Ischaemic 

Heart 

Disease  

VEGF-A N/A Potential contributor to 

VEGF phenotypic 

variance  

T allele [99] 

rs6921438 

(G>A) 

 

Chr6:43957

870 

(Intergenic 

between 

LINC0512 

and 

C6orf223) 

GWAS 

Meta-

analysis  

10 cohorts of 

European ancestry 

(n = 16,112) 

Effect on 

VEGF 

levels 

VEGF-A N/A Lower serum VEGF-A 

levels (10 cohorts) 

A allele [114] 

Mendelian 

randomisati

on study 

1000 Genomes data 

on adults of 

European ancestry 

(ncases = 60,801 

ncontrols = 123,504) 

IHD  HDL, LDL 

and VEGF-A 

N/A Increased serum VEGF 

levels 

G allele [99] 

Population 

-based 

phenome 

wide 

association 

study 

 

 

Finnish participants 

(n = 6,890) 

Inflammato

ry 

biomarker 

driver trait 

search 

VEGF-A, IL-

10. IL-12p70 

N/A Estimated effect on 

VEGF protein 

production 

N/A [103] 
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GWAS 

community

-based 

study 

3 healthy cohorts 

from USA (n = 

3,527), France (n = 

859), and Sweden 

(n = 868) 

Effect on 

VEGF 

levels 

VEGF-A N/A Lower serum VEGF-A 

levels (2 study groups) 

A allele [113] 

Population 

study  

2 groups of 

unrelated healthy 

European ancestry 

(n1 = 1,006 

n2 = 1,145) 

Influence 

on lipid 

metabolism 

HDL, LDL N/A Contributes to 1% of 

HDL variability and 

0.2% of LDL variability 

A allele [125] 

Case-

control 

study 

Iranian participants 

(ncases = 248, ncontrols 

= 100) 

Association 

between 

dietary 

intake and 

metabolic 

Syndrome 

Zinc and 

manganese 

intake 

Metabolic 

Syndrome  

Association of SNP with 

low iron intake and high 

manganese intake. 

AA 

genotype 

[130] 

Population 

study 

Healthy French 

individuals  

(n = 403) 

Association 

between 

VEGF, 

adhesion, 

and 

inflammati

on 

molecules.  

IL-6, TNF-α, 

VEGF-A 

N/A Epistatic interaction 

with two other SNPs is 

associated with 

increased IL-6 levels. 

Another interaction with 

two individual SNPs is 

associated with 

increased VEGF-A and 

TNF-α levels.  

A allele 

 

[126] 

IL-6 N/A Epistatic interaction 

with two other SNPs is 

associated with 

decreased IL-6 levels. 

 

 

G allele [126] 
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rs4416670 

(T>C) 

 

Chr6:43982

716 

(Intergenic 

between 

LINC0512 

and 

C6orf223) 

GWAS 

community

-based 

study 

3 healthy cohorts 

from USA (n = 

3,527), France (n = 

859), and Sweden 

(n = 868) 

Effect on 

VEGF 

levels 

VEGF-A N/A Increased serum VEGF-

A levels (2 study 

groups) 

T allele [113] 

Population 

study  

2 groups of 

unrelated healthy 

European ancestry 

(n1 = 1,006 

n2 = 1,145) 

Influence 

on lipid 

metabolism 

Apolipoprote

in E 

Hypertension Potential functional 

effect between variant, 

hypertension and ApoE 

levels. 

C allele [125] 

Case-

control 

study 

Iranian participants 

(ncases = 248, ncontrols 

= 100) 

Association 

between 

dietary 

intake and 

metabolic 

Syndrome 

Iron, copper, 

zinc, 

manganese, 

and iodine 

intake 

Metabolic 

Syndrome  

Increased risk of 

Metabolic syndrome 

CT and 

CC 

genotypes 

[130] 

Population 

study 

Healthy French 

individuals (n = 

403) 

Association 

between 

VEGF, 

adhesion, 

and 

inflammati

on 

molecules.  

IL-6, TNFα N/A Epistatic interaction 

with one SNP is 

associated with 

increased TNF-α levels. 

Another interaction with 

two other SNPs is 

associated with 

increased IL-6 levels.  

C allele [126] 

IL-6 Epistatic interaction 

with two SNPs is 

associated with 

decreased IL-6 levels 

 

 

T allele [126] 
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rs3025010 

(C>T) 

 

Chr6:43779

840 

(Intron 5) 

Cross-

sectional 

population 

study 

Chinese (ncases = 

258, ncontrols = 258) 

Hypertensi

on 

N/A Lower systolic 

and diastolic 

blood pressure 

N/A C allele [55] 

Case-

control 

study 

Unrelated Han 

Chinese 

participants (ncases = 

319, ncontrols = 333) 

Haemorrha

gic stroke  

N/A Reduced risk 

of brain 

arterio-venous 

malformation 

N/A CC 

genotype 

[124] 

rs833061 

(C>T) 

Chr6:43769

749-(460 

T/C) 

Retrospecti

ve case-

control 

study 

Unrelated adults of 

Tunisian Arab 

origin (ncases = 815, 

ncontrols = 805) 

T2DM  VEGF-A N/A Reduced VEGF-A 

serum levels 

CT 

genotype 

[110] 

Cross-

sectional 

population 

study 

Chinese (ncases = 

258, ncontrols = 258) 

Hypertensi

on 

N/A Hypertension N/A N/A [55] 

Meta-

analysis  

3 cohorts: 2 Asian 

(ncases = 233, ncontrols 

= 318) and 1 

Caucasian (ncases = 

102, ncontrols = 112) 

Congenital 

heart 

diseases  

N/A Asian ancestry 

 

Influence on congenital 

heart disease risk 

N/A [131] 

*Location reported with point location (Ensembl human database GRCh38.p13) specifying the variant’s genomic context and where applicable indicating nomenclature in 

reference to the VEGF-A gene.  

$ Biomarkers or risk factors associated to the allele or genotype reported by each study. 

N/A: Not reported by the article.  

ACS: Acute Coronary Syndrome, Apob: Apolipoprotein b, ApoE: Apolipoprotein E, BMI: Body Mass Index, BNP: B-type natriuretic peptide, CAD: Coronary Artery Disease, 

CHD: Coronary Heart Disease, eQTLs: expression quantitative trait loci, GWAS: Genome Wide Association Study, HbA1c: Haemoglobin A1C, HDL: High Density 

Lipoprotein, IL: Interleukin, IHD; Ischaemic Heart Disease, LDL: Low Density Lipoprotein, N/A: not applicable, NT-proBNP: N-terminal pro B-type natriuretic peptide, SNP: 

Single Nucleotide Polymorphism, T2DM: Type 2 Diabetes Mellitus, TNF: Tumour Necrosis Factor, USA: United States of America, VEGF: Vascular Endothelial Growth 

Factor.  
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Figure 2.5. Schematic representation of key SNPs in key exons of VEGFR2 (Chromosome 4, reverse strand). Full 

exon length is indicated individually. Distances between exon and SNPs are indicated above dashes. Distance measured 

using NCBI GenBank Accession NC_000004 

 

rs6993770 is located on chromosome 8 in intron 4 of the ZPFM2 gene, which codes for a protein 

involved in heart morphogenesis and coronary vessel development. Broadly, studies on this variant 

have shown relationships with VEGF-A, CVD and CVD risk factors (Table 2.3). In the GWAS findings 

of Choi et al. [114] and the Mendelian Randomisation study done by Au Yeung [99], the A allele 

correlated with increased VEGF-A serum levels. GWAS findings of Debette et al. [113] showed the T 

allele was associated with increased VEGF-A serum levels. Other studies involving individuals of 

European and Iranian ancestry observed the T allele was also associated with risk biomarkers of CVD, 

particularly fasting blood glucose, triglyceride levels, systolic blood pressure and HDL levels [125, 

137]. The TA genotype has been reported to increase the risk of metabolic syndrome [137], and impacts 

the expression of adhesion molecules (ICAM-1, E-selectin) as well as IL-6 levels [126].  Meanwhile, 

the TT genotype appears to contribute to metabolic syndrome risk in individuals with low iron intake 

[130]. This spectrum of reports demonstrates the range of associations that alleles and genotypes of 

trans-acting SNPs, such as rs1870377 or rs6993770, may have within the cardiovascular system.  

 

Additional trans-acting SNPs (e.g. rs2071559, rs114694170, rs6993770, rs10738760, rs10761741, 

rs4782371) have been reported to be capable of influencing VEGF-A circulating levels [114] or soluble 

VEGFR levels (rs1870377) [136]. Specific study details and overall findings are presented in Table 

2.3. Notably, two SNPs (rs2305948 and rs7667298) have associations with potential CVD risk, but 

their direct impact on VEGF system components was observed in cancer related studies [138, 139]. 

Interestingly, trans-acting SNPs most likely involve interactions with molecules or homeostatic 

mechanisms that have known roles in CVD onset, including inflammatory interleukins [103, 126], 

triglycerides, adhesion molecules, blood cell count and blood pressure [99, 137, 140, 141].  There are 

cases of specific variants that correlate with increased risk of presenting major adverse coronary events 

(rs2305948, rs7667298) [141], CHD (rs2305948, rs1870377, rs2071559, rs7667298) [123, 134], 

ischaemic stroke (rs1870377) [135] and MetS (rs6993770) [137]. As such, some SNPs appear to be 

potential contributors to phenotypes (IHD, CAD, CHD) while others may increase or reduce disease 

risk depending on the presence or absence of risk factors  [105, 123, 136]. 
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Table 2.3. Reports on trans-acting SNPs associated with VEGF-A or CVD risk. 

SNP 

(change)* 

Location 

(proximal 

gene/s) * 

Gene function$ Study type Population Disease Studied Notable findings  Source 

        

rs2305948 

(C>T) 

 

Chr4: 

55113391 

(VEGFR2)  

 

VEGF receptor  Case-control 

study 

Unrelated Chinese 

participants (ncases = 533, 

ncontrols = 533) 

CHD Increased CHD risk (TT 

genotype) 

[134] 

Case-control 

study  

Unrelated Han Chinese 

participants (ncases = 810, 

ncontrols = 805) 

CHD Reduced risk to CHD when 

smoking, alcohol intake and 

diabetes were considered (TT 

genotype) 

[123] 

Meta analysis 

of case-control 

studies  

10 cohorts: 8 Asian and 

2 Caucasian (ncases = 

5,474 ncontrols = 8,584) 

CAD, MI, IS This SNP is associated with 

coronary artery disease  

[142] 

Cohort study Han Chinese patients 

undergoing coronary 

intervention (n = 275) 

CHD   Higher presence of main adverse 

cardiovascular events including 

angina pectoris and recurrent 

myocardial infarction (TT 

genotype) 

[141] 

rs1870377 

(A>T) 

 

Chr4: 

55106807 

(VEGFR2) 

 

VEGF receptor Case-control 

study 

Unrelated Chinese 

participants (ncases = 533, 

ncontrols = 533) 

CHD Increased CHD risk (TT 

genotype) 

[134] 

Cohort Study New Zealand patients 

including 3 ethnic 

groups: European, 

Māori and Pasifika (n = 

2067) 

ACS Increased levels of sFlt-1 and 

sKDR (A allele). There is an 

association with reduced risk of 

heart failure remission (AA 

genotype) 

[136] 

Meta analysis 

of case-control 

studies  

10 cohorts: 8 Asian and 

2 Caucasian (ncases = 

5,474 ncontrols = 8,584) 

CAD, MI, IS This SNP is associated with 

coronary artery disease and 

ischaemic stroke  

[142] 
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Case-control 

study  

Unrelated Han Chinese 

participants (ncases = 810, 

ncontrols = 805) 

CHD Increased CHD risk in non-

hypertensive, nondiabetic, and 

non-smoking cases (TA genotype) 

[123] 

Cohort study Han Chinese patients (n 

= 1,016) 

LAAS Decreased risk of unfavourable 

outcomes (AA genotype) 

[105] 

Case-control 

study 

Korean participants 

(ncases = 501, ncontrols = 

478) 

IS Confers risk of presenting 

ischaemic stroke (A allele) 

[135] 

rs7667298 

(A>G) 

 

Chr4: 

55125564 

(VEGFR2) 

VEGF receptor Case-control 

study  

Unrelated Han Chinese 

participants (ncases = 810, 

ncontrols = 805) 

CHD Increased CHD risk in non-

hypertensive, nondiabetic, and 

non-smoking patients (G allele) 

[123] 

Cohort study Han Chinese patients 

undergoing coronary 

intervention (n = 275) 

CHD   Lower occurrence of target lesion 

revascularisation (GG genotype) 

[141] 

rs2071559 

(T>C) 

 

Chr4: 

55126199 

(VEGFR2) 

VEGF receptor  Cross-

sectional study  

Slovenian participants 

(ncases = 595, ncontrols = 

200) 

T2DM Higher VEGF-A serum levels in 

T2DM patients (CC genotype). 

The SNP also shows association 

with carotid intima-media 

thickness in T2DM patients 

[117] 

Case-control 

study 

Unrelated Chinese 

participants (ncases = 533, 

ncontrols = 533) 

CHD Increased CHD risk (CC 

genotype) 

[134] 

Meta analysis 

of case-control 

studies  

10 cohorts: 8 Asian and 

2 Caucasian (ncases = 

5,474 ncontrols = 8,584) 

CAD, MI, IS This SNP is associated with 

coronary artery disease. 

[142] 

rs114694170 

(T>C) 

 

Chr5: 

88884379 

(MEF2C)  

Myogenesis 

transcription 

enhancer in cardiac 

morphogenesis and 

vascular 

development. 

GWAS Meta-

analysis  

10 cohorts of European 

ancestry (n = 16,112) 

Effect on VEGF 

levels 

Lower serum VEGF-A levels in 9 

out of 10 cohorts (T allele) 

[114] 

Mendelian 

randomisation 

study 

1000 Genomes data on 

adults of European 

ancestry (ncases = 60,801 

ncontrols = 123,504) 

IHD  Potential contributor to VEGF 

phenotypic variance and IHD risk 

(C allele) 

[99] 
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rs6993770 

(A>T) 

Chr8: 

105569300 

(ZFPM2) 

Transcription 

regulator involved 

in heart 

morphogenesis and 

development of 

coronary vessels 

GWAS Meta-

analysis  

10 cohorts of European 

ancestry (n = 16,112) 

Effect on VEGF 

levels 

Increased serum VEGF-A levels 

in 9 out of 10 cohorts (A allele) 

[114] 

Mendelian 

randomisation 

study 

1000 Genomes data on 

adults of European 

ancestry (ncases = 60,801 

ncontrols = 123,504) 

IHD  Contributor to VEGF phenotypic 

variance by Increasing VEGF-A 

serum levels (A allele). The SNP 

is also associated with platelet 

count.  

[99] 

Cross sectional 

population-

based study 

Lebanese unrelated 

participants (n = 460) 

Influence on 

circulating lipid 

levels. 

 

This SNP is a contributor to 

VEGF-A circulating level 

heritability. It is also associated 

with total cholesterol, LDL, and 

hypercholesterolaemia 

[140] 

Case-control 

study 

Iranian participants 

(ncases = 235, ncontrols = 

101) 

MetS Association with fasting blood 

glucose, triglyceride levels and 

systolic blood pressure (T allele) 

Increased MetS risk (AT 

genotype) 

[137] 

GWAS 

community-

based study 

3 healthy cohorts from 

USA (n = 3,527), France 

(n = 859), and Sweden 

(n = 868) 

Effect on VEGF 

levels 

Increased serum levels in 3 study 

groups (T allele) 

[113] 

Population 

study  

2 groups of unrelated 

healthy European 

ancestry (n1 = 1,006 n2 = 

1,145) 

Influence on lipid 

metabolism 

Increased HDL levels (T allele) [125] 

Case-control 

study 

Iranian participants 

(ncases = 248, ncontrols = 

100) 

Association 

between dietary 

intake and MetS 

Association of metabolic 

syndrome with low dietary iron 

intake (TT genotype) 

[130] 

Population 

study 

Healthy French 

individuals (n = 403) 

Association 

between VEGF, 

adhesion, and 

interleukins.  

Epistatic interaction (TA genotype 

and T allele) with other SNPs 

associate with Increased ICAM-1, 

E-selectin, and IL-6 levels.  

[126] 
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rs2375981 

(C>G) 

 

Chr9: 

2692583 

(KCNV2) 

Codes for a 

potassium channel, 

regulates smooth 

muscle contraction 

and heart rate 

GWAS Meta-

analysis  

10 cohorts of European 

ancestry (n = 16,112) 

Effect on VEGF 

levels 

Increased serum VEGF-A levels 

in 10 cohorts (C allele) 

[114] 

Population 

based 

phenome wide 

association 

study 

Finnish participants (n = 

6,890) 

Inflammatory 

biomarker driver 

trait search 

This SNP has a potential effect on 

VEGF-A protein production. It 

has been associated with IFN-γ, 

IL-10, IL-12p70 and VEGF-A 

molecules. 

[103] 

Mendelian 

randomisation 

study 

1000 Genomes data on 

adults of European 

ancestry (ncases = 60,801 

ncontrols = 123,504) 

IHD  Potential contributor to VEGF 

phenotypic variance and IHD (C 

allele) 

[99] 

GWAS 

community-

based study 

3 healthy cohorts from 

USA (n = 3,527), France 

(n = 859), and Sweden 

(n = 868) 

Effect on VEGF 

levels 

Lower serum VEGF-A levels in 3 

study groups (G allele) 

[113] 

rs7043199 

(A>T) 

Chr9: 

2621145 

(VLDLR) 

Low density 

lipoprotein receptor 

involved in 

endocytosis 

GWAS Meta-

analysis  

10 cohorts of European 

ancestry (n = 16,112) 

Effect on VEGF 

levels 

Lower serum VEGF-A levels in 

10 cohorts (A allele) 

[114] 

Mendelian 

randomisation 

study 

1000 Genomes data on 

adults of European 

ancestry (ncases = 60,801 

ncontrols = 123,504) 

 

 

 

 

 

 

 

IHD  Potential contributor to VEGF 

phenotypic variance and IHD (T 

allele) 

[99] 
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rs10738760 

(A>G) 

 

Chr9: 

2691186 

(VLDLR 

and 

KCNV2) 

VLDLR: Low 

density lipoprotein 

receptor involved 

in endocytosis. 

KCNV2: Potassium 

channel subunit 

that is 

predominantly 

expressed in the 

heart and retina 

Cross sectional 

population-

based study 

Lebanese unrelated 

participants (n = 460) 

Influence on 

circulating lipid 

levels. 

 

This SNP is a contributor to 

VEGF-A circulating level 

heritability. It also has potential 

implications in metabolic 

syndrome 

[140] 

GWAS 

community-

based study 

3 healthy cohorts from 

USA (n = 3,527), France 

(n = 859), and Sweden 

(n = 868) 

Effect on VEGF 

levels 

Increased VEGF-A serum levels 

in 3 study groups (A allele) 

[113] 

Healthy cohort 

study 

Lebanese general 

population (m = 460) 

Effect of VEGF-A 

SNPs on iron levels 

Association with low iron levels 

and obesity (GG genotype)  

[143] 

Population 

study 

Healthy French 

individuals (n = 403) 

Association 

between VEGF, 

adhesion, and 

inflammation 

molecules.  

An epistatic interaction of the G 

allele with two SNPs is associated 

with Increased ICAM-1 and E-

selectin levels.  

An epistatic interaction of the A 

allele with two other SNPs is 

associated with Increased VEGF-

A and decreased IL-6 levels  

[126] 

rs10761741 

(T>G) 

Chr10: 

63306426 

(JMJD1C) 

Histone 

demethylase 

involved in 

transcription 

regulation, RNA 

processing and 

DNA repair 

GWAS Meta-

analysis  

10 cohorts of European 

ancestry (n = 16,112) 

Effect on VEGF 

levels 

Increased serum VEGF-A levels 

in 10 cohorts (T allele) 

[114] 

Mendelian 

randomisation 

study 

1000 Genomes data on 

adults of European 

ancestry (ncases = 60,801 

ncontrols = 123,504) 

IHD  Potential contributor to VEGF 

phenotypic variance and IHD (T 

allele) 

[99] 

Healthy cohort 

study 

Middle-aged men of 

European ancestry (n = 

1,300) 

Association with 

haemostatic factors 

Increased mean platelet volume, 

decreased platelet count, and 

decreased platelet reactivity (G 

allele)  

 

 

[144] 
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rs4782371  

(G>T) 

Chr16: 

88502423 

(ZFPM1)  

Transcription 

regulator involved 

in cardiac 

development and 

platelet production 

GWAS Meta-

analysis  

10 cohorts of European 

ancestry (n = 16,112) 

Effect on VEGF 

levels 

Lower serum VEGF-A levels in 

10 cohorts (T allele) 

[114] 

Mendelian 

randomisation 

study 

1000 Genomes data on 

adults of European 

ancestry (ncases = 60,801 

ncontrols = 123,504) 

IHD  This SNP is a potential 

contributor to VEGF phenotypic 

variance and IHD (G allele) 

 

[99] 

rs2639990 

(C>T) 

Chr18: 

75203596 

(ZADH2)  

Protein that shows 

oxidoreductase and 

transferase activity 

predicted to be 

involved in 

negative regulation 

of fat cell 

differentiation. 

GWAS Meta-

analysis  

10 cohorts of European 

ancestry (n = 16,112) 

Effect on VEGF 

levels 

Increased serum VEGF-A levels 

in 10 cohorts (T allele) 

[114] 

GWAS 

community-

based study 

3 healthy cohorts from 

USA (n = 3,527), France 

(n = 859), and Sweden 

(n = 868) 

Effect on VEGF 

levels 

Increased VEGF-A serum levels 

in 3 study groups (T allele) 

[113] 

Mendelian 

randomisation 

study 

1000 Genomes data on 

adults of European 

ancestry (ncases = 60,801 

ncontrols = 123,504) 

IHD  This SNP is a potential 

contributor to VEGF phenotypic 

variance and IHD (T allele) 

[99] 

*Location obtained from the Ensembl human database (GRCh38.p13). 
$ Function of genes obtained from the Genecards database. 

ACS: Acute Coronary Syndrome, CAD: Coronary Artery Disease. CHD : Coronary Heart Disease, GWAS: Genome Wide Association Study, HDL: High Density Lipoprotein, 

ICAM: Intercellular Adhesion Molecule, IHD: Ischaemic Heart Disease, IL: Interleukin, IS: Ischaemic Stroke, LAAS: Large Artery Atherosclerotic Stroke LDL: Low Density 

Lipoprotein, MetS: Metabolic Syndrome, MI: Myocardial Infarction, sFlt: soluble fms-like tyrosine kinase-1 (sVEGFR1), sKDR: soluble Kinase insert Domain Receptor 

(sVEGFR2), SNP: Single Nucleotide Polymorphism, T2DM: Type 2 Diabetes Mellitus, USA: United States of America, VEGF: Vascular Endothelial Growth Factor 
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2.7 Conclusion 

 

Overall, the impact of VEGF-A related SNPs in various forms of heart disease has been explored in many 

different types of studies. The collective evidence reveals a critical subset of cis-acting SNPs mapping to 

the region of VEGFA (Figure 2.4 and Table 2.2), several trans-acting SNPs mapping in the region of the 

VEGFR2 gene (Figure 2.5) and elsewhere on the human genome (Table 2.3), with repeatable associations 

with circulating levels of VEGF-A. A small group of SNPs reproducibly associate with established 

biomarkers and risk factors for heart disease (rs2010963, rs3025039, rs1570360, rs699947, rs6921438) or 

with increased susceptibility to common heart disease pathologies (rs2010963, rs3025039, rs1570360, 

rs699947, rs2305948, rs1870377). This review highlights that these SNPs can be potential markers for 

CVDs and may influence significant biological pathways that impact the cardiovascular system (e.g., lipid 

metabolism). The wide range of pathologies that VEGF-A and its related SNPs impact emphasizes the 

complexity of VEGF-A interactions within the cardiovascular system. Both cis- and trans-acting SNP 

eQTLs can affect expression levels, but there remain many unknowns around the specific mechanisms 

involved. There is a clear link between SNPs and VEGF-A levels, as well as established cardiovascular 

disease biomarkers (HDL, LDL, BNP, NTproBNP). Together these have the potential to act synergistically 

on the development of CVDs. 

 

The complexity of SNP influences on CVD and CVD risk factors reinforces the importance of studying 

them in relation to VEGF-A. Particularly considering how altered levels of VEGF-A contribute to disease 

onset or exacerbate an individual’s health depending on the risk factors they present with. Exploring the 

link between CVDs, SNPs, and VEGF-A may contribute to improved cardiovascular disease risk 

assessment, prevention, treatment, and prognosis. 
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Chapter 3.- Materials and Methods 
 

The main difference amongst individual results chapters of this thesis (Chapters 4 to 6) involves the 

number and location of genetic variants across specific chromosomes. The same material and 

methodology were used for each results chapter (4-6) and are collated in this chapter. The main goal of 

Chapter 3 is to provide a continuous flow in terms of thesis writing structure as well as avoiding content 

repetitiveness attributable to a thesis with publications format. A condensed version of this chapter shall 

be included when publishing the drafted manuscripts of this thesis following discussion and review by the 

manuscript authors. 
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3.1 Study populations  

3.1.1 Coronary Disease Cohort Study (CDCS) 

 

The Coronary Disease Cohort Study (CDCS) recruited 2140 patients with a diagnosis of acute coronary 

syndrome (ACS), admitted to Christchurch or Auckland City Hospitals, New Zealand, between July 2002 

and January 2009. Inclusion criteria included ischaemic discomfort plus one or more of ECG change (ST-

segment depression or elevation of ≥0.5 mm, T-wave inversion of ≥3 mm in ≥3 leads, or left bundle branch 

block), elevated levels of cardiac markers, a history of coronary disease, age ≥65 years, and a history of 

diabetes or vascular disease [1]. Patients with serious co-morbidity (e.g. end-stage renal failure, cancer) 

that limited their life expectancy to <3 years, were excluded. Recruitment included a wide spectrum of 

age, both genders and significant sub-groups with established risk factors for CHD including hypertension 

and type II diabetes. Demographic and clinical data were collected at baseline, including blood pressure, 

height, weight, electrocardiogram (ECG), echocardiography, family and personal medical history and 

medication regimes as described previously [2, 3]. The collection of data and samples was done by the 

corresponding baseline clinic staff coordinated by the CDCS cohort stewards specified in Section 1.5.  

 

Plasma samples were assayed for natriuretic peptides (ANP, NT-ANP, BNP, NTproBNP, CNP, NT-CNP) 

and other cardiometabolic variables (total cholesterol, creatinine, urate, troponin I, aldosterone, endothelin 

and adrenomedullin). Measurement methods for these variables are described elsewhere [2, 3].  Patients 

were followed for a median of 5.04 (0.08–9.49) years. Patients attended follow-up clinics at 3–5 months 

and 12–14 months post-onset of ACS and participants completed questionnaires at 2- and 3-years post-

discharge. Ethnicity was self-declared and categorised as European, Māori/Pasifika (Pacific Islander), 

Asian and Middle Eastern/Latin American/African (MELAA). Standardised transthoracic 

echocardiography was performed at baseline and at each follow-up clinic either at Christchurch Hospital 

or University of Auckland clinics, as described previously [1, 2, 4]. The study was approved by the New 

Zealand (NZ) Multi-Region Ethics Committee and registered with the Australian New Zealand Clinical 

Trials Registry (ACTRN12605000431628 on 16 September 2005). All participating patients provided 

written, informed consent. Access to the cohort dataset and DNA samples was established by agreement 

between Massey University and the University of Otago. 
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3.1.2 Canterbury Healthy Volunteers Study (HVOL)  

 

A subset (n = 1183), age and gender matched with the CDCS cohort were selected from the Canterbury 

Healthy Volunteers Study (HVOL, n = 3,358) [5]. Participants in the HVOL were randomly selected from 

the electoral roll of Canterbury, New Zealand, excluding those with prior hospital admissions and cardiac 

diagnoses. CVD risk factors, anthropometric measures, personal health information and family history of 

cardiovascular events were recorded for each participant. Plasma sample aliquots were biobanked at -80 

°C and assayed for different analytes as previously described [5]. Recruitment commenced in January 

2002, and clinical events were documented from the NZHIS over a median follow-up of 9.2 years (range 

20 days – 16.5 years). Sample collection and analyte measurements were carried out by researchers from 

the Christchurch Cardioendocrine Research Group (Department of Medicine, University of Otago) as 

described by Ellis et al. (2011) [5].  The study was approved by the New Zealand Health and Disability 

Ethics Committee (Reference CTY/01/05/062) and registered with the Australian New Zealand Clinical 

Trials Registry (ACTRN1260500448640). All participants gave written, informed consent. Access to the 

cohort dataset, DNA (n = 1183) and plasma (n = 223) samples was established in an agreement between 

Massey University and the University of Otago. 

3.1.3 Clinical events 

 

Clinical events in CDCS and HVOL were documented at scheduled follow-up clinic visits, through 

consulting patient notes and Hospital Patient Management System databases plus regular updates and 

corroboration acquired from the NZ Health Information Service.  

 

Endpoints of interest included death from any cause, myocardial infarction (ST elevated, non-ST elevated 

or unspecified), stroke (ischaemic or haemorrhagic), heart failure and unstable angina. Additional death 

categories include cardiac, cardiovascular and MI related death. Cardiac death was defined as any death 

due to a heart condition (e.g. MI, arrythmia, heart failure) whereas cardiovascular death includes all 

cardiac deaths plus those that involve vascular conditions (e.g. stroke).  

 

The composite variable major adverse cardiovascular event (MACE) was also used. MACE included 

patients presenting any of the following: any cause of death, any type of MI (ST elevated, non-ST elevated 



 

55 
 

or unspecified) or any type of stroke (ischaemic or haemorrhagic). Survival times and readmission events 

were calculated from the date of index admission.  

3.2 Genetic Methods 

3.2.1 Variant imputation 

 

Genome wide imputation data was generated for the CDCS and HVOL by Dr Vinicius Tragante (deCODE 

Genetics, Reykjavik). This involved genotype calling using the Axiom Analysis Suite (ThermoFisher 

Scientific) in conjunction with the database Axiom_PMDA_Plus.r6 and mapping done with genome 

assembly hg38 (Dr Vinicius Tragante, personal communication). A total of 800,000 variants were called 

across 21 microplates each with capacity for 96 samples. Quality control was performed using Plink 1.9 

[6] to remove SNP missingness (>3%), individual missingness (>2%), relatedness (PI_HAT > 0.1) and 

variants not in Hardy-Weinberg equilibrium (p < 1 x 10-6). 

 

For this PhD project, Juan Carlos Meza Alvarado selected SNPs which had reported associations with 

cardiometabolic parameters, CVD risk or had reports as eQTL SNPs for VEGF-A levels (discussed in 

Chapter 2). Additional variants considered for the VEGFR2 locus (Chapter 5) included those that 

overlapped with genomic regulatory regions (e.g. transcription factor binding motifs, enhancer signatures) 

based on genome assembly GRCh38/hg38 from the University of California, Santa Cruz Genome Browser 

(http://genome.ucsc.edu) and Ensembl databases [7, 8].  In total 47 SNPs were selected over three 

chromosomes with 30 mapping to the VEGFA locus on human chromosome 6 (Chapter 4), 13 mapping to 

the VEGFR2 locus on chromosome 4 (Chapter 5) and 4 SNPs located between the VLDLR and KCNV2 

genes on chromosome 9 (Chapter 6).  

 

Extraction of the imputed genotype data for the 47 selected variants from the CDCS and HVOL genome-

wide imputation dataset was performed by Dr Vinicius Tragante (deCODE Genetics, Reykjavik). 

Specifically, imputation was carried out for the selected 47 SNPs using the Michigan Imputation Server, 

which implemented the ‘minimac4’ algorithm [9]. Strand-aligned genotype data were loaded into the 

server. The imputation was performed using the HRC r1.1 2016 reference panel and GRCh37/hg19 array 

build in ‘Quality Control and Imputation’ mode (population = other/mixed). Phasing was performed with 

Eagle v2.4. All biallelic variants with imputation quality threshold of INFO score ≥ 0.3 were extracted (Dr 

http://genome.ucsc.edu/
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Vinicius Tragante, personal communication). The quality of the imputation was assessed by r2-values with 

r2=1 meaning the strand-aligned and imputed genotypes match perfectly. Imputed genotypes for the 

selected SNPs were available for 1935 CDCS patients and 1183 HVOL individuals.  

 

3.2.2 DNA extraction 

 

Four saliva sample donations were provided by the supervisory team at Massey University Wellington 

Campus to be used as DNA controls for TaqMan SNP genotyping (Section 3.2.3). The donations were 

collected and processed by Juan Carlos Meza Alvardo. The extraction process consisted of the donor 

rinsing their mouth vigorously with 10 mL of a 4% sucrose solution for 1 minute. This volume was 

recollected into a 50 mL tube. Immediately, each saliva sample was centrifuged at 1,620 x g for 10 minutes 

at room temperature. The supernatant was discarded while the pellet was resuspended in 500µL of 

phosphate buffer saline (PBS) 1X. The resuspended buccal cell mixture was then transferred to two 1.5 

mL microcentrifuge tubes, each containing a volume between 250 and 300 µL. Subsequently, both tubes 

were centrifuged at 16,100 x g for 1 minute at room temperature and the supernatant was discarded.  

 

The DNeasy Blood & Tissue kit (Qiagen) was used following the manufacturers’ instructions to purify 

DNA from the pellet of buccal cells. Briefly, the buccal cell pellet was resuspended in 200 µL of PBS and 

20 µL of proteinase K (20 mg/mL) were added. Following this, 200 µL of lysis buffer AL were added and 

the suspension was mixed thoroughly by vortexing. Immediately, the samples were incubated at 56°C for 

10 minutes. Afterwards, 200 µL of 100% ethanol were added and mixed thoroughly by vortexing. The 

contents were then transferred into DNeasy Mini spin column (Qiagen)  in a 2 mL collection tube (Qiagen). 

The column and tube were centrifuged for 1 minute at 6000 g. The flowthrough and collection tube were 

discarded while the spin column was placed in a new 2 mL collection tube. An additional 500 µL of Buffer 

AW1 were added to the spin column which was then centrifuged for 1 minute at 6000 g. Similarly, the 

flowthrough and collection tube were discarded while the spin column was placed in a new 2 mL collection 

tube. An additional 500 µL of Buffer AW2 were added to the spin column which was then centrifuged for 

3 minutes at 16,100 x g . The flowthrough and collection tube were discarded while the spin column was 

placed in a new 1.7 mL microtube (Axygen). The DNA was eluted from the column by adding 100 µL of 

Buffer AE. Afterwards, the column was incubated for 1 minute at room temperature and centrifuged for 1 

minute at 16,100 x g . The purified genomic DNA was quantified using a DS-11 spectrophotometer 
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(DeNovix, Wilmington, USA) using the preprogramed double strand DNA (dsDNA) quantification 

function. 

3.2.3 TaqMan SNP genotyping 

 

Manual genotyping to validate imputed genotype data was performed for 2027 DNA samples from the 

CDCS cohort and 1177 samples from the CHVS cohort. The genotyping used the allelic (VIC and FAM-

labelled) discrimination method. This involved the use of predesigned TaqMan assays (ThermoFisher 

Scientific) for two survival-associated SNPs in human chromosome 6 (Chapter 4). The assays were 

C__11542106_10 for rs6921438 and C__29965406_20 for rs7767396. Juan Carlos Meza Alvarado 

performed the genotyping for both Chromosome 6 SNPs (rs6921438 and rs7767396) using 2027 DNA 

samples from the CDCS cohort and 1177 samples from the CHVS cohort. Manual genotyping for 

rs6921438 and rs7767396 addresses Research Objective 4 (Chapter 1, Section 1.3). 

 

For rs6921438 and rs7767396 genotyping reactions were performed using a Roche LightCycler LC96 

system (Roche Diagnostics Ltd., Rotkreuz, Switzerland) in 96 well plates. Each 10 µL reaction volume 

included TaqMan Master Mix (Applied Biosystems),  SNP-specific primers (TaqMan probe) and 1 ng of 

genomic DNA. As quality control, a random selection of 10% of samples (n = 210) from the CDCS cohort 

were re-genotyped with 99.5% concordance with the original genotypes. Each plate included three DNA 

samples (Section 3.2.2) as experimental controls for each genotype group (homozygous reference, 

heterozygous and homozygous for the minor allele) and a non-template control of nuclease free water 

(Invitrogen). Genotype groups were determined based on scatter plot and fluorescent measurements as 

determined by the LightCycler LC96 system “Endpoint Genotyping” Analysis Software. The 

experimental conditions for the polymerase chain reaction (PCR) of each plate were as follows: 

 

Table 3.1. TaqMan SNP Genotyping PCR Conditions 

Step Temperature Time Cycles 

Polymerase activation 95 °C 10 min 1 

DNA Denaturation 95 °C 15 s 40 

TaqMan Probe Annealing and DNA extension 60 °C 1 min 40 

 

Pre-existing manual genotyping data was used to validate imputed genotype data on two SNPs in human 

chromosome 4 (Chapter 5). Manual genotype data available for CDCS patients included variants 
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rs2305948 (n = 1752) and rs1870377 (n = 1912). The DNA extraction and SNP genotyping conditions for 

both chromosome 4 variants were carried out by Marks et. al. (2018) as described previously [2]. 

3.3 Plasma VEGF-A assay 

 

Plasma samples for the CDCS and HVOL participants were collected and stored at -80˚C by the 

Christchurch Heart Institute as described previously [1, 2]. Levels of VEGF-A at baseline from a subset 

of 549 CDCS participants were originally reported by Palmer, et al (2021) [3]. For this PhD project, Juan 

Carlos Meza Alvarado measured VEGF-A levels in a subset of 223 plasma samples from the HVOL 

cohort. VEGF-A plasma level data generated for the 223 HVOL plasma samples were compared with the 

VEGF-A data previously generated by Palmer et al. (2021) for the CDCS cohort. The HVOL plasma 

samples were determined using a predesigned quantitative sandwich enzyme linked immunosorbent assay 

(ELISA) kits to measure VEGF-A concentration (R&D Systems Europe, Abingdon, UK).  

 

Each kit included a calibrator diluent (RD6U), a buffered protein base assay diluent (RD1W), a Wash 

Buffer Concentrate, a Substrate solution, a Stop solution, a human VEGF standard, a polyclonal antibody 

specific for human VEGF conjugated with horseradish peroxidase (VEGF Conjugate), adhesive strips and 

a 96-well microplate pre-coated with a monoclonal antibody specific for human VEGF. Each microplate 

included two technical replicates for each sample and a standard dilution series of VEGF-A standard. A 

standard curve was generated from the standard dilution series, described below, for each set of samples 

analysed per plate (n = 38 samples). The VEGF-A assay’s detectable concentration range was 0 – 115 

pg/mL.  

 

To produce a VEGF dilution series, the human VEGF Standard was reconstituted to a 2000 pg/mL stock 

solution by using 1 mL of the R&D calibrator diluent RD6U. This solution was diluted to prepare an 8-

point standard curve. This involved adding 500 µL of the RD6U Diluent to six empty 1.7 mL microtubes 

(Axygen). A total of 500 µL were taken from the stock solution and added to a microtube with RD6U 

Diluent to create a 1000 pg/mL solution. The diluted mixture was mixed thoroughly by vortexing. This 

process of adding 500 µL from a dilution to a tube with RD6U diluent was repeated five more time to 

produce dilutions at 500 pg/mL, 250 pg/mL, 125 pg/mL, 62.5 pg/mL, and 31.3 pg/mL. Stock RD6U was 

used as the 0 pg/mL dilution. The process to develop the dilutions is displayed in Figure 3.1.  
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Figure 3.1 Dilution series production from a standard solution. The initial volume of assay diluent in each tube and the 

final concentrations used in the dilution series are specified. 

 

Each 1 mL HVOL plasma aliquot was thawed and vortexed for 30 s followed by centrifugation at 2,400 

x g for 15 s at 4°C to sediment cellular debris. A total of 100 µL of RD1W assay diluent were added to 

each well. Immediately, 100 µL of each sample were added to each well. The plate was then covered with 

an adhesive strip and incubated for 2 hours at room temperature (~20 °C). Following the incubation, the 

sample-RD1W mixture was removed through decantation. Then, each well was washed by adding 400 µL 

of 1X Wash Buffer and removing it through decantation. This process was repeated three times. On the 

last wash, removal of Wash Buffer was done by aspiration followed by plate inversion and blotting on 

clean paper towels. Subsequently, 200 µL of VEGF conjugate were added to each well and the plate was 

incubated for 2 hours. After this incubation, the plate was washed as described previously. The VEGFA-

VEGF conjugate complexes formed were detected by adding 200 µL of Substrate Solution to each well. 

The reaction was developed in the dark for 25 minutes at room temperature (~20 °C) and stopped by 

adding 50 µL of stop solution to each well.  

 

The reactions were then measured with the FLUOstar Omega microplate reader (BMG Labtech) at 570 

nm and 450 nm. The optical density (OD) readings for each VEGF-A ELISA plate were exported in CSV 

format with the MARS 3.32 (BMG Labtech), and the calculations for VEGF-A concentration were done 

in Microsoft Office Excel. Data treatment involved generating OD corrected values for each well by 
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subtracting the 570 nm readings from their 450 nm counterparts. Afterwards, these OD corrected values 

were averaged for each technical duplicate of each sample and standard curve dilution. Lastly, the average 

of the OD corrected value for the blank well (0 pg/mL) was subtracted from all wells. A standard curve 

was generated using the resultant OD values for the standard dilution series and plotted against their 

respective concentrations. The sample resultant OD values were used to calculate VEGF-A concentration 

by using the standard curve. VEGF-A concentration was reported as pg/mL. 

3.4 Statistical analysis 

 

Univariate analyses were performed by the student to test associations between all 51 imputed SNP 

genotypes and baseline data for anthropomorphic measurements, analyte levels and echocardiographic 

measurements using Chi-squared (χ2) and ANOVA tests, with age as a covariate with Bonferroni 

correction, where applicable. All SNP variants were analysed in a genotypic model. Due to low frequency 

(< 5 %) of the minor allele “a” for 8 of the 51 imputed SNPs, statistical comparisons between genotype 

groups were performed using a dominant model (AA vs Aa/aa). Skewed data were log-transformed before 

analysis and geometric means with 95% confidence intervals reported. The survival of groups was 

compared using Kaplan-Meier analysis and the log-rank test.  

 

Candidate CVD risk variants were selected from among all the imputed SNPs if the ANOVA data 

presented significant association (p<0.05) or trended towards significance close to significant association 

(p<0.1) with cardiac risk markers or with VEGF-A levels. The selected variants were analysed for 

univariate association with survival using the Kaplan-Meier log-rank test and multivariate Cox 

proportional hazards to identify independent associations between genotype groups and all-cause 

mortality. The multivariate survival analyses included the following established predictors: age, gender, 

previous MI, beta blocker treatment, physical activity, and NTproBNP levels. This process will cover 

Research Objectives 2 and 3 (Chapter 1, Section 1.3). 

 

The ANOVA, Kaplan-Meier and Cox proportional hazards multivariate analyses were repeated using 

manual genotyping data where available (Section 3.2.3), with survival tests expanded to include six 

clinical outcome endpoints (all-cause mortality, STEMI, NSTEMI, unstable angina, MACE and HF). 

Additional predictors included in the multivariate Cox models were statistically significant variables 

identified from the ANOVA tests for specific SNPs. Significant findings will cover Research Objective 5 
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(Chapter 1, Section 1.3) All analyses were performed using SPSS version 28.0.1.1 (IBM, Armonk, USA). 

Statistical significance was set at the 5% level (p<0.05). 

3.5 Genomic context analysis  

 

The genomic context for selected candidate CVD risk variants or survival associated variants (Section 

3.4) was explored by the student to identify if the variants overlapped transcription factor binding motifs 

or regulatory regions involved with CVD risk. This assessment involved using assembly GRCh38/hg38 

from the University of California, Santa Cruz Genome Browser (http://genome.ucsc.edu), the associated 

JASPAR database of transcription factor motifs, the Ensembl database and HaploReg databases [6, 10, 

11]. This addresses Research Objective 6 (Chapter 1, Section 1.3). Relevant transcription factor binding 

motifs or regulatory regions are specified in the chapter corresponding to each variant’s respective 

chromosome. This applied to n=13 SNPs with n=2 located in human chromosome 6 (Chapter 4), n = 7 in 

human chromosome 4 (Chapter 5) and n = 4 in human chromosome 9 (Chapter 6).  

 

  

http://genome.ucsc.edu/


 

62 
 

3.6 References 

 
1. Ellis, K.L., et al., Genomic risk variants at 1p13.3, 1q41, and 3q22.3 are associated with subsequent 

cardiovascular outcomes in healthy controls and in established coronary artery disease. Circulation 

Cardiovascular Genetics, 2011. 4(6): p. 636-46. 

2. Marks, E.C.A., et al., Plasma levels of soluble VEGF receptor isoforms, circulating pterins and VEGF 

system SNPs as prognostic biomarkers in patients with acute coronary syndromes. BMC Cardiovascular 

Disorders, 2018. 18(1): p. 169. 

3. Palmer, B.R., et al., Vascular endothelial growth factor-A promoter polymorphisms, circulating VEGF-A 

and survival in acute coronary syndromes. PLOS One, 2021. 16(7): p. 1-15. 

4. Palmer, B.R., et al., Angiotensin-converting enzyme 2 A1075G polymorphism is associated with survival in 

an acute coronary syndromes cohort. American Heart Journal, 2008. 156(4): p. 752-758. 

5. Lassé, M., et al., Fibrinogen and hemoglobin predict near future cardiovascular events in asymptomatic 

individuals. Scientific Reports, 2021. 11(1): p. 4605. 

6. Chang, C.C., et al., Second-generation PLINK: rising to the challenge of larger and richer datasets. 

GigaScience, 2015. 4(1). 

7. Kent, W.J., et al., The human genome browser at UCSC. Genome Research, 2002. 12(6): p. 996-1006. 

8. Martin, F.J., et al., Ensembl 2023. Nucleic Acids Research, 2022. 51(D1): p. D933-D941. 

9. Das, S., et al., Next-generation genotype imputation service and methods. Nature Genetics, 2016. 48(10): 

p. 1284-1287. 

 

  



 

63 
 

Chapter 4.- Study on VEGFA locus SNPs 
 

This chapter focuses on the work involving 30 SNPs mapping to the VEGFA locus (human chromosome 

6) which had associations reported with cardiometabolic parameters or CVD risk in the existing literature 

(Chapter 2.- Literature review). This addresses project aim A as well as research objectives 2 and 3 

(Chapter 1, Section 1.3).  

 

The chapter highlights the experimental findings surrounding two VEGF-A eQTL SNPs located in a non-

coding region near VEGFA. These results address project aim B as well as research objectives 4 and 5 

(Chapter 1, Section 1.3). 
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4.1 Abstract 

Background: Cardiovascular disease (CVD) is the leading cause of death worldwide. Risk 

stratification of patients with CVD may be improved by predictive biomarkers, including genetic markers. 

Vascular endothelial growth factor A (VEGF-A) promotes angiogenesis, endothelial cell proliferation and 

vascular permeability regulation. Elevated circulating VEGF-A levels have been linked to CVD and single 

nucleotide polymorphisms (SNPs) have been previously associated with VEGF-A levels. We explored 

whether SNPs on the VEGFA locus are associated with VEGF-A levels and with clinical outcomes in 

patients with established coronary disease. VEGF-A levels were compared between coronary patients and 

heart healthy controls. 

Methods: Imputed genotype data for 30 SNPs on human chromosome 6 from 1935 patients from 

the Coronary Disease Cohort Study (CDCS) and 1183 individuals from the Canterbury Healthy Volunteers 

Study (HVOL) were analysed for associations with cardiometabolic parameters using one-way ANOVA. 

Association with clinical endpoints was assessed using Kaplan-Meier analysis and multivariate regression 

models. To validate the findings from imputed data, DNA samples of 2027 CDCS patients and 227 HVOL 

participants were manually genotyped for variants rs6921438 and rs7767396. Plasma VEGF-A was 

measured by ELISA immunoassay in 227 HVOL participants and compared with plasma concentrations 

in 549 CDCS patients. 

Results:  Manual genotyping for rs6921438 and rs7767396 showed: 1) In both cohorts, rs6921438 

AA and rs7767396 GG genotype groups  had lower VEGF-A levels at baseline (CDCS: rs6921438 AA 

(27.7 pg/mL)  v AG (43.3 pg/mL), p = 7.36 x 10-11, AA v GG (63.2 pg/mL) p = 1.49 x 10-22, rs7767396: 

GG (27.4 pg/mL) v AG (42.8 pg/mL) p =1.98 x10-10, GG v AA (61.5 pg/mL) p = 6 x 10-6 ; HVOL  

rs6921438 AA (12.8 pg/mL) v GA (19.9 pg/mL) p = 0.258, AA v GG (26.4 pg/mL) p = 0.017; rs7767396 

GG (12.6 pg/mL) v AG (19.6 pg/mL) p = 0.301; GG v AA (25.9 pg/mL) p =  0.023) 2) rs6921438 AA was 

associated with increased all-cause death risk (p = 0.03), non ST-elevated myocardial infarction (NSTEMI, 

p = 0.0003), heart failure (HF, p = 0.035) and major adverse cardiovascular event (MACE, p = 0.032) risk 

3) rs7767396 GG was associated with increased NSTEMI (p = 0.001) HF (p = 0.023) risk 4) rs6921438 

AA (Hazard Ratio (HR) = 6.6 p = 0.016), rs7767396 GG (HR = 0.149, p = 0.017) and VEGF-A (HR = 

2.64, p = 0.014) were independent HF readmission risk predictors 

Conclusion: Variants rs6921438 and rs7767396 may influence plasma VEGF-A levels. Both SNPs 

and VEGF-A have potential to be used to aid in prognostic risk stratification for HF after acute coronary 

events. 



 

66 
 

4.2 Introduction 

 

CVD is an important contributor to health deficits in New Zealand [1]. Prediction of later outcomes after 

CVD events may be aided by biomarkers [2]. Members of the vascular endothelial growth factor family 

have previously been proposed for CVD risk stratification and may be useful predictors in extant 

coronary disease [3-5]. Vascular endothelial growth factor (VEGF-A) is a key factor in blood vessel 

formation (angiogenesis) and collateral circulation (arteriogenesis), mediated by binding to the receptors 

VEGFR-1 (Flt-1) and VEGFR-2 (KDR) [6]. These receptors are found on the surface of endothelial and 

non-endothelial cells [7]. VEGFR1 participates in angiogenesis, while VEGFR2 is the primary inducer 

of VEGF-mediated blood vessel growth [8-10]. Additionally, VEGFR1 interacts with the co-receptor 

neuropilin-1 (NRP1), which selectively potentiates VEGFR2-mediated vascular permeability, and 

endothelial cell motility in vascular development [11, 12]. Furthermore, VEGFR1 has a soluble splice 

variant (sFlt-1) that acts as a decoy receptor, decreasing VEGF-A plasma concentration and limiting 

KDR binding [7, 8, 13]. 

 

Increased plasma and tissue levels of VEGF-A have been observed in various conditions including 

ischaemic heart disease (IHD), coronary artery disease (CAD), coronary heart disease (CHD), stroke, 

heart failure (HF), and myocardial infarction (MI) [14-17]. Additionally, high VEGF-A levels have been 

associated with various CVD risk factors including smoking, hypercholesterolaemia, diabetes, 

hypertension, metabolic syndrome, and hyperglycaemia [6, 13, 14]. Increased VEGF-A activity impacts 

the vascular system by increasing inflammatory molecule activity (e.g. TNF-α, IL-6) leading to increased 

vascular dilation, adhesion protein expression and trans-endothelial lipid migration which promote 

atherosclerotic lesion development [6, 14, 18-22].  

 

The VEGFA gene has a 16.3kb coding region located at 6p21.1 on the short arm of chromosome 6, 

including eight exons and seven introns [23, 24]. Factors that upregulate VEGF-A gene expression 

include the hypoxia inducible factor, p53 allele polymorphisms, thyroid stimulating hormone, oestrogen 

levels and oxygen tension [8, 22, 23, 25]. VEGF-A circulating levels are influenced by SNPs. Four 

common variants (rs6921438, rs4416670, rs6993770 and rs10738760) distributed across three 

chromosomes have been independently associated with circulating VEGF-A levels and explain up to 
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48% of the heritability of serum VEGF-A levels [26]. A meta-analysis of genome wide association study 

(GWAS) data suggested ten SNPs contributed up to 52% of variance in total circulating VEGF-A [27]. 

Individual studies have also identified that SNPs at the VEGFA gene locus are associated with CVD [24-

26] and CVD risk factors such as lipid metabolites [26–28] and coronary disease biomarkers [24-29]. 

Furthermore, elevated levels of VEGF-A may contribute to CVD onset or progression [5, 28, 29]. We 

explored the relationships of 30 VEGFA gene variants with cardiometabolic variables, including plasma 

concentrations of VEGF-A, in post-acute coronary syndrome patients and heart healthy matched controls 

[3, 4, 30-32]. SNPs were also analysed for associations with clinical endpoints. 

4.3 Results  

4.3.1 Baseline characteristics of study cohorts  

 

Baseline characteristics of the CDCS cohort are given in Table 4.1. The population is predominantly of 

European ethnicity (90%) and male (71.7%). Throughout the follow-up period the clinical outcomes with 

highest rates of occurrence were major adverse cardiovascular events (MACE, n = 862, 40.3%), death (n 

= 500, 23.4%), NSTEMI (n = 488, 22.8%) and HF (n = 392, 8.59%). Additionally, discharge medications 

most reported by study participants were antithrombotic therapy (96.3%) followed by lipid lowering 

medication (86.1%) and vasoactive/anti-adrenergic agents. These include angiotensin converting enzyme 

inhibitors, angiotensin receptor blockers, beta blockers and mineralocorticoid receptor antagonists. 

 

Baseline characteristics of the HVOL cohort are described in Table 4.1. The population was mostly 

European (98.4%) and male (64%). There were no significant differences for age and gender between the 

CDCS patients and HVOL cohort subset. As expected, compared to the CDCS participants this cohort had 

comparatively lower incidence of raised serum cholesterol (31%), hypertension (30.5%) and diabetes 

(5.2%). Additionally, low levels of medication usage were observed with blood pressure lowering 

medication (27.6%) being the most common. 
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Table 4.1. Baseline characteristics of the CDCS and HVOL cohort 

Variables CDCS HVOL p -value 

 n Mean ± SE or n (%) n Mean ± SE or n (%)  

Anthropometric      

Male gender 2026 1453 (71.7%) 250 160 (64%) 1.53 x 10-91 

Age 2026 66.7 ± 0.271 250 68.9 ± 0.522 3.3 x 10-3 

Ethnicity (European, Māori 

& Pasifika, Indian, MELAA) 

2026 90%, 5.9%, 3.8%, 

0.3% 

250 98.4%, 1.6%, 0%, 0%  

BMI (kg/m2) 1998 27.5 ± 0.112 250 26.4 ± 0.261 7 x 10-4 

MI Family history 2012 597 (29.5%) 248 105 (42%) 6.27 x 10-75 

Tobacco (smoker, ex-smoker, 

never smoked) 

2026 6.3%, 57.4%, 36.3% 249 5%, 35.6%, 59.4% 1.38 x 10-211 

Alcohol (drinker, ex-drinker, 

non-drinker) 

2023 63%, 12%, 25% 250 78.8%, 4.4%, 16.8% 2.17 x 10-240 

Cardiovascular Readmission 

after discharge 

2026 1335 (65.9%) N/A  

Previous disease history      

Hypertension 2009 1048 (51.7%) 249 76 (30.5%) 7.59 x10-4 

High Cholesterol 2089 1135 (54.3%) 245 76 (31%) 0.068 

Diabetes 2137 7 (0.3%) 250 13 (5.2%)  

Medication      

Antithrombotic 2026 1951 (96.3%) 250 31 (12.4%) 3.19 x10-274 

Lipid lowering 2026 1792 (88.5%) 250 45 (18%) 9.33 x10-189 

Blood pressure lowering 2022 1740 (86.1%) 250 69 (27.6%) 3.71 x 10-176 
Abbreviations: BMI: Body mass index, CDCS: Coronary Disease Cohort Study, HVOL: Canterbury Healthy Volunteers Study, MELAA: 

Middle Eastern Latin American African, MI: myocardial infarction, SE: Standard Error 

 

4.3.2 SNP genotype analysis   

 

Following initial ANOVA tests on the imputed genotype data obtained on 1935 CDCS patients for 30 

SNPs, five variants (rs4513773, rs6921438, rs7763440, rs7767396, rs11757868) were associated with ten 

variables including VEGF-A and natriuretic peptides (Appendix 4.1). Imputed genotype data for 1183 

HVOL individuals showed five variants (rs4513773, rs6921438, rs7763440, rs7767396, rs11757868) 

were associated with ANP levels (Appendix 4.2). To confirm genotype frequencies and imputed genotype 

findings, manual genotyping was performed for rs6921438 and rs7767396 in 2026 CDCS patients and 

227 HVOL individuals. These variants were selected due to their reported involvement with CVD risk 

pathways.  

 

The CDCS SNP frequencies for manual genotyped samples were rs6921438 GG 26.1%, GA 48.5%, and 

AA 25.4% (minor allele frequency [MAF] “A” = 0.4965); rs7767396 AA 28.4%, AG 48.6%, and GG 23% 

(MAF “G” = 0.472). Compared to the manually genotyped data, the imputed genotype SNP frequencies 
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were rs6921438 GG 28%, GA 49.5%, and AA 22.5% (MAF = 0.473); rs7767396 AA 30.7%, AG 48.3%, 

and GG 21% (MAF = 0.4515). Overall, manual genotyping for rs6921438 and rs7767396 was concordant 

with imputed genotypes from the CDCS cohort (rs6921438 – 60.5% r2 = 0.534, rs7767396 – 60.8% r2 = 

0.537, p < 0.001). Genotype frequencies for this cohort are summarised in Appendix 4.3. 

 

The HVOL imputed genotype SNP frequencies were rs6921438 GG 28.4%, GA 49.2%, and AA 22.4% 

(MAF = 0.47); rs7767396 AA 30.8%, AG 48.4%, and GG 20.8% (MAF = 0.45). Comparatively, the SNP 

frequencies for manually genotyped samples were rs6921438 GG 23%, GA 53%, and AA 23.9% (MAF = 

0.495); rs7767396 AA 23.8%, AG 53.7%, and GG 22.5% (MAF = 0.4935). Overall, manual genotyping 

for rs6921438 and rs7767396 was concordant with imputed genotypes from the HVOL cohort subset 

(rs6921438 – 56.4% r2 = 0.529, rs7767396 – 56% r2 = 0.535, p < 0.001). Genotype frequencies for this 

cohort are summarised in Appendix 4.3. 

 

4.3.3 rs6921438 and rs7767396 metabolite associations  

 

A summary of the ANOVA analyses using imputed genotype data for rs4513773, rs6921438, rs7763440, 

rs7767396 and rs11757868 in the CDCS is shown in Appendix 4.1. Manual genotyping showed rs6921438 

GG and rs7767396 AA were associated with lower systolic blood pressure (Table 4.2). Additionally, mean 

VEGF-A levels trended to progressively decrease with the addition of minor alleles for each SNP (Table 

4.2, rs6921438 p = 4.49 x 10-22, rs7767396 p = 3.47 x10-21). Specifically, CDCS patients with the 

rs6921438 AA genotype had lower plasma VEGF-A levels than those with the GA genotype (Figure 4.1A, 

p = 7.36 x 10-11) and GG (Figure 4.1A, p = 1.49 x 10-22) groups. Similarly, CDCS patients with the 

rs7767396 GG genotype had lower VEGF-A levels compared to the AG (Figure 4.1B, p = 1.98 x10-10) 

and AA (Figure 4.1B. p = 6 x 10-6) groups.  

  

CDCS VEGF-A levels were compared with VEGF-A levels measured in the HVOL subset (Figure 4.1). 

As expected from a heart healthy cohort, HVOL individuals presented with lower VEGF-A levels 

compared to the CDCS cohort (Figure 4.1). Mean VEGF-A levels trended to progressively decrease with 

the addition of minor alleles for each SNP (rs6921438, p = 0.021, rs7767396 p = 0.029). HVOL individuals 

with the rs6921438 AA genotype (12.8 pg/mL ± 1.61) showed statistically lower plasma VEGF-A than 

the GG (26.4 pg/mL ± 5.63, p = 0.017) but not the GA (19.9 pg/mL ± 1.83, p = 0.258) group. Likewise, 
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individuals carrying the rs7767396 GG genotype (12.6 pg/mL ± 1.74) had statistically lower mean VEGF-

A levels than the AA (25.9 pg/mL ± 5.53, p = 0.023) but not the AG (19.6 pg/mL ± 1.81, AA, p = 0.301) 

group.  

 

For the HVOL imputed genotype data, only ANP levels were significantly associated with five SNPs 

(rs4513773, rs6921438, rs7763440, rs7767396 and rs11757868). No variable besides VEGF-A was 

associated with manual genotyping data on rs6921438 and rs776736 for the HVOL subset.  

 

 

 
 

Figure 4.1. Comparison of mean VEGF-A levels for the CDCS and HVOL cohorts for manual genotypes of A) rs6921438 

and B) rs7767396. Red represents the homozygous reference genotype, green heterozygous genotype, and blue homozygous 

for the minor allele genotype. Red dot indicates mean VEGF-A levels. Lines represent 95% CI SE error bars. * Indicates 

genotype groups that presented statistically significant difference when compared to the reference genotype group of the 

respective cohort (p<0.05). Sample size for each genotype group is showed. 
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Table 4.2.- Manual genotype comparison for a) rs7767396 and b) rs6921438 the CDCS cohort 
a)  rs7767396 Genotypes 

Variable n AA  n AG n GG p 

Anthropometric Variables        

Age (years) 577 65.7 ± 0.505 985 66.9 ± 0.389 465 67.2 ± 0.572 0.073 

Activity (Sed, Mild, Mod, 

Act) 

575 19.7%, 11%, 15%, 54.3%  983 21.6%, 13.6%, 13.3%, 

51.5% 

465 23.7%, 12.7%, 14.4%, 

49.2% 

0.443 

Male Gender 577 435 (75.4%) 985 691 (70.2%) 465 328 (70.5%) 0.069 

Ethnicity (European, 

Māori & Pasifika, Asian, 

MELAA) 

577 87.5%, 5.7%, 6.5%, 0.3% 985 90.4%, 6.1%, 3%, 0.5% 465 92%, 5.6%, 2.4%, 0% 0.008 

Height (m) 571 1.71 ± 0.004 972 1.69 ± 0.003 460 1.70 ± 0.005 0.092 

Weight (kg) 573 80.5 ± 0.672 973 79.3 ± 0.546 459 79.7 ± 0.808 0.428 

BMI (kg/m2)  571 27.6 ± 0.211 969 27.5 ± 0.161 459 27.4 ± 0.228 0.818 

Systolic BP (mmHg) 570 126.9 ± 0.868 963 129.7 ± 0.712 453 129.7 ± 1.04 0.031 

Diastolic BP (mmHg) 570 74.8 ± 0.488 963 74.9 ± 0.391 453 74.3 ± 0.541 0.696 

Beta blocker use 577 497 (86.1%) 985 835 (84.8%) 465 411 (88.4%) 0.179 

Previous MI 570 175 (30.7%) 982 275 (28%) 461 147 (31.9%) 0.261 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

577 6.9%, 57.7%, 35.4% 985 6%, 57.5%, 36.5% 465 6.2%, 56.8%, 37% 0.941 

Analytes        

Cholesterol (mmol/L) 454 4.94 ± 0.056 774 4.89 ± 0.042 364 4.84 ± 0.062 0.462 

Creatinine (mmol/L) 559 99.8 ± 2.06 958 97.9 ± 1.59 451 101.6 ± 2.64 0.434 

Urate (mmol/L) 330 0.369 ± 0.006 583 0.372 ± 0.004 270 0.377 ± 0.006 0.646 

Troponin I (ng/L) $ 549 35.5 (23.5 – 47.4) 944 49.7 (20.6 – 78.9) 441 32.5 (20.2 – 44.8)  0.517 

ANP (pg/mL) $ 575 41.7 (39.2 – 44.1) 980 43.6 (41.6 – 45.6) 460 45.1 (42.3 – 47.9) 0.210 

NT-ANP (pmol/L) $ 575 1.29 (1.21 – 1.38) 979 1.33 (1.25 – 1.39)  460 1.43 (1.31 – 1.55) 0.205 

BNP (pmol/L) $ 575 24.1 (21.7 – 26.5) 980 26.7 (24.5 – 28.8) 460 28.5 (25.04 – 31.9) 0.157 

NTproBNP (pg/ml) $ 575 119.3 (108 – 130.7) 980 136.9 (124.9 – 149.1) 460 149.4 (129.3 – 169.4) 0.111 

CNP (pmol/L) $ 568 0.641 (0.605 – 0.678) 964 0.668 (0.639 – 0.697)  453 0.677 (0.629 – 0.725) 0.505 

NT-CNP (pmol/L) $ 567 23.4 (21.5 – 25.2) 962 22.5 (20.9 – 24.2) 453 23.3 (21.2 – 25.3) 0.223 

Aldosterone (pmol/L) $ 562 170.2 (145.2 – 195.3) 956 165.4 (158.4 – 172.5) 445 161.1 (150.9 – 171.2) 0.598 

Endothelin(pmol/L) $ 575 2.66 (2.58 – 2.74) 980 2.66 (2.59 – 2.73) 460 2.74 (2.65 – 2.83) 0.252 

Adrenomedullin (pg/ml) $ 558 8.56 (8.09 – 9.03) 942 8.48 (8.19 – 8.77) 450 8.68 (8.18 – 9.19) 0.693 

VEGF-A (pg/mL) $ 161 61.5 (53.9 – 69.1) 253 42.8 (39.6 – 46.1) 119 27.4 (24.9 – 29.9) 3.47 x 10-21 
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b)    rs6921438 genotypes 

Variable n GG n GA n AA p 

Anthropometric Variables        

Age (years) 529 65.7 ± 0.526 983 67.1 ± 0.387 514 66.8 ± 0.55 0.090 

Activity (Sed, Mild, Mod, 

Act) 

527 20.3%, 10.2%, 15.4%, 54.1% 981 21.1%, 13.5%, 13.3%, 

52.1% 

514 23.5%, 13.8%, 14.4%, 

48.3% 

0.253 

Male Gender 529 400 (75.6%) 983 689 (70.1%) 514 364 (70.8%) 0.066 

Ethnicity (European, 

Māori & Pasifika, Asian, 

MELAA) 

529 89.4%, 4 %, 6.2%, 0.4% 983 90.2%, 6.6%, 2.8%, 0.4% 514 90.3%, 6.4%, 3.1%, 

0.2% 

0.013 

Height (m) 523 1.71 ± 0.004 972 1.69 ± 0.003 507 1.70 ± 0.004 0.064 

Weight (kg) 525 80.5 ± 0.703 973 79.2 ± 0.538 506 80.0 ± 0786 0.320 

BMI (kg/m2)  523 27.6 ± 0.215 969 27.5 ± 0.159 506 27.6 ± 0.228 0.865 

Systolic BP (mmHg) 522 126.4 ± 0.898  962 129.7 ± 0.707 501 129.9 ± 1.004 0.010 

Diastolic BP (mmHg) 522 74.4 ± 0.502 962 75.1 ± 0.386 501 74.4 ± 0.526 0.465 

Beta blocker use 529 455 (86%) 983 840 (85.5%) 514 449 (87.4%) 0.600 

Previous MI 522 158 (30.3%) 980 287 (29.3%) 510 152 (29.8%) 0.922 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

529 7.4%, 57.6%, 35% 983 5.9%, 57.6%, 36.5% 514 6%, 56.8%, 37.2% 0.793 

Analytes        

Cholesterol (mmol/L) 419 4.96 ± 0.058  767 4.87 ± 0.042 404 4.86 ± 0.059 0.363 

Creatinine (mmol/L) 514 98.7 ± 2.003 956 97.9 ± 1.58 497 102.8 ± 2.64 0.214 

Urate (mmol/L) 304 0.372 ± 0.006 585 0.37 ± 0.004  295 0.377 ± 0.006 0.610 

Troponin I (ng/L) $ 504 31.5 (22.3 – 40.7) 943 52.4 (22.8 – 81.9) 486 31.9 (20.7 – 43.2) 0.786 

ANP (pg/mL) $ 527 41.4 (38.8 – 43.9) 979 43.9 (41.9 – 45.9) 508 44.6 (41.9 – 47.2) 0.269 

NT-ANP (pmol/L) $ 527 1.28 (1.19 – 1.37) 978 1.34 (1.27 – 1.41) 508 1.41 (1.3 – 1.52) 0.293 

BNP (pmol/L) $ 527 23.5 (21.01 – 26.04) 979 26.8 (24.7 – 29.02) 508 28.4 (25.2 – 31.6) 0.074 

NTproBNP (pg/ml) $ 527 117.1 (105.3 – 128.8) 979 138 (125.9 – 150.1) 508 147.7 (129.1 – 166.2) 0.087 

CNP (pmol/L) $ 520 0.639 (0.600 – 0.678) 965 0.670 (0.641 – 0.699) 499 0.676 (0.631 – 0.720) 0.535 

NT-CNP (pmol/L) $ 519 22.7 (21.4 – 23.9) 963 22.5 (20.9 – 24.2) 499 24.03 (21.5 – 26.5) 0.246 

Aldosterone (pmol/L) $ 515 168.9 (141.7 – 196.1)  955 166.8 (159.7 – 173.9) 492 160.9 (151.3 – 170.5)  0.207 

Endothelin (pmol/L) $ 527 2.66 (2.58 – 2.74) 979 2.65 (2.59 – 2.72) 508 2.74 (2.66 – 2.83) 0.153 

Adrenomedullin (pg/ml) $ 510 8.68 (8.17 – 9.19) 944 8.48 (8.19 – 8.77) 495 8.56 (8.09 – 9.03)  0.970 

VEGF-A (pg/mL) $ 148 63.2 (55.1 – 71.3) 257 43.3 (40.1 – 46.6) 130 27.7 (25.3 – 30.2) 4.49 x 10-22 
$Log10 transformed p-values are reported. Mean ± standard error or Mean (95% CI range) or incidence (%) are reported. Significantly associated variables and their p-values are shown in 

bold.  Abbreviations: Act: active (≥30 minutes on ≥3 days/week),  ANP: atrial natriuretic peptide, BP: blood pressure, BMI: body mass index, BNP: B-type natriuretic peptide, CNP: C-type 

natriuretic peptide, MELAA: Middle Eastern/Latin American/African, MI: Myocardial infarction, Mod: moderate (≥30 minutes on 2 days/week), NT-ANP Amino terminal atrial natriuretic 

peptide, NT-CNP: Amino terminal C-type natriuretic peptide NTproBNP = amino-terminal pro-B type natriuretic peptide, Sed: Sedentary, VEGF-A: Vascular endothelial growth factor A. 
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4.3.4 Univariate survival association of selected SNPs in the CDCS cohort 

 

Imputed rs6921438 and rs7767396 genotype data (Figure 4.2) were associated with risk of all-cause death. 

Those homozygous for the minor allele genotypes (rs6921438 AA and rs7767396 GG) were more likely 

to die over the follow up period (8 years). When repeating the analysis using manual genotyping data, 

patients carrying rs6921438 AA were more likely to die during the follow up period (Figure 4.3A), had 

higher likelihood of having a readmission for NSTEMI (Figure 4.3B), HF (Figure 4.3C) or MACE (Figure 

4.3D). Patients with the rs7767396 GG genotype were more often readmitted for NSTEMI (Figure 4.4A) 

or HF (Figure 4.4B), but this genotype was not significantly associated with all-cause death or MACE. 

 

 
Figure 4.2. Kaplan-Meier survival plot for imputed genotypes of rs6921438 and rs7767396 in the CDCS cohort. Survival 

versus all-cause death stratified by genotypes of A) rs6921438 and B) rs7767396. Genotypes are colour coded blue for 

homozygous reference, green for heterozygous and red for homozygous for the minor allele. Patients are risk reported for every 

2-year interval.  
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Figure 4.3. Kaplan-Meier survival plots of rs6921438 manual genotypes. Survival versus A) all-cause death, B) Non-ST-

elevation myocardial infarction (NSTEMI) C) Heart Failure and D) Major adverse cardiovascular events (MACE) 

within the CDCS cohort. Genotypes are colour coded blue for GG, green for GA and red for AA.  

 

  
 
Figure 4.4. Kaplan-Meier survival plots of rs7767396 manual genotypes. Survival versus A) Non-ST-elevation 

myocardial infarction (NSTEMI) and B) Heart Failure within the CDCS cohort. Genotypes are colour coded blue for AA, 

green for AG and red for GG.  
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4.3.5 Multivariate survival association of selected SNPs in the CDCS cohort 

 

Cox proportional hazards models for all-cause mortality showed imputed rs6921438 and rs7767396 

genotypes were associated with increased risk (Table 4.3). When using manual genotype data in a similar 

model, neither SNP was significantly associated with increased risk of mortality (Table 4.4). We observed 

that baseline plasma VEGF-A was an independent predictor of all-cause mortality (Table 4.4, HR = 2.58, 

p = 0.003). A simplified model including NTproBNP, plasma VEGF-A and both variants showed VEGF-

A (Table 4.5, HR = 2.22, p – 0.009) and NTproBNP (Table 4.5, HR = 6.62, p = 4.3 x 10-23) were 

significantly associated with increased risk of mortality.  

 

Table 4.3. Cox proportional hazards regression model for all-cause mortality in the CDCS cohort 

using imputed genotypes for rs6921438 and rs7767396. (n = 499, n = 161 (32.3%) events) 

Predictor Coeff. SE Wald P-value HR 95% CI for HR 

Lower Upper 

Gender 0.073 0.193 0.143 0.705 1.08 0.737 1.57 

Ethnicity    1.28 0.735    

European v Pasifika  -0.523 1.08 0.233 0.629 0.593 0.071 4.94 

European v Asian  1.04 1.03 1.03 0.311 2.83 0.377 21.2 

European v MELAA -6.22 213.3 0.001 0.977 0.002 4.8 x10-185 8.1 x10178 

*Physical Activity $$ -0.319 0.070 21.01 *4.5 x 10-6 0.727 0.634 0.833 

*Previous MI 0.571 0.169 11.4 *7.1 x10-4 1.77 1.27 2.46 

*Age 0.067 0.011 33.9 *5.6 x10-9 1.07 1.04 1.09 

*Body mass index -0.052 0.022 5.75 *0.016 0.949 0.910 0.991 

Urate 1.56 0.850 3.38 0.066 4.78 0.903 25.2 

*Creatinine 0.005 0.001 10.4 *0.001 1.005 1.002 1.007 

Beta blocker -0.180 0.229 0.615 0.433 0.835 0.533 1.31 

*Log10 NTproBNP$ 0.867 0.257 11.4 *0.001 2.37 1.43 3.93 

*Log10 VEGF-A$ 0.906 0.298 9.25 *0.002 2.47 1.38 4.43 

*rs6921438 genotype   9.87 *0.007    

GG v GA 0.200 0.488 0.167 0.682 1.22 0.470 3.17 

*GG v AA 1.64 0.647 6.46 *0.011 5.17 1.45 18.3 

*rs7767396 genotype   7.64 *0.022    

AA v AG -0.312 0.473 0.436 0.509 0.732 0.290 1.84 

*AA v GG  -1.58 0.649 5.93 *0.015 0.206 0.058 0.735 

Time to sampling 0.005 0.008 0.358 0.549 1.005 0.989 1.02 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP or VEGF-A level. 

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 days/week. 

Significant variables and their p-values are in bold and “*.” 

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-terminal 

pro-B type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 
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Table 4.4. Cox’s proportional hazards regression model for all-cause mortality in the CDCS 

cohort using manual genotypes for rs6921438 and rs7767396 (n = 506, n= 163 (32.2%) events) 
Predictor Coeff. SE Wald P-value HR 95% CI for HR 

Lower Upper 

Gender 0.101 0.186 0.297 0.586 1.11 0.769 1.59 

Ethnicity    1.14 0.766    

European v Pasifika  -0.500 1.07 0.220 0.639 0.607 0.075 4.91 

European v Asian  0.978 1.03 0.910 0.340 2.66 0.357 19.8 

European v MELAA 
-6.18 201.2 0.001 0.976 0.002 1.24 x10-174 3.47 x 

10168 

*Physical Activity  $$ -0.327 0.069 22.4 *2.2 x 10-6 0.721 0.630 0.826 

*Previous MI 0.516 0.166 9.64 *0.002 1.68 1.21 2.32 

*Age 0.066 0.011 33.9 *5.6 x 10-9 1.07 1.05 1.09 

*Body mass index -0.054 0.022 5.85 *0.016 0.948 0.907 0.990 

Urate 1.21 0.833 2.11 0.146 3.35 0.655 17.2 

*Creatinine 0.004 0.001 8.76 *0.003 1.004 1.001 1.007 

Beta blocker -0.116 0.232 0.251 0.616 0.890 0.564 1.41 

*Log10 NTproBNP$ 0.829 0.254 10.6 *0.001 2.29 1.39 3.77 

*Log10 VEGF-A$ 0.948 0.323 8.60 *0.003 2.58 1.37 4.86 

rs6921438 genotype   2.96 0.228    

GG v GA 0.088 0.505 0.030 0.862 1.09 0.406 2.94 

GG v AA 0.860 0.648 1.76 0.185 2.36 0.663 8.42 

rs7767396 genotype   2.27 0.321    

AA v AG 0.002 0.492 0.000 0.998 1.002 0.382 2.63 

AA v GG  -0.701 0.646 1.17 0.278 0.496 0.140 1.76 

Time to sampling 0.004 0.008 0.292 0.589 1.004 0.989 1.02 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP or VEGF-A level. 

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 days/week. 

Significant variables and their p-values are in bold and “*.” 

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-terminal 

pro-B type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 
 

Table 4.5. Simplified Cox’s proportional hazards regression model for all-cause mortality in the 

CDCS cohort using manual genotypes for rs6921438 and rs7767396 (n = 532, n= 175 (32.9%) 

events) 
Predictor Coeff. SE Wald P-value HR 95% CI for HR 

Lower Upper 

*Log10 NTproBNP$ 1.88 0.191 97.9 *4.3 x 10-23 6.62 4.55 9.62 

*Log10 VEGF-A$ 0.798 0.306 6.81 *0.009 2.22 1.22 4.05 

rs6921438 genotype   3.33 0.189    

GG v GA 0.493 0.490 1.02 0.314 1.64 0.627 4.28 

GG v AA 1.08 0.598 3.28 0.070 2.96 0.915 9.55 

rs7767396 genotype   2.33 0.311    

AA v AG -0.286 0.470 0.370 0.543 0.751 0.299 1.89 

AA v GG  -0.883 0.596 2.19 0.139 0.414 0.129 1.33 

Time to sampling 0.002 0.007 0.081 0.776 1.002 0.988 1.02 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP or VEGF-A level. 

Significant variables and their p-values are in bold and “*.” 

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, NTproBNP = amino-terminal pro-B type natriuretic 

peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 
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An additional model for heart failure readmission had rs6921438 AA associated with increased 

readmission risk (Table 4.6. HR = 6.60 p = 0.016) while rs7767396 GG associated with reduced 

readmission risk (Table 4.6, HR= 0.149, p = 0.017). We observed that elevated baseline plasma VEGF-A 

was an independent predictor of heart failure readmission (Table 4.6, HR = 2.64, p = 0.014). Additional 

multivariate models, without VEGF-A as a covariate, showed rs6921438 and rs7767396 were not 

independent predictors of clinical outcome (Appendices 4.4 to 4.7) 

 

Table 4.6. Cox’s proportional hazards regression model for heart failure readmissions in the 

CDCS cohort including manual genotypes for rs6921438 and rs7767396 (n = 462, 109 (23.6%) 

events) 

Predictor Coeff. SE Wald P-value HR 95% CI for HR 

Lower Upper 

Gender 0.269 0.240 1.25 0.263 1.31 0.817 2.10 

Ethnicity    6.25 0.100    

European v Pasifika  1.09 0.684 2.52 0.113 2.96 0.775 11.3 

European v Asian  2.15 1.09 3.84 0.050 8.55 1.000 73.05 

European v MELAA -4.71 202.2 0.001 0.981 0.009 6.3 x10-175 1.3 x 10170 

*Physical Activity  -0.396 0.086 21.3 *3.9 x10-6 0.673 0.569 0.796 

*Previous MI 0.677 0.203 11.1 *0.001 1.97 1.32 2.93 

*Age 0.062 0.014 19.8 *8.5 x 10-6 1.06 1.035 1.09 

Body mass index -0.013 0.030 0.187 0.666 0.987 0.930 1.05 

*Urate 2.96 1.08 7.47 *0.006 19.3 2.31 161.4 

Creatinine 0.002 0.002 1.23 0.267 1.002 0.998 1.006 

Beta blocker -0.573 0.276 4.31 *0.038 0.564 0.328 0.969 

*Log10 NTproBNP$ 1.73 0.357 23.5 *1.2 x10-6 5.66 2.81 11.4 

*Log10 VEGF-A$ 0.972 0.397 5.99 *0.014 2.64 1.21 5.79 

*rs6921438 genotype   7.55 *0.023    

GG v GA 0.589 0.678 0.756 0.385 1.803 0.477 6.81 

*GG v AA 1.89 0.787 5.75 *0.016 6.60 1.41 30.8 

*rs7767396 genotype   7.78 *0.020    

AA v AG -0.448 0.655 0.469 0.493 0.639 0.177 2.30 

*AA v GG -1.901 0.797 5.69 *0.017 0.149 0.031 0.713 

*Time to sampling 0.021 0.010 4.60 *0.032 1.02 1.002 1.04 

LVEF at baseline 0.000 0.008 0.002 0.963 1.000 0.985 1.02 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP or VEGF-A level. 

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 days/week. 

Significant variables and their p-values are in bold and “*.” 

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, LVEF = left ventricular ejection fraction, MI = 

Myocardial Infarction, NTproBNP = amino-terminal pro-B type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial 

growth factor A 
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4.3.6 Genomic context for rs6921438 and rs7767396 

 

Both rs6921438 and rs7767396 are located downstream from VEGFA (Figure 4.5). The SNPs are 

approximately 1.4 kb from each other between long noncoding RNAs LINC0512 and C6orf23 (Figure 

4.5), approximately 170 kb from the VEGFA locus. Two motifs that overlap with rs6921438 are binding 

sites for transcription factors FOXF2 and FOXH3. FOXF2 has the conserved function of participating in 

mural cell development and, according to the HaploReg database, the A allele of rs6921438 has increased 

FOXF2 binding activity compared to the reference G allele  [33, 34]. Additionally, this variant is in a 

H3K4me2 site that allows access to a nearby promoter region, LINC0512 being the potential target, but 

this was observed only in the liver [34]. Comparatively, rs7767396 does not overlap with an epigenetic 

region, but it can affect a binding motif for STAT3, a cardiac transcription factor [35]. The G allele can 

also affect the binding of NF-AT1 which is linked to lower VEGF-A levels [34, 36].  

 

 

Figure 4.5. Schematic representation of VEGFA locus SNPs. SNPs analysed in the present study are shown in bold. Red 

boxes indicate lncRNAs. Blue box - coding gene for Vascular Endothelial Growth factor A. Green arrows point to individual 

SNP locations. Transcription Factor binding sites overlapping analysed SNPs are named. White arrow indicates SNPs with 

epistatic interaction described by Azimi-Nezhad et al  [37] 

 

4.4 Discussion  

 

Lower plasma VEGF-A levels were univariately associated with rs6921438 AA and rs7767396 GG in 

patients diagnosed with ACS. In univariate survival analyses both SNPs were associated with clinical 

outcomes. rs6921438 AA was associated with increased mortality risk, NSTEMI, HF and MACE 

readmission risk (Figure 4.3). rs7767396 GG was associated with increased NSTEMI and HF readmission 

risk (Figure 4.4). In multivariate analysis higher NTproBNP and VEGF-A levels were independent 
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markers for increased risk of all-cause mortality and HF readmission (Tables 4.6 and 4.7). rs6921438 AA 

was associated with higher HF readmissions while rs7767396 GG was associated with lower risk (Table 

4.6).  

 

On comparing VEGF-A levels by genotype, we observed a trend of mean VEGF-A levels progressively 

decreasing with the addition of minor alleles for rs6921438 and rs7767396 in both cohorts. GWAS 

analyses using healthy individuals have observed that rs6921438 A is associated with lower serum VEGF-

A levels [26, 27] and this variant can explain 41.2% of VEGF-A serum level variance [26]. A similar trend 

on the reduction of plasma VEGF levels was noted for rs7767396’s minor allele in two oncological cohorts 

[36]. The impacts of specific alleles have been noted for other VEGF-A related SNPs on chromosome 6 

(rs2010963, rs4416670, rs1740073, rs699947) whose major alleles have been associated with increased 

VEGF serum levels [26, 27, 38, 39]. Our results support lower VEGF-A plasma levels are associated with 

minor alleles of rs6921438 and rs7767396. 

  

We observed an association between rs6921438 AA and rs7767396 GG (homozygous minor allele 

genotype) imputed data and mortality (Figure 4.2 and Table 4.3). Univariate survival analysis using 

manual genotyping data confirmed rs6921438 and rs7767396 were associated with 4 outcomes (death, 

NSTEMI, HF, MACE) or 2 outcomes (HF, MACE), respectively (Figures 4.3 and 4.4). A study on CAD 

patients identified that within a 5 year follow up period rs2010963 CC/GC genotype, located within exon 

1 of the VEGFA gene,  was associated with increased risk of CAD-related death [40]. The same study 

showed the minor allele “C” could be a high-risk allele for cardiac death. Other studies report the minor 

allele genotypes of VEGFA locus SNPs have been associated with increased stroke risk (rs699947 and 

rs3025039) [41] and coronary heart disease (rs699947 and rs1570360) [42, 43]. The current work  used 

imputed genotype data to select SNP candidates for risk and explore further associations, prior to manual 

genotyping. Furthermore, assessment of multiple readmission risks allows us to establish the utility of 

rs6921438 and rs7767396 minor alleles in risk stratification. Our results, agree with studies on the 

influence of minor alleles of VEGF-A related SNPs on CVD related clinical outcomes.  

 

To expand our survival analyses, multivariate regression models were generated for multiple clinical 

endpoints. These included manual genotypes of rs6921438 and rs7767396, established CVD risk 

predictors (age, physical activity, MI history, urate, creatinine, beta blocker usage and NTproBNP) and 
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VEGF-A levels. While neither variant was an independent predictor of death, we observed higher VEGF-

A and NTproBNP were associated with increased mortality risk. In a HF multivariate model, VEGF-A 

and NTproBNP also behaved as independent predictors. These findings agree with current knowledge on 

NTproBNP’s role as a cardiac biomarker [44]. Moreover. rs6921438 AA was associated with increased 

HF readmission risk while rs7767396 GG was a predictor for reduced HF readmission risk. A previous 

study identified a VEGFA promoter SNP (rs699947) as an independent predictor of mortality in male non-

diabetic participants in the CDCS cohort [4]. The difference between analyses using imputed and manual 

genotyping data can be attributed to the statistical variation in genotype imputation (i.e. similar genotype 

frequency distribution but individuals may shift between genotype groups). However, the use of imputed 

genotyping data proved useful to identify SNPs likely to be disease relevant variants that were further 

explored. Furthermore, this work contributes by exploring associations at baseline and in the lead up to 

clinically relevant outcomes. Univariate results suggest rs6921438 AA and rs7767396 GG may be 

potential risk stratification markers for death, but they may impact other CVD onset mechanisms. The 

multivariate model for death including manual genotyping data supports that the minor alleles are not 

associated with elevated VEGF-A levels in our cohorts, but increased plasma VEGF-A has been shown to 

contribute to CVD risk in wider studies [14-17].  

 

The multivariate model with HF as the endpoint showed the homozygous minor allele genotypes were 

associated with increased VEGF-A levels, but in a different risk effect direction for each SNP. In this 

scenario, their independent behaviour may be influenced by each minor allele interacting with VEGF-A, 

other metabolites, or different CVD risk molecular pathways. For instance, the rs6921438 A allele has 

been associated with increased inflammatory cytokine (TNF-α and IL-6) levels in a healthy population 

[37]. Inflammation is key in increasing VEGF-A expression and activity [22, 45, 46]. Additionally, lower 

plasma VEGF-A levels have been linked with rs6921438 A allele, which is also associated with decreased 

HDL and increased LDL levels in healthy European ancestry cohorts [47]. Notably, VEGF-A can reduce 

lipoprotein lipase activity, resulting in higher circulating LDL levels that confer CVD risk [18, 28]. 

Univariate findings correlate rs6921438 AA with lower baseline VEGF-A levels, but in the lead up to an 

HF event the AA group appears to confer increased HF risk while being linked to higher VEGF-A. It is 

possible that the changes of direction of AA’s effect that we observed between survival analyses may be 

attributed to HF onset features (cardiac stress, hypoxia, and inflammation). These factors may have a more 

pronounced effect over VEGF-A prior to a clinical event which could alter rs6921438 AA’s influence over 
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baseline VEGF-A. This suggests that over time rs6921438 AA may contribute to the pathophysiological 

microenvironment associated with HF onset.  

 

For its part, rs7767396 AA is shown to be associated with higher VEGF-A levels than the AG and GG 

genotypes in cancer patients [36]. Additionally, rs7767396 G allele is associated with reduced NF-AT1 

binding which is a transcription factor involved in heart development, heart failure and inflammatory 

pathways [36, 48]. No research, however, has explored this variant’s involvement in CVD onset. This 

variant is located in a binding motif for STAT3 (Figure 4.5) which is a transcription factor that upregulates 

hypoxia responsive factor 1 alpha (HIF-1α), a well-established VEGF-A production inducer [35]. Our 

univariate survival data agrees that rs7767396 AA is associated with higher VEGF-A levels. When 

progressing towards HF onset rs7767396 GG was independently associated with higher VEGF-A levels, 

while also conferring reduced risk of disease. It is plausible that the reduced HF risk observed in our 

multivariate model is due to reduced NF-AT1 binding, an effect originally observed in cancer patients 

[36]. There are mechanisms by which rs6921438 and rs7767396 influence VEGF-A levels that differ 

according to the phenotype of a specific clinical outcome. It is possible that the minor alleles behave in 

one way at baseline, while in CVD onset, they may interact with known VEGF-A inducers (e.g. hypoxia, 

cytokines) to increase VEGF-A levels, thus contributing to the interaction loop between hypoxia, 

inflammation, and lipid metabolism pathways. Overall, rs7767396 G and rs6921438 A appear to be risk 

alleles of interest when HF onset biomarkers go above a certain threshold. 

  

4.5 Conclusion 

 

In summary we report an association between rs6921438 and rs7767396 genotypes with VEGF-A plasma 

levels in post-ACS patients and age- and gender-matched heart healthy controls. Our findings show the 

homozygous minor allele genotypes of both SNPs and VEGF-A levels may be associated with higher risk 

of heart failure readmissions. Further analysis of these variables in other longitudinal study cohorts may 

provide validation of the findings described in this chapter.  
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Chapter 5.- Study on VEGFR2 locus SNPs 
 

This chapter focuses on the work involving 13 SNPs mapping to the VEGFR2 gene (human chromosome 

4). The analysis of 13 variants addresses project aim A as well as research objectives 2 and 3 (Chapter 1, 

Section 1.3).  

 

The chapter highlights findings on four variants with clinical implications following the analysis of the 13 

imputed genotypes. These findings address project aim B and research objective 5 (Chapter 1, Section 

1.3). 
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5.1 Abstract 

 

Background: Vascular endothelial growth factor A (VEGF-A) influences the cardiovascular 

system by promoting endothelial cell proliferation and regulating vascular permeability. Vascular 

endothelial receptor 2 (VEGFR2) is the canonical receptor through which VEGF-A induces cellular 

signals to carry out its effector functions. Increased plasma levels of VEGF-A have been observed in 

various cardiovascular diseases (CVDs) and reports have associated diverse single nucleotide 

polymorphisms (SNPs) with increased VEGF-A levels. Specifically, two variants (rs2305948 and 

rs1870377) within exonic regions of VEGFR2 influence VEGFR2 and VEGF-A activity. This may also 

apply to other SNPs located within the VEGFR2 locus.  

Methods: Imputed genotype data was obtained for 13 SNPs on chromosome 4 from 1935 patients 

from the Coronary Disease Cohort Study (CDCS)  and 1183 individuals from the Canterbury Healthy 

Volunteers Study (HVOL). Imputed genotype data was analysed to assess the association of each genotype 

group with cardiometabolic parameters using one-way ANOVA tests and with clinical endpoints through 

Kaplan-Meir analyses and multivariate regression models. To validate the CDCS imputed data findings, 

previously collected manual genotyping data for rs2305948 and rs1870377 was used. VEGF-A levels for 

227 HVOL participants were measured by an ELISA immunoassay to compare with previously reported 

levels from 549 CDCS patients. 

Results: Imputed CDCS data showed rs2305948 was associated (p < 0.05) with higher levels of 

cystatin C, atrial natriuretic peptide (ANP), amino terminal pro-B-type natriuretic peptide (NTproBNP) 

and aldosterone levels. In the HVOL cohort, imputed data showed that rs2305948 was associated with 

high-density lipoprotein (HDL) levels (p = 0.03), while 7 SNPs (rs1870377, rs1870378, rs1870379, 

rs7677779, rs13136007, rs10016064) were associated with triglyceride and VEGF-A levels (p < 

0.05).Imputed data identified individuals carrying one or two minor alleles of rs1870377, rs7677779 and 

rs13136007 had shorter time to first coronary artery bypass graft readmission risk. Manual genotyping 

data showed 1) rs1870377 trended towards associations with aldosterone and urate levels 2) rs2305948 

CC was associated with higher all-cause mortality risk (p = 0.045)  and cardiovascular readmission risk 

(p = 0.045) 3) rs1870377 is an independent predictor for cardiovascular death when adjusting for 

NTproBNP, hypertension, creatinine, and beta blocker treatment (TT vs TA+AA, p = 0.048, HR = 1.125).  

Conclusion: Variants rs2305948 and rs1870377 represent potential genetic markers to assess CVD 

or mortality risk within a population of European ancestry.  
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5.2 Introduction 

 

Cardiovascular diseases (CVDs) are an important contributor to health loss within New Zealand [1]. 

Preventive diagnosis and interventions are complicated by the lack of predictive biomarkers in patients 

prior to symptom onset [1, 2]. The vascular endothelial growth factor (VEGF-A), involved in blood vessel 

formation, could be considered a novel biomarker since increased levels have been observed in aetiologies 

such as ischaemic heart disease (IHD), coronary artery disease (CAD) heart failure (HF) and myocardial 

infarction (MI) [3, 4]. VEGF-A can increase inflammatory molecule activity and disrupt lipoprotein lipase 

leading to increased vascular dilation, adhesion protein expression and higher lipid levels which promote 

CVD development [3, 5-10]. 

 

VEGF-A’s main signal inducer is the vascular endothelial growth factor receptor 2 (VEGFR2), also known 

as a tyrosine kinase receptor (KDR), which participates in vascular endothelial cell mitogenesis, vascular 

permeability and VEGF-mediated blood vessel growth [11-13]. VEGFR2 consists of seven extracellular 

immunoglobulin homology domain repeats, a transmembrane and a split tyrosine kinase domain [14]. 

Once VEGF-A binds to VEGFR2, homodimerisation or heterodimerisation with VEGFR1 occurs which 

causes intracellular domains to undergo phosphorylation at tyrosine residues to induce downstream 

intracellular signalling [5, 15]. Moreover, non-VEGF dependent VEGFR2 phosphorylation of intracellular 

tyrosine residues can occur due to binding of non-VEGF ligands such as low-density lipoproteins (LDLs), 

lactate, galectin and SRC tyrosine kinases [14-16]. Additional VEGFR2 activity may occur when 

VEGFR1 interacts with the co-receptor neuropilin-1 (NRP1) to selectively potentiate VEGFR2-mediated 

vascular permeability and endothelial cell motility [17, 18].  

 

The VEGFR2 gene is 47.11 kb long, comprised of 30 exons and 29 introns, located at 4q12 on the long 

arm of human chromosome 4 [19]. The gene is highly expressed in vascular endothelial cells and 

endothelial progenitor cells, and transcripts can be found in non-endothelial cells including haematopoietic 

cells [15, 20]. VEGFR2 is linked to survival since VEGFR2 deficient mice died due to impaired 

development of haemopoietic and endothelial cells [15]. The major phosphorylation sites involved in 

VEGFR2 activity are Tyr1054 and Tyr1059 in the kinase domain activation loop although other notable 

sites include Tyr951, a binding site active in angiogenesis, and Tyr1175, a binding site involved in VEGF-
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A mitogenic activity [15]. Mutational analyses revealed that a mutation of Y1175F blocked VEGF-A 

dependent migration in pathological angiogenesis [15, 21]  

 

Studies have shown that circulating VEGF-A levels can be influenced by gene variants. There is evidence 

that expression quantitative trait loci (eQTL) are associated with circulating VEGF-A level variability, 

cardiometabolic risk markers and increased CVD risk [22-24]. There is existing knowledge on exonic 

variants that affect VEGFR2 function. Specifically, rs1870377 causes a missense mutation (Q472H) which 

increases VEGFR2 phosphorylation promoting increased VEGF-A binding efficiency [20, 25, 26]. 

Another example includes rs2305948 (missense V297I mutation), which affects VEGFR2’s Ig-like 

domain dimerisation leading to reduced receptor affinity for VEGF-A [27, 28]. There is potential to 

analyse intronic and exonic variants mapping to VEGFR2 to determine if they are associated with VEGF 

system activity, CVD risk factors and CVD risk in terms of both disease development and progression.  

 

The aim of this study was to identify if 13 SNPs in VEGFR2 are associated with cardiometabolic variables, 

including plasma VEGF-A, in post-acute coronary syndrome patients and heart healthy matched controls 

[29-33] using genome-wide association study (GWAS) imputation data for three exonic and ten intronic 

SNPs. These SNPs were also analysed for associations with clinical endpoints.  

 

5.3 Results  

5.3.1 Baseline characteristics of study cohorts  

 

Baseline characteristics of the CDCS cohort are described in Table 5.1. The cohort is predominantly 

European (89.6%) and male (71.5%).  Additionally, 65.6% of the patients have presented readmission 

events including HF, stroke, MI, unstable angina, coronary artery bypass graft (CABG), arrhythmia, and 

percutaneous coronary intervention. Study participants presented discharge medication with 

antithrombotic therapy being the highest (96.4%) followed by lipid lowering medication (88.3%) and 

blood pressure lowering medication (85.8%). Frequencies for the 13 imputed SNP genotype groups, their 

respective alleles and minor allele frequency (MAF) for the CDCS patients (n = 1935) are summarised in 

Appendix 5.1. 
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Table 5.1. Baseline characteristics of the CDCS and HVOL cohort 

Variable CDCS HVOL p - value 

 n Mean ± SE or n (%) n Mean ± SE or n (%)  

Anthropometric      

Age 2140 66.5 ± 0.27 1183 68.1 ± 0.216 3.76 x 10-5 

Male Gender 2140 1531 (71.5%) 1183 801 (67.7%) 1.71 x10-119 

Weight (kg) 2116 79.9 ± 0.36 1183 77.4 ± 0.42 2.79 x 10-2 

Body Mass Index (kg/m2) 2110 27.6 ± 0.109 1183 26.2 ± 0.11 8.33 x 10-15 

Ethnicity (European, Māori 

& Pasifika, Asian, MELAA) 

2140 89.6%, 6.2%, 3.9%, 

0.3% 

1183 98.8%, 1.1%, 0.1%, 

0% 

 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

2022 6.3%, 57.4%,36.3% 1183 4.8%, 39.6%,55.6% 5.66 x 10-253 

Alcohol (drinker, ex-

drinker, non-drinker) 

2137 62.8%, 12.1%, 25.1% 1183 80.7%, 4.1%, 15.2%  

Systolic blood pressure 

(mmHg) 

2095 128.9 ± 0.476 1180 137 ± 0.545 1.09 x 10-24 

Diastolic blood pressure 

(mmHg) 

2095 74.9 ± 0.26 1180 80.9 ± 0.306 2.06 x 10-46 

Left ventricular ejection 

fraction* (%) 

1960 57.01 ± 0.27 372 64.6 ± 0.24 3.88 x10-32 

Plasma analytes      

Creatinine (mmol/L) 2063 99.8 ± 1.17 1146 90.3 ± 11.7 3.64 x 10-9 

Cholesterol (mmol/L) 1681 4.89 ± 0.028 1146 5.65 ± 0.033 5.69 x 10-62 

Urate (mmol/L) 1238 0.37 ± 0.003 1146 0.347 ± 0.0022 1.54 x 10-11 

VEGF-A (pg/mL) 549 45.02 ± 1.50 223 19.5 ± 1.60 5.76 x 10-22 

Atrial natriuretic peptide 

(pmol/L) 

2116 43.5 ± 0.68 1163 21.6 ± 0.325 7.24 x 10-9 

Amino terminal atrial 

natriuretic peptide (pmol/L) 

2115 1.35 ± 0.026 1170 0.673 ± 0.325 4.99 x 10-76 

B-type natriuretic peptide 

(pmol/L) 

2116 26.4 ± 0.74 1167 6.37 ± 0.119 3.08 x 10-84 

Amino terminal pro B-type 

natriuretic peptide (pmol/L) 

2116 135.3 ± 4.07 1174 108 ± 3.98 4.35 x 10-5 

Medication      

Blood pressure lowering 2140 1837 (85.8%) 1183 293 (24.7%) 1.14 x 10-9 

Lipid lowering 2140 1890 (88.3%) 1183 189 (16%) 1.51 x 10-47 

Antithrombotic 2140 2063 (96.4%) 1183 120 (10.1%) 3.59 x 10-73 

Genetic data      

Imputed genotype 2140 1935 (90.4) 1183 1177 (99.5%)  
*Determined from echocardiographic measurements as previously described [31] 

Abbreviations: CDCS: Coronary Disease Cohort Study, HVOL: Canterbury Healthy Volunteers Study, MELAA: Middle Eastern/Latin 

American/African, SE: Standard Error of Mean, VEGF-A: Vascular endothelial growth factor A.  

 

Baseline characteristics for the 1183 individuals of the HVOL cohort subset are described in Table 5.1. 

The population was mostly European (98.8%) and male (67.7%). Compared to the CDCS, the HVOL 

cohort presented low levels of blood pressure lowering medication use (24.7%). Additionally, imputed 

genotype data was available for most of the HVOL subset group (99.5%). The frequencies for the 13 
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imputed SNP genotype groups, their respective alleles and MAF, for the HVOL subset group (n = 1177)  

are summarised in Appendix 5.1.  

5.3.2 SNP genotype analysis   

 

Imputed genotype data was available for 1935 CDCS patients and 1177 HVOL individuals for 13 SNPs 

on human chromosome 4 (Appendix 5.1). There was manual genotype data available only for variants 

rs2305948 and rs1870377 of CDCS patients (Table 5.2). Manual and imputed genotype frequencies for 

both variants in both cohorts are summarised in Table 5.2. Manual genotyping for rs2305948 and 

rs1870377 was concordant with imputed genotypes from the CDCS cohort (rs2305948 – 83.2% r2 = 0.564, 

rs1870377 – 74.6 % r2 = 0.65, p < 0.001).  

Table 5.2. Frequency comparison of manual genotype vs imputed genotype data 

SNP ID Cohort Genotype Imputed frequencies 

n (%) 

Physical Frequencies 

n (%) 

 

 

 

rs2305948 

 

CDCS 

CC 1705 (88.1%) 1409 (80.4%) 

CT 222 (11.5%) 328 (18.7%) 

TT 8 (0.4%) 15 (0.9%) 

Total 1935 1752 

 

HVOL 

CC 1037 (88.1%) - 

CT 238 (11.7%) - 

TT 2 (0.2%) - 

Total 1177 - 

 

 

 

 

rs1870377 

 

CDCS 

TT 1216 (62.8%) 1074 (56.2%) 

TA 657 (34%) 709 (37.1%) 

AA 62 (3.2%) 129 (6.7%) 

Total 1935 1912 

 

HVOL 

TT 760 (64.6%) - 

TA 371 (31.5%) - 

AA 46 (3.9%) - 

Total 1177 - 

- Manual genotyping data not available for HVOL samples 

Abbreviations: CDCS: Coronary Disease Cohort Study HVOL: Canterbury Healthy Volunteers Study  
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5.3.3 SNP associations within the CDCS cohort  

 

A one-way ANOVA was performed to compare the association of the 13 imputed SNP genotypes on 

analyte measurements of the CDCS cohort. Imputed variants that had associations of p < 0.1 with CVD 

risk markers in the CDCS cohort were rs2305948, rs1870378 and rs1870379.  

 

Trends towards significant associations for minor allele carriers for higher mean aldosterone levels and 

lower mean adrenomedullin levels compared to their respective reference genotype groups were observed 

for rs1870378 and rs1870379 (Appendix 5.2 and 5.3). Imputed genotype data for rs2305948 was 

significantly associated with cystatin C, atrial natriuretic peptide (ANP), amino terminal pro B-type 

natriuretic peptide (NTproBNP) and aldosterone levels. Data is summarised in Figure 5.1. Specifically, T 

allele carriers presented higher cystatin C (Figure 5.1A, n = 762, CC: 1.25 mg/dL CT/TT: 1.39 mg/dL, p 

= 0.03), ANP (Figure 5.1B, n = 1923, CC: 43.51 pg/mL, CT/TT: 46.2 pg/mL,  p = 0.038), NTproBNP 

(Figure 5.1C, n = 1923, CC: 134.4 pg/mL, CT/TT: 148.4 pg/mL,  p = 0.025) and aldosterone (Figure 5.1D, 

n = 1875, CC: 159.5 pmol/L, CC/TT: 217.3 pmol/L, p = 0.004) levels when compared to the rs2305948 

CC genotype group. We also observed rs2305948 T allele carriers trended towards higher BNP (n = 1923, 

CC: 26.3 pmol/L, CT/TT: 29.7 pmol/L, p = 0.054) and creatinine levels (n = 1876, CC: 98.8 mmol/L, 

CT/TT: 105.5 mmol/L p=0.072) (Appendix 5.4). None of the imputed SNP data gave significant 

association with VEGF-A levels from the CDCS cohort. 

 

When repeating the one-way ANOVA analysis in the CDCS with manual genotypes for rs2305948 and 

rs1870377, only rs1870377 A allele carriers trended towards higher aldosterone levels (Figure 5.2A, n = 

1856, TT: 164.1.7 pmol/L, TA/AA: 166.4 pmol/L, p = 0.055) and lower urate levels (Figure 5.2B, n = 

1174, TT: 0.377 mmol/L, TA/AA: 0.366 mmol/L, p = 0.083). 
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Figure 5.1. Significant associations of rs2305948 imputed genotypes within the CDCS cohort. Measurements of A) 

Cystatin C B) Atrial Natriuretic Peptide (ANP) C) Amino terminal pro B-type natriuretic peptide (NTproBNP) and 

D) Aldosterone mean levels. Red dot represents mean values of the variables. White lines represent ± SEM error bars.  

 

 
    
Figure 5.2. Relationship of rs1870377 manual genotypes within the CDCS cohort. Measurements of A) Aldosterone and 

B) Urate levels within the CDCS cohort. Red dot represents mean values of the variables. White lines represent ± SEM error 

bars.  
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5.3.4 SNP associations within the HVOL subset group  

 

In the HVOL cohort, of the 13 imputed genotypes only 7 presented significant associations (p < 0.05) with 

at least one cardiometabolic parameter. Specifically, rs2305948 T allele carriers had higher levels of high-

density lipoprotein (HDL) (Figure 5.3A, n = 1139, CC: 1.37 mmol/L, CT/TT: 1.44 mmol/L, p = 0.03) 

when compared to the reference genotype group. Additionally, the T allele carriers trended towards 

significantly higher endothelin levels (Figure 5.3B, n = 1146. CC: 2.13 pmol/L, CT/TT: 2.26 pmol/L, p = 

0.08). 

 

A group of six SNPs (rs1870377, rs1870378, rs1870379, rs7677779, rs13136007 and rs10016064) were 

associated with mean VEGF-A (Figure 5.4) and triglyceride (Figure 5.5) levels. Minor allele carriers for 

each SNP had lower mean levels of both analytes when compared to homozygous reference genotype. 

The VEGF-A measurements for minor allele carriers ranged from 14.3 pg/mL ± 1.19 SE (rs1870378 and 

rs1870379) to 15.0 pg/mL ± 1.25 SEM (rs10016064). The reference genotype group VEGF-A 

measurements ranged from 22.8 pg/mL ± 0.54 SEM (rs1870377 and rs7677779) to 23.1 pg/mL ± 2.52 

SEM (rs1870378 and rs1870379). The triglyceride measurements for minor allele carriers ranged from 

1.74 mmol/L ± 0.038 SEM (rs1870378 and rs1870379) to 1.76 mmol/L ± 0.038 SEM (rs10016064). The 

reference homozygote genotype group triglyceride measurements were similar for all six SNPS with 

values ranging from 1.89 to 1.90 mmol/L. 

 

Figure 5.3. Imputed rs2305948 findings within the HVOL cohort relating to A) HDL and B) Endothelin levels. Red dot 

represents mean values of the variables. White lines represent ± SEM error bars. 
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Figure 5.4. Imputed VEGFR2 SNPs associated with VEGF-A levels in the HVOL cohort include A) rs1870377 B) 

rs1870378 C) rs1870379 D) rs7677779 E) rs13136007 and F) rs10016064. Red dot represents mean values of the variables. 

White lines represent ± SEM error bars. 
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Figure 5.5. Imputed VEGFR2 SNPs associated with triglyceride levels within the HVOL cohort include A) rs1870377 

B) rs1870378 C) rs1870379 D) rs7677779 E) rs13136007 and F) rs10016064. Red dot represents mean values of the 

variables. White lines represent ± SEM error bars. 

 

5.3.5 Association of genotypes with clinical outcomes in the CDCS cohort 

 

Univariate survival association analyses revealed that three SNPs (rs1870377, rs7677779 and rs13136007) 

presented significant associations with time to first CABG readmission event during the follow-up period 

(Appendix 5.5). Specifically, patients were more likely to have undergone CABG if they were carriers of 

the rs1870377 A,  rs7677779 T or rs13136007 A alleles. 
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Imputed genotype data for rs23059438 showed no significant univariate survival associations with any 

clinical endpoints measured in the CDCS cohort. Manual genotype data showed  rs2305948 CC was 

associated with higher cardiovascular readmission and all-cause mortality (Figure 5.6A and 5.6B). The 

same genotype was also significant for cardiac death (caused by events directly impacting heart structure) 

and cardiovascular death (caused by events involving blood vessels or blood flow) (Figure 5.6C and 5.6D). 

The association of the CC genotype was not significant for MI/CHD death and MACE events (Figure 

5.6E and 5.6F). Manual genotype data for rs1870377 did not present statistically significant associations 

of univariate survival with any of the clinical endpoints assessed.  

 

Given their association with survival, imputed data for SNPs rs1870377, rs767779 and rs13136007 was 

assessed in Cox proportional hazards regression models to identify their association with clinical 

endpoints. All three SNPs trended towards being significant independent predictors of all-cause mortality 

when using a selection of 9 covariates including age, gender, ethnicity, physical activity, previous MI, 

hypertension, beta blocker use, creatinine and NTproBNP levels (Appendix 5.6 to 5.8).  

 

Multivariate regression models were generated using manual genotype data for rs2305948 and rs1870377 

to determine if there was any change in the associations observed using imputed genotype data. rs1870377 

A allele carriers had increased risk of cardiovascular disease readmissions (Table 5.3, p = 0.048, HR = 

1.125). Meanwhile, the rs2305948 CC genotype came close to being a significant predictor for increased 

risk of all-cause death (Table 5.4, p = 0.072) in a similar model.  
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Figure 5.6. Kaplan-Meier survival plots of rs2305948 manual genotypes for survival versus A) first cardiovascular 

(CVD) readmission B) all-cause death, C) cardiac death FANPD) cardiovascular death E) myocardial infarction and 

coronary disease death and F) major adverse cardiovascular events (MACE) within the CDCS cohort. Genotypes are 

colour-coded blue for homozygous reference and red for homozygous for the minor allele genotypes. Patients at risk reported 

for every 2-year interval. 
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Table 5.3. Cox’s proportional hazards regression model for any cardiovascular readmission in the 

CDCS cohort using manual genotypes for rs1870377 (n = 1821, 1186 (65.1%) events) 
Predictor Coeff. SE Wald P – value HR 95% CI for HR 

Lower Upper 

Gender 0.099 0.069 2.07 0.15 1.10 0.965 1.27 

Ethnicity   5.99 0.112    

European v Māori/Pasifika 0.236 0.137 2.99 0.084 1.27 0.969 1.65 

European v Asian 0.327 0.179 3.35 0.067 1.39 0.977 1.97 

European v MELAA 0.283 0.583 0.235 0.628 1.33 0.423 4.16 

*Physical Activity (scale 1–4) $$ -0.216 0.025 77.4 *1.3 x10-18 0.806 0.768 0.845 

*Previous MI  0.32 0.062 26.4 *2.8 x10-7 1.38 1.22 1.56 

*Age 0.017 0.003 29.3 *6 x 10-8 1.02 1.01 1.02 

*Log10 NTproBNP$ 0.519 0.08 41.9 *9.1 x10-11 1.68 1.44 1.97 

Beta blocker treatment at discharge -0.158 0.086 3.39 0.065 0.854 0.721 1.01 

*Creatinine 0.002 0.0004 21.5 *3.4 x 10-6 1.002 1.001 1.003 

Antecedent Hypertension 0.026 0.062 0.175 0.676 1.03 0.909 1.16 

*rs1870377 genotype (TT v 

TA/AA) 0.118 0.06 3.91 *0.048 1.13 1.001 1.26 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-terminal 

pro-B-type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 

 

Table 5.4. Cox’s proportional hazards regression model for all cause death in the CDCS cohort 

using manual genotypes for rs2305438 (n = 1670, 408 (24.4%) deaths) 
Predictor Coeff SE Wald P – value HR 95% CI for HR 

Lower Upper 

*Gender 0.297 0.114 6.75 *0.009 1.35 1.08 1.68 

Ethnicity   2.56 0.466    

European v Māori/Pasifika 0.343 0.341 1.01 0.316 1.41 0.721 2.75 

European v Asian 0.541 0.420 1.66 0.198 1.72 0.754 3.91 

European v MELAA -7.88 121.4 0.004 0.948 3.7 x 10-4 0 8.1 x1099 

*Physical Activity  -0.302 0.042 52.8 *3.7 x10-13 0.74 0.682 0.802 

*Previous MI   0.435 0.103 17.8 *2.4 x10-5 1.55 1.26 1.89 

*Age 0.065 0.006 106.3 *6.2 x10-25 1.07 1.05 1.08 

*Log10 NTproBNP$ 1.37 0.144 91.3 *1.2 x10-21 3.95 2.98 5.23 

*Beta blocker treatment at 

discharge -0.387 0.136 8.12 *0.004 0.679 0.520 0.886 

*Creatinine 0.003 0.001 18.3 *1.8 x10-5 1.003 1.002 1.004 

*Antecedent Hypertension 0.251 0.107 5.52 *0.019 1.29 1.04 1.59 

rs2305438 genotype (CC v 

CT/TT) 0.244 0.136 3.23 0.072 1.28 0.978 1.67 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-terminal 

pro-B-type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 
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5.3.6 Genomic context of VEGFR2 SNPs  

 

Using genome assembly GRCh38/hg38 from the University of California, Santa Cruz Genome Browser 

(http://genome.ucsc.edu), the Ensembl, JASPAR and HaploReg databases [19, 34-36], the genomic 

contexts for the 7 SNPs, associated with plasma analytes or clinical outcome risk, were explored to observe 

if DNA binding motifs for relevant effector molecules were found at these variants’ loci. The location of 

the SNPs and the relevant transcription factor motifs are shown in Figure 5.7. 

 

 
Figure 5.7. Schematic representation of VEGFR2 locus SNPs. Functional SNPs with manual genotype data analysed in the 

present study are shown in bold. Green boxes represent intron regions. Blue box. Intron or exon length is indicated individually. 

Distance and number of exons/introns are specified between reported regions. Black double-ended arrows indicate distance 

between relevant locations (SNPs or genes). Green arrows point to individual SNP locations. Motifs overlapping SNPs are 

named between parentheses. Motifs in red are linked with cardiovascular risk pathways. *Indicates SNPs within enhancer 

regions active in the cardiovascular system, Distance measures calculated from NCBI GenBank Accession NC_000004.12  

 

rs1870377, located in exon 11 induces an amino acid substitution that increases VEGFR2 phosphorylation 

when stimulated by VEGF-A leading to increased VEGF-A binding efficiency and increased capillary 

density [20, 25, 26]. This variant is located within a binding motif for the signal transducer protein 

SMAD1, which is predominantly expressed in endothelial cells and interacts with the cell surface activin 

receptor-like kinase-1  [37]. Similarly, the rs2305948 is a missense mutation located within exon 7 causing 

V297I, which is reported to affect the efficiency of dimerisation of two immunoglobulin-like domains on 

VEGFR2 which reduce VEGFR2’s affinity for VEGF proteins [27, 28].  HaploReg data shows rs2305948 

has the potential to disrupt VEGFR2 expression since it is located within enhancer marks that are active 

in adipose nuclei and human umbilical vein endothelial cells (HUVECs) [35].   

 

The remaining SNPs are in intronic regions of VEGFR2 that contain motifs for multiple transcription 

factors, some of which have links to the cardiovascular system and CVD risk. rs10016064, from intron 

13, is ~2.76 kb 3’ of rs1870377 (Figure 5.7). This variant is inside an enhancer region that is active in the 

aorta, ventricles, and right atrium  [35] Additionally, HaploReg reports that rs10016064 C increases 

activity for the binding motif of the activating protein-1 (AP-1) transcription factor while reducing activity 
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for the sterol regulatory element-binding protein 1 (SBREP1) transcription factor [34-36]. Also, 

rs10016064 is located within the binding motif for Forehead Box A1 (FOXA1), which is vital for 

development of several non-cardiac organs  [38]. For its part, rs13136007 is ~1.19 kb 3’ from rs10016067 

and lies within an enhancer region active in adipose nuclei, aorta, and the right ventricle [35]. Furthermore, 

the rs13136007 C allele results in higher binding activity for the hepatocyte nuclear factor 6 (HNF6) 

compared to the A allele [35]. Additionally, the variant is within transcription factor binding motifs for 

heat shock transcription factors 1 and 4 (HSF1 and HSF4) [36]. 

 

Other variants analysed include rs7677779 in intron 15, which overlaps with binding motifs for 

transcription factors ELF2 and ELF4, that help regulate HUVEC quiescence, immune response regulation 

and in the case of ELF4, adipogenesis regulation  [39, 40].  rs1870378 and rs1870379 are also located in 

intron 15 ~1.23 kb 3’ from rs7677779 (Figure 5.7). These SNPs are located ~200 bp of each other within 

the same enhancer mark which is active in left ventricle [35]. Despite this proximity they impact different 

binding factor motifs. The rs1870378 C allele has markedly lower activity for FoxO2 and -3 transcription 

factors, compared to the T allele, and it can increase the activity of interferon regulatory factors [35]. 

rs18703789 is not located within transcription factor binding sites, but it overlaps enhancer marks active 

in foetal heart tissue and left ventricle [34-36]. 

5.4 Discussion 

 

VEGF-induced homodimerisation of VEGFR-2 is the primary pathway of angiogenesis and the receptor 

participates in vascular permeability, inflammation as well as collateral vessel generation [41, 42].  

Notable SNPs within VEGFR2 implicated with detrimental effect on VEGF-A activity, involved in altered 

angiogenesis and CVD risk, include rs2305498 and rs1870377 [20, 25, 27, 28].  Multiple variants on 

human chromosome 6 have been associated with increased VEGF-A circulating levels [22, 23, 43, 44] 

and increased CVD risk [45-49]. However, there is little CVD-related research exploring SNPs located at 

the VEGFR2 locus on chromosome 4. The present study focused on assessing imputed genotype data for 

13 SNPs, including rs2305948 and rs1870377, within VEGFR2, to identify candidate risk variants based 

on the strength of their association with cardiometabolic parameters and clinical outcomes. Variants of 

interest identified in our study included rs2305948, rs1870377, rs1870378 and rs1870379. Manual 

genotype data for rs1870377 revealed there was no significant association with baseline aldosterone (p = 

0.055) and urate (p = 0.083) levels. No significant associations were observed between imputed or manual 
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SNP genotype data with VEGF-A levels in the CDCS cohort. Comparatively, in the heart healthy HVOL 

cohort, imputed genotype analysis showed rs2305948 T allele carriers had higher levels of HDL 

cholesterol (p = 0.03). Moreover, HVOL individuals who had at least one copy of the minor allele for 6 

SNPs (rs1870377, rs1870378, rs1870379, rs7677779, rs13136007 and rs10016064) had lower levels of 

VEGF-A (p < 0.015) and triglycerides (p < 0.028).  

 

Imputed genotype data for rs2305948 showed association with two established CVD risk biomarkers and 

two natriuretic peptides in the CDCS cohort. Manual genotyping for rs2305948 did not validate these 

findings. In the HVOL imputed genotype rs2305948 T allele was associated with increased HDL levels 

and endothelin levels trended towards significance. This agrees with other reports where the T allele has 

been associated with circulating analyte levels. For instance, GWAS studies with European ancestry 

cohorts identified the rs2305948 T allele is associated with increased VEGFR2 bloodstream levels [50-

52]. Additionally, Iraqi  patients undergoing percutaneous coronary intervention had the rs2305948 T 

allele associated with increased LDL and total cholesterol levels [53]. A direct effect of the rs2305948 T 

allele has been noted in Chinese individuals, where a reduction of VEGFR2 binding efficiency has been 

implicated with increased VEGFR2 protein and expression levels [20, 53-55].   CDCS patients carrying 

the rs1870377 A allele had lower urate and aldosterone levels.  

 

Meanwhile, HVOL carriers of rs1870377 A had lower VEGF-A and triglyceride levels (p < 0.05). This 

agrees with other reports where the rs1870377 A allele reportedly impacts VEGFR2 and metabolites 

involved in other pathways. An in vitro HUVEC  study identified the rs1870377 A allele was associated 

with lower expression levels of endothelial adhesion molecules and the SNP could impact stress related 

endothelial dysfunction [56]. Furthermore, a case control study of CAD patients analysing antiplatelet 

treatment identified the rs1870377 A allele is linked with increased levels of LDL and serum VEGFR2 

[57]. Similarly, a previous report on the CDCS cohort presented an association of rs1870377 with soluble 

plasma levels of VEGFR1 and VEGFR2 [29]. Overall, our findings agree with reports that associate 

rs2305948 T and rs1870377 A alleles with lipid metabolism molecules and VEGF system components. 

 

Manual genotype data revealed CDCS patients with rs2305948 CC had higher likelihood of CVD 

readmission, all-cause death, cardiac and cardiovascular death. In a multivariate Cox hazards model CC 

genotype trended towards an increased risk of death (p= 0.072). Our results contrast with reports assessing 
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this SNP in the context of CVDs. For example, a small study on Arab ancestry participants (n = 439) 

observed the TT genotype had a slight association with CHD susceptibility when adjusting for age, gender, 

hypertension, and diabetes [58]. A meta-analysis of five case-control cohorts of Asian ancestry observed 

the rs2305948 T allele had a potential association with stroke risk [59]. Another Chinese study noticed the 

T allele could interact with VEGFA promoter SNP rs833061 (Chromosome 6) to increase haemorrhagic 

stroke risk [60]. However, a Han Chinese study observed rs2305948 TT genotype was associated with a 

reduced CHD risk when smoking, alcohol intake and diabetes were present [49].  Overall, rs2305948 

presents a similar frequency distribution in Asian and European populations [19]. However, our differing 

results may be due cis- or transacting activity of rs2305948 T on other eQTL variants in addition to altering 

cardiovascular homeostasis via HDL, LDL and VEGFR2 pathways.  

 

In the literature there are some contrasting findings in terms of the overall effect each rs1870377 allele 

has on clinical outcome. A study on South Korean stroke patients identified the rs1870377 T allele 

increases ischaemic stroke risk [61] while a Chinese study associated the A allele with increased CHD risk 

[20]. There is also evidence that the rs1870377 A allele may have a protective effect, while the T allele 

has negative implications. A case-control study on outcomes following large artery atherosclerotic stroke 

identified the rs1870377 AA genotype was significantly associated with decreased outcome risk ranging 

from moderate disability to death [42]. Research on a Han Chinese cohort also revealed rs1870377 AA is 

associated with reduced CHD risk [49]. Meanwhile, a study on Han Chinese CHD patients identified TT 

genotype carriers presented increased CHD risk [48]. Overall, most Asian ancestry studies show a 

protective effect of rs18703777 A allele, while the T allele increases risk of CVD. This agrees with our 

findings given that we identified rs1870377 TT increased risk of CVD related readmission (Table 5.3). 

 

Compared to rs2305948 and rs1870377, minimal reports are available on rs7677779, rs1870378, 

rs1870379, rs13136007 and rs10016064; although the latter four SNPs were reported to be captured when 

analysing rs1870377 [20]. A published patent on macular degeneration treatment specifies rs1870377 and 

rs2305948 are genetic markers which can be complemented with any of the five other SNPs [62]. 

Additionally, genetic database tools show rs18703777 and 5 SNPs (rs1870378, rs1870379, rs7677779, 

rs13136007 and rs10016064) have high linkage disequilibrium (LD) [35, 63]. The similar analyte 

associations observed for these six SNPs in the HVOL subset reinforces their genetic behaviour. However, 

based on each SNP’s location in VEGFR2 it was possible to identify DNA motifs that may influence CVD 
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risk pathways. This may provide an explanation for the associations observed in this study and aid in 

identifying if any of these six additional SNPs have potential use as predictive markers. 

 

5.5 Conclusion 

 

In summary, the present study made use of imputation data to aid in the identification of potential VEGFR2 

SNP candidates associated with cardiovascular biomarker levels and/or risk outcome. Manual genotyping 

data suggests that the rs1870377 A allele was linked with lower plasma VEGF-A levels in established 

ACS while in a dominant (TT vs TA/AA) model the variant is associated with increased cardiovascular 

readmission risk. These results agree with international reports on rs1870377’s association with CVD [48, 

49, 54]. rs2305948 CC genotype was associated with lower survival and trends towards being an 

independent predictor of mortality in a multivariate Cox proportional hazard model with established 

predictors. Additionally, we provided some contextual details on the positions of VEGFR2 variants on 

chromosome 4 in relation to regulatory factor binding motifs that have not been previously reported, which 

suggest mechanisms for their impact on pathways relevant to CVD risk, onset, and progression.  
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Chapter 6.- Study on VLDLR locus SNPs 
 

This chapter focuses on the work involving 4 SNPs mapping to the very low-density lipoprotein receptor 

gene (VLDLR) on human chromosome 9. These variants have been previously associated with circulating 

VEGF-A levels. This addresses project aim A as well as research objectives 2 and 3 (Chapter 1, Section 

1.3).  

 

 

The chapter highlights the relationships of the VLDLR variants with cardiometabolic variables and 

specific outcome risk. These results address project aim B and research objectives 5 (Chapter 1, Section 

1.3). . 
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6.1 Abstract 

 

Background: Vascular endothelial growth factor A (VEGF-A) is involved in endothelial cell 

proliferation, vascular permeability, and inflammatory activity. Increased VEGF-A activity has been 

linked to cardiovascular diseases (CVDs). Genome wide association studies (GWAS) have associated 

single nucleotide polymorphisms (SNPs) with VEGF-A levels, including variants rs7043199, rs10738760, 

rs7030781 and rs2375981 that map to the very low-density lipoprotein receptor (VLDLR) locus. The 

variants impact lipid metabolism and may be associated with CVD or outcome risk.  

Methods: Imputed genotype data for 4 SNPs on human chromosome 9 from 1935 patients from 

the Coronary Disease Cohort Study (CDCS) and 1183 individuals from the Canterbury Healthy Volunteers  

Study (HVOL) was analysed. Statistical analyses focused on using the imputed genotype data to assess 

the influence of each genotype group on cardiometabolic parameters using one-way ANOVA tests and 

testing variant associations with clinical endpoints through Kaplan-Meir analyses as well as multivariate 

regression models. VEGF-A levels for 227 HVOL participants were measured by an ELISA immunoassay 

and compared with levels from 549 CDCS patients. 

Results: Imputed CDCS data showed rs10738760 GG and rs2375981 GG genotype groups were 

associated with history of myocardial infarction (MI), lower left ventricular ejection fraction (LVEF), 

amino terminal C-type natriuretic peptide (NT-CNP) and blood pressure levels (p<0.05). The rs7043199 

A allele was associated with lower VEGF-A levels (p = 0.049). In the HVOL, rs10738760 AG and 

rs2375981 CG genotype groups were associated with lower systolic blood pressure, urate, creatinine, and 

endothelin levels (p < 0.05). In this heart healthy group, rs10738760 GG and rs2375981 GG were 

associated with lower VEGF-A levels (p = 0.027; p = 4.5 x10-4). We observed rs10738760 AA genotype 

was associated with increased risk of cardiovascular death (p = 0.047, HR = 1.50) when compared to the 

GG genotype. rs10738760 AG genotype was associated with reduced risk of non-ST elevation MI 

(NSTEMI) readmission (p = 0.011, HR = 0.747). The rs2375981 GC genotype was associated with 

reduced cardiovascular death risk  (p = 0.015, HR = 0.7), but not incidence of NSTEMI during follow-up.  

Conclusion: rs7043199 was associated with circulating plasma VEGF-A levels in the CDCS 

cohort. rs10738760. rs7030781 and rs2375981 were  associated with circulating plasma VEGF-A levels 

in the HVOL subset. rs2375981 GC is associated with cardiovascular death risk. rs10738760  AA is 

implicated in higher cardiovascular death risk while rs10738760 AG  is associated with lower NSTEMI 

readmission risk. The four VLDLR variants appear to be promising genetic markers for CVD risk profiling.  



 

111 
 

6.2 Introduction 

 

Cardiovascular disease (CVD) is a leading cause of death worldwide. Diagnosis is complicated by the 

lack of strongly predictive biomarkers in individuals before the onset of symptoms [1]. According to a 

recent case study of New Zealand, the five major CVD risk factors in the country are high systolic blood 

pressure, high low-density lipoprotein (LDL) cholesterol, high body mass index (BMI), tobacco 

consumption and dietary risk [2]. A notable factor linked with CVD risk, is the vascular endothelial growth 

factor (VEGF-A). Elevated VEGF-A levels have been associated with ischaemic heart disease (IHD), 

coronary artery disease (CAD), stroke and myocardial infarction (MI) [3-6].  

 

Factors that upregulate VEGF-A activity include hypoxia, oestrogen levels, thyroid stimulating hormone 

and inflammatory pathway molecules (e.g. interleukin 6 (IL-6) or signal transducer and activator of 

transcription proteins (STAT)) [7, 8]. Increased VEGF-A activity promotes a positive feedback loop for 

inflammation which causes increased vascular dilation, higher adhesion protein expression and increased 

trans-endothelial lipid migration collectively leading to CVD onset [3, 9-14]. VEGF-A has been 

implicated in reducing plasma lipoprotein lipase (LPL) activity, resulting in elevated very low-density 

lipoprotein (VLDL) levels, which are correlated with CVD risk mechanisms (e.g. atherosclerosis, insulin 

resistance and diabetes) [10, 15, 16]. Single nucleotide polymorphisms (SNPs) are a factor that influence 

VEGF-A levels and are associated with cardiometabolic risk markers or CVD risk [17]. Genome wide 

association studies (GWAS) identified that SNPs located on the VLDL receptor (VLDLR) locus, in human 

chromosome 9, are associated with VEGF-A circulating level variability [18-20].  

 

VLDL functions as a triglyceride carrier, regulating blood pressure through nitric oxide signalling and 

aldosterone synthesis [16, 21, 22]. Additionally, VLDLs have surface apolipoproteins which function as 

ligands for VLDLR or cofactors for lipoprotein lipase (LPL) mediated hydrolysis [23]. Following 

hydrolysation, VLDL is transformed into VLDL remnants and intermediate density lipoprotein (IDL), 

with the latter becoming low density lipoprotein (LDL) [23]. For its part, VLDLR is expressed in different 

cell types (adipocytes, cardiomyocytes, macrophages, vascular endothelium) and it modulates triglyceride 

hydrolysis [16, 23]. Overall, VLDLR dysfunction can lead to high circulating VLDL and LDL levels, 

which are linked with CVD mortality by promoting cytotoxic proinflammatory atherogenesis [16, 23-25].   
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VLDLR variants associated with VEGF-A levels are rs7043199, rs10738760. rs7030781 and rs2375981 

[18-20]. Specifically, rs10738760 along with three other SNPs associated with VEGF-A can explain up to 

47.6% of variability of circulating VEGF-A levels [18]. Another study highlighted a group of 10 SNPs 

across six loci that could explain up to 52% of VEGF-A level variance, including VLDLR variants 

rs2375981 and rs7043199 [19]. Lastly, a study on circulating growth factors found the rs7030781 T allele 

was strongly associated with lower VEGF levels [20]. The current project used imputation data for these 

four VLDLR variants to explore their relationship with cardiometabolic variables, including plasma 

concentrations of VEGF-A, in post-acute coronary syndrome patients (Coronary Disease Cohort Study, 

CDCS) and heart healthy matched controls (Canterbury Healthy Volunteers Study, HVOL). This study 

also aimed to identify which VLDLR SNPs had significant associations with clinical outcome risk 

endpoints in the CDCS.  

6.3 Results  

6.3.1 Baseline characteristics of study cohorts  

 

Baseline characteristics of the CDCS cohort are described in Table 6.1. The population is predominantly 

European (89.6%) and male (71.5%).  Additionally, study participants’ discharge medication included 

antithrombotic drug therapy being the highest (96.4%) followed by lipid lowering (88.3%) and blood 

pressure lowering medications (85.8%). Moreover, 65.6% of the patients had a cardiovascular event 

readmission including heart failure (HF), stroke, MI, unstable angina, coronary artery bypass graft 

(CABG), arrhythmia, and percutaneous coronary intervention. Imputed genotypes were obtained for 1935 

patients (90.4%) of the CDCS cohort for four VLDLR SNPs located on human chromosome 9 (rs7043199, 

rs7030781, rs10738760 and rs2375981). The frequencies for each of the SNPs genotypes, their respective 

alleles, their MAF and imputation quality are summarised in Appendix 6.1. 

 

Baseline characteristics for the 1183 individuals of the HVOL cohort subset are described in Table 6.1. 

The population was mostly European (98.8%) and male (67.7%). As expected from a heart healthy cohort, 

individuals presented  low incidence of  hypertension (28.9%), high cholesterol (28%) and diabetes 

(5.4%). Additionally, low levels of medication usage were observed with blood pressure lowering 

medication (24.8%) being the highest. Imputed genotypes were obtained for 1177 individuals (99.5%) of 
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the HVOL for all four VLDLR SNPs. The frequencies for each of the SNP genotypes, their respective 

alleles, their MAF and imputation quality are summarised in Appendix 6.2. 

Table 6.1 Baseline characteristics of the CDCS and HVOL cohort 
Variable CDCS HVOL p - value 

 n Mean ± SE or n 

(%) 

n Mean ± SE or n 

(%) 

 

Anthropometric      

Age 2140 66.5 ± 0.27 1183 68.1 ± 0.216 3.76 x 10-5 

Male Gender 2140 1531 (71.5%) 1183 801 (67.7%) 1.71 x10-119 

Weight (kg) 2116 79.9 ± 0.36 1183 77.4 ± 0.42 2.79 x 10-2 

Body Mass Index (kg/m2) 2110 27.6 ± 0.109 1183 26.2 ± 0.11 8.33 x 10-15 

Ethnicity (European, Māori 

& Pasifika, Asian, MELAA) 

2140 89.6%, 6.2%, 

3.9%, 0.3% 

1183 98.8%, 1.1%, 

0.1%, 0% 

0 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

2022 6.3%, 

57.4%,36.3% 

1183 4.8%, 

39.6%,55.6% 

5.66 x 10-253 

Alcohol (drinker, ex-

drinker, non-drinker) 

2137 62.8%, 12.1%, 

25.1% 

1183 80.7%, 4.1%, 

15.2% 

0 

Systolic blood pressure 

(mmHg) 

2095 128.9 ± 0.476 1180 137 ± 0.545 1.09 x 10-24 

Diastolic blood pressure 

(mmHg) 

2095 74.9 ± 0.26 1180 80.9 ± 0.306 2.06 x 10-46 

Cardiovascular readmission 

after discharge 

2140 1404 (65.3%) N/A  

Plasma analytes      

Creatinine (mmol/L) 2063 99.8 ± 1.17 1146 90.3 ± 11.7 3.64 x 10-9 

Cholesterol (mmol/L) 1681 4.89 ± 0.028 1146 5.65 ± 0.033 5.69 x 10-62 

Urate (mmol/L) 1238 0.37 ± 0.003 1146 0.347 ± 0.0022 1.54 x 10-11 

VEGF-A (pg/mL) 549 45.02 ± 1.50 223 19.5 ± 1.60 5.76 x 10-22 

Atrial natriuretic peptide 

(pmol/L) 

2116 43.5 ± 0.68 1163 21.6 ± 0.325 7.24 x 10-9 

Amino terminal atrial 

natriuretic peptide (pmol/L) 

2115 1.35 ± 0.026 1170 0.673 ± 0.325 4.99 x 10-76 

B-type natriuretic peptide 

(pmol/L) 

2116 26.4 ± 0.74 1167 6.37 ± 0.119 3.08 x 10-84 

Amino terminal pro B-type 

natriuretic peptide (pmol/L) 

2116 135.3 ± 4.07 1174 108 ± 3.98 4.35 x 10-5 

Medication      

Blood pressure lowering 2140 1837 (85.8%) 1183 293 (24.7%) 1.14 x 10-9 

Lipid lowering 2140 1890 (88.3%) 1183 189 (16%) 1.51 x 10-47 

Antithrombotic 2140 2063 (96.4%) 1183 120 (10.1%) 3.59 x 10-73 

Genetic data      

Imputed genotype 2140 1935 (90.4) 1183 1177 (99.5%)  
Abbreviations: CDCS: Coronary Disease Cohort Study, HVOL: Canterbury Healthy Volunteers Study, MELAA: Middle Eastern Latin 

American African, MI: myocardial infarction, SE: Standard Error 
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6.3.2 VLDLR SNP associations within the CDCS cohort 

 

One-way ANOVA was performed to test the association of the four imputed SNP genotypes with 

anthropomorphic and plasma analyte data of the CDCS cohort patients (Table 6.2). rs10738760 GG and 

rs2375981 GG genotype groups had lower previous MI occurrence (rs10738760 p = 0.032; rs2375981 p 

= 0.025), lower systolic blood pressure (rs10738760 p = 0.006; rs2375981 p = 0.024), lower diastolic 

blood pressure (rs10738760 p =0.005; rs2375981 p = 0.008) and lower amino terminal C-type natriuretic 

peptide (NT-CNP) levels (rs10738760 p = 0.048; rs2375981 p = 0.049) compared to the other genotype 

groups. Additionally, the rs2375981 GG genotype group presented lower plasma CNP levels (p = 0.049). 

Meanwhile, the rs10738760 GG genotype group and the rs7030781 TT genotype group presented 

significantly lower LVEF (rs10738760 p = 0.019; rs7030781 p = 0.038). Lastly, the rs7043199 TT 

genotype group presented lower height and troponin I levels compared to A allele carriers (Table 6.2). 

rs7043199 A allele carriers had lower VEGF-A plasma levels (p = 0.049). The other three SNPs did not 

present significant associations with VEGF-A (rs10738760 p = 0.366, rs2375981 p = 0.162, rs7030781 p 

= 0.623), but trended to progressively decreasing mean levels with the addition of minor alleles.
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Table 6.2 Genotype comparisons for VLDLR SNPs in the CDCS cohort 
rs10738760 Genotypes 

Variable n AA  n AG n GG p 

Anthropometric Variables        

Age (years) 574 66.7 ± 0.52 974 66.9 ± 0.39 387 66.3 ± 0.62 0.707 

Male Gender 574 407 (70.9%) 947 707 (72.6%) 387 275 (71.1%) 0.730 

Ethnicity (European, Māori 

& Pasifika, Asian, MELAA) 

574 89%, 5.7%, 4.7%, 0.6% 947 90.3%, 6.2%, 3.3%, 0.2% 387 91.2%, 4.4%, 3.9%, 

0.5% 

0.558 

Height (m) 569 1.69 ± 0.004 960 1.7 ± 0.003 382 1.69 ± 0.004 0.108 

Weight (kg) 570 79.2 ± 0.705 961 80.02 ± 0.557 382 79.4 ± 0.818 0.623 

BMI (kg/m2)  568 27.6 ± 0.21 957 27.5 ± 0.16 382 27.4 ± 0.25 0.860 

Systolic BP (mmHg) 559 130 ±0.93 948 130 ± 0.706 386 126 ± 1.1 0.006 

Diastolic BP (mmHg) 559 75.8 ± 0.48 948 74.8 ± 0.39 386  73.2 ± 0.614 0.005 

LVEF (%) 527 57.2 ± 0.53 888 57.7 ± 0.39 352 55.5 ± 0.067 0.019 

Beta blocker use 574 493 (85.9%) 947 852 (87.5%) 387 324 (83.7%) 0.184 

Previous MI 571 181 (31.7%) 967 305 (31.5%) 384 95 (24.7%) 0.032 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

574 5.6%, 56.6%, 37.8%  947 6.3%, 58%, 35.7% 387 7.5%, 55.8%, 36.7% 0.725 

Alcohol intake (current, ex-

drinker, non-drinker) 

572 60.3%, 11.9%, 27.8% 973  64%, 12.2%, 23.8% 387 63.6%, 11.6%, 24.8% 0.532 

Plasma analytes        

Cholesterol (mmol/L) 434 4.92 ± 0.055 773 4.87 ± 0.043 302 4.92 ± 0.065 0.638 

Creatinine (mmol/L) 553 100 (96.5 -104) 948 101 (97.1 – 105) 375 95.1 (91-99.1) 0.166 

Urate (mmol/L) 337 0.38 (0.37-0.39) 596 0.37 (0.36 -0.37) 226 0.36 (0.35-0.37) 0.120 

Troponin I (ng/L) $ 545 55.2 (21-89.4) 931 42.2 (18.8-65.5) 372 28.1 (19.1-36.9) 0.739 

ANP (pg/mL) $ 570 44.4 (41.7 – 47.2) 967 43.6 (41.7 – 45.5) 385 43.5 (40.3 – 46.7)  0.793 

NT-ANP (pmol/L)$ 570 1.36 (1.27-1.45) 967 1.37 (1.29-1.45) 385 1.29 (1.18-1.4) 0.353 

BNP (pmol/L) $ 570 27.3 (24.4-30.1) 968 26.4 (24.2-28.6) 385 26.4 (23.1-29.5) 0.865 

NTproBNP (pg/ml) $ 570 133 (119-146) 968 138 (125-151) 385 136 (119-153) 0.950 

CNP (pmol/L) $ 562 0.66 (0.62-0.7) 954 0.66 (0.63-0.69) 379 0.66 (0.61-0.7) 0.111 

NT-CNP (pmol/L)$ 563 23.5 (21.6-25.4) 951 23.6 (21.7-25.4) 378 21.0 (19.8-22.2) 0.048 

Aldosterone (pmol/L)$ 558 177 (152-203) 944 161 (154-168) 373 164 (153-175) 0.482 

Adrenomedullin (pg/ml)$ 544 8.59 (8.12-9.07) 945 8.58 (8.26-8.89) 373  8.37 (7.9-8.84) 0.888 

VEGF-A (pg/mL) $ 160 47.9 (42-53.6) 273 45.0 (40.8-49.2) 104 41.9 (36-47.8) 0.366 
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rs2375981 genotypes 

Variable n CC n CG n GG p 

Anthropometric Variables        

Age (years) 636 66.8 ± 0.49 957 67.03 ± 0.39 342 65.8 ± 0.67 0.261 

Male Gender 636 453 (71.2 %) 957 694 (72.5%) 342 242 (70.8%) 0.767 

Ethnicity (European, Māori 

& Pasifika, Asian, MELAA) 

636 

 

88.2%, 6.9%, 4.2%, 0.7% 957 91%, 5.4%, 3.3%, 0.3% 342 91.2%, 4.1%, 4.4%, 

0.3% 

0.34 

Height (m) 629 1.69 ±0.003 944 1.7 ± 0.003 338 1.7 ±0.005 0.109 

Weight (kg) 632 79.7 ± 0.67 943 79.6 ± 0.56 338 79.7 ± 0.85 0.988 

BMI (kg/m2)  628 27.7 ± 0.2 941 27.3 ± 0.16 338 27.3 ± 0.16 0.303 

Systolic BP (mmHg) 620 130 ± 0.89  932 129 ± 0.7 341 126 ± 1.17 0.024 

Diastolic BP (mmHg) 620 75.9 ± 0.47 932 74.5 ± 0.385 341 73.5 ± 0.66 0.008 

LVEF (%) 585 57.4 ± 0.5 869 57.5 ± 0.41 313 55.7 ± 0.71 0.077 

Beta blocker use 574 493 (58.9%) 974 852 (87.5%) 387 324 (83.7%) 0.184 

Previous MI 632 204 (32.3%) 951 295 (31%) 339 82 (24.2%) 0.025 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

574 5.6%, 56.6%, 37.8% 974 6.3%, 58%, 35.7% 387 7.5%, 55.8%, 36.7% 0.725 

Alcohol intake (current, ex-

drinker, non-drinker) 

634 60.7%, 12%, 27.3% 956 64.4%, 12%, 23.6% 342 62.3%, 11.7%, 26% 0.538 

Plasma analytes        

Cholesterol (mmol/L) 484 4.92 ± 0.05 759 4.87 ± 0.04 266 4.93 ± 0.07 0.701 

Creatinine (mmol/L) 616 102 ± 2.03 928 99.9 ± 1.82 332 95.2 ± 2.32 0.182 

Urate (mmol/L) 372 0.38 (0.37-0.39) 586 0.36 (0.36 -0.37) 201 0.36 (0.35 -0.38) 0.072 

Troponin I (ng/L) $ 606 51.9 (21-82.6) 915 43.3 (19.5-67.1) 327 26.7 (16.9-36.5) 0.371 

ANP (pg/mL) $ 632 44.2 (41.6 – 46.8) 951 43.9 (42.1 – 45.8) 340 42.9 (39.4 – 46.3) 0.416 

NT-ANP (pmol/L)$ 631 1.36 (1.27-1.44) 951 1.38 (1.3-1.46) 340 1.25 (1.14-1.36) 0.042 

BNP (pmol/L) $ 632 27.4 (24.6-30) 951 26.7 (24.4-29) 340 25.3 (22.1-25.5) 0.557 

NTproBNP (pg/ml) $ 632 135 (122-149) 951 138 (125-151) 340 131 (113-149) 0.718 

CNP (pmol/L) $ 622 0.67 (0.63-0.7) 940 0.66 (0.63-0.69) 333 0.65 (0.6-0.7) 0.049 

NT-CNP (pmol/L)$ 623 23.8 (22-25.6) 937 23.3 (21.4-25.1) 332 21.1 (19.7-22.4) 0.049 

Aldosterone (pmol/L)$ 620 177 (154-200) 926 161 (154-168) 329 161 (150-172) 0.411 

Adrenomedullin (pg/ml)$ 602 8.58 (8.13-9.02) 930 8.53 (8.22-8.84) 330 8.5 (7.98-9.03) 0.986 

VEGF-A (pg/mL) $ 178 49.5 (43.3-55.6) 269 43.9 (40.1-47.6) 90 41.1 (34.7-47.3) 0.162 
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rs7030781 Genotypes 

Variable n AA  n AT  n TT  p 

Anthropometric Variables        

Age (years) 765 67.04 ± 0.44 914 66.5 ± 0.4 256 66.6 ± 0.77 0.686 

Male Gender 765 547 (71.5%) 914 663 (72.5%) 256 179 (69.9%) 0.696 

Ethnicity (European, Māori 

& Pasifika, Asian, MELAA) 

765 90.1%, 5.8%, 3.5%, 0.6% 914 90.2%, 5.8%, 3.9%, 0.1% 256 90.2%, 5.1%, 4.3%, 

0.4% 

0.682 

Height (m) 758 1.69 ± 0.003 900 1.7 ± 0.003 253 1.69 ± 0.005 0.288 

Weight (kg) 760 79.4 ± 0.59 900 79.9 ± 0.58 253 79.6 ± 1 0.843 

BMI (kg/m2)  757 27.6 ± 0.18 897 27.4 ± 0.164 253 27.5 ±0.32 0.828 

Systolic BP (mmHg) 747 129 ±0.8 891 130± 0.7 255 127 ± 1.3 0.192 

Diastolic BP (mmHg) 747 75.2 ± 0.42 891 74.7 ± 0.39 255 73.8 ± 0.79 0.199 

LVEF (%) 699 57.2 ± 0.46 833 57.5 ± 0.4 235 55.3 ± 0.86 0.038 

Beta blocker use 765 664 (86.8%) 914 795 (87%) 256 210 (82%) 0.108 

Previous MI 761 240 (31.5%) 907 273 (30.1%) 254 68 (26.8%) 0.356 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

765 5.4%, 58.1%, 36.5%  914 6.5%, 56.8%, 36.7% 256 8.6%, 55.5%, 35.9% 0.467 

Alcohol intake (current, ex-

drinker, non-drinker) 

763 61.5%, 12.5%, 26% 913 64.3%, 11.5%, 24.2% 256 61.3%, 12.1%, 26.6% 0.805 

Plasma analytes        

Cholesterol (mmol/L) 584 4.91 ± 0.04 722 4.87 ± 0.04 203 4.93 ± 0.08 0.742 

Creatinine (mmol/L) 742 100 (96.8-103) 885 100 (96.4-104) 249 95.9 (90.2-101.5) 0.474 

Urate (mmol/L) 462 0.38 (0.37-0.39) 552 0.36 (0.36-0.37) 145 0.36 (0.35-0.38) 0.102 

Troponin I (ng/L) $ 733 49 (23.2-74.7) 869  43.8 (18.8-68.7) 246 23.7 (15.4-31.9) 0.602 

ANP (pg/mL) $ 760 44.9 (42.5 – 47.2) 909 42.9 (41.1 – 44.9) 854 43.9 (39.7 – 48.1)  0.523 

NT-ANP (pmol/L)$ 759 1.36 (1.28-1.44) 909 1.35 (1.27-1.44) 254 1.29 (1.16-1.42) 0.363 

BNP (pmol/L) $ 760 28.0 (25.5-30.5) 909 25.8 (23.5-27.9) 254 26.1 (22.1-30) 0.263 

NTproBNP (pg/ml) $ 760 139 (126-152) 909 132.8 (120-146) 254 138.1 (116-160) 0.471 

CNP (pmol/L) $ 751 0.67 (0.64-0.71) 891 0.65 (0.62-0.68) 253 0.66 (0.61-0.72) 0.101 

NT-CNP (pmol/L)$ 752 23.2 (21.6-24.6) 888 23.6 (21.6-25.5) 252 21.1 (19.-22.5) 0.153 

Aldosterone (pmol/L)$ 745 178 (159-198) 881 157(150-164) 249 163 (149-177) 0.073 

Adrenomedullin (pg/ml)$ 730 8.56 (8.17-8.94) 884 8.55 (8.22-8.87) 248 8.47 (7.85-9.08) 0.999 

VEGF-A (pg/mL) $ 217 45.9 (41.3-50.5) 251 45.3 (40.8-49.8) 69 42.9 (35-50.8) 0.623 
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rs7043199 genotypes 

Variable n TT n TA + AA p 

Anthropometric Variables      

Age (years) 1244 66.8 ± 0.35 691 66.7 ± 0.46 0.946 

Male Gender 1244 894 (71.9%) 691 495 (71.6%) 0.916 

Ethnicity (European, Māori & Pasifika, Asian, MELAA) 1244 87.1%, 7.1%, 5.3%, 0.5% 691 95.5%, 3.2%, 1.2%, 0.1% 5.4x10-8 

Height (m) 1233 1.69 ± 0.002 678 1.7 ± 0.003 0.047 

Weight (kg) 1232 79.7 ± 0.49 681 79.6 ± 0.61 0.891 

BMI (kg/m2)  1230 27.6 ± 0.14 677 27.3 ± 0.18 0.212 

Systolic BP (mmHg) 1219 129 ± 0.62 674 129 ± 0.837 0.952 

Diastolic BP (mmHg) 1219 74.7 ± 0.5 674 74.8 ± 0.34 0.797 

LVEF (%) 1128 57.1 ± 0.36 639 57.1 ± 0.49 0.912 

Beta blocker use 1244 1067 (85.8%) 691 602 (87.1%) 0.449 

Previous MI 1236 379 (30.7%) 686 202 (29.4%) 0.604 

Tobacco use (Current, Ex Smoker, Non-smoker) 1244 6.1%, 57.2%, 36.7% 691 6.7%, 57.2%, 36.2% 0.883 

Alcohol intake (current, ex-drinker, non-drinker) 1242 62.2%, 13.1%, 24.7% 690 64.1%, 9.9%, 26% 0.103 

Plasma analytes      

Cholesterol (mmol/L) 981 4.89 ± 0.03 528 4.9 ± 0.05 0.816 

Creatinine (mmol/L) 1201 101 (97.3 – 104) 675 97.8 (94.9-101) 0.265 

Urate (mmol/L) 729 0.37 (0.36-0.38) 430 0.37 (0.36-0.38) 0.89 

Troponin I (ng/L) $ 1187 42.9 (26.5 – 59.1) 661 43.8 (11.4 – 76.1) 0.048 

ANP (pg/mL) $ 1237 43.5 (41.8 – 45.2) 686 44.4 (41.9 – 46.9)  0.966 

NT-ANP (pmol/L)$ 1237  1.33 (1.27 -1.4) 685 1.38 (1.28 – 1.47) 0.802 

BNP (pmol/L) $ 1237 26.6 (24.7-28.5) 686 26.8 (24.3-29.4) 0.978 

NTproBNP (pg/ml) $ 1237 134 (124-144) 686 140 (124-156) 0.979 

CNP (pmol/L) $ 1215 0.67 (0.64-0.69) 680 0.64 (0.61-0.68) 0.09 

NT-CNP (pmol/L)$ 1216 23.6 (22-25.1) 676 22.1 (20.7-23.5) 0.352 

Aldosterone (pmol/L)$ 1206 163 (157-170) 669 172 (150-193) 0.967 

Adrenomedullin (pg/ml)$ 1191 8.45 (8.18-8.73) 671 8.70 (8.28-9.11) 0.241 

VEGF-A (pg/mL) $ 341 46.9 (43.1-50.8) 196 42.3 (37.7-46.8) 0.049 
$Log10 transformed p-values are reported. 

Mean ± standard error or Mean (95% CI range) or incidence (%) are reported. 

Significantly associated variables and their p-values are shown in bold. 

Abbreviations: ANP: atrial natriuretic peptide , BP: blood pressure, BMI: body mass index, BNP: B-type natriuretic peptide, CNP: C-type natriuretic peptide, LVEF: left 

ventricular ejection fraction MELAA = Middle Eastern/Latin American/African, MI = Myocardial infarction, NT-ANP Amino terminal atrial natriuretic peptide, NT-CNP: Amino 

terminal C-type natriuretic peptide NTproBNP = amino-terminal pro-B type natriuretic peptide, SE = Standard Error of Mean VEGF-A: Vascular endothelial growth factor A.   
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6.3.3 VLDLR SNP associations within the HVOL cohort  

 

One-way ANOVA was performed to compare the effect of the four imputed SNP genotypes on 

anthropomorphic and plasma analyte data measurements from the HVOL cohort (Table 6.3). rs10738760 

AG and rs2375981 CG genotypes had lower systolic blood pressure (p = 0.006; p = 0.03), urate (p = 0.043; 

p = 0.015), creatinine (p = 0.012; p = 0.035), and endothelin (p = 0.012; p = 0.006) levels compared to 

their respective reference genotype groups. Additionally, the homozygous minor allele genotype groups 

for both SNPs had lower VEGF-A levels (rs10738760 p = 0.027, rs2375981 p =4.5 x10-4). Only the 

rs10738760 GG group had lower levels of high sensitivity troponin I (p = 0.036). rs7030781 AT genotype 

was associated with lower creatinine levels (p = 0.03) while the TT genotype was associated with lower 

endothelin (p = 0.035) and VEGF-A levels (p = 0.034). The rs7043199 A allele was more frequent in males 

(p = 0.037) and individuals who never smoked (p = 0.019). 
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Table 6.3. Genotype comparison for VLDLR SNPS in the HVOL cohort 
rs10738760 Genotypes 

Variable n AA n AG n GG p 

Anthropometric variables        

Age (years) 343 68 ± 0.39 598 67.8 ±0.3 236 68.7 ± 0.49 0.264 

Male Gender 460 326 (70.9%) 555 368 (66.3%) 162 102 (63%) 0.119 

Ethnicity (European, Māori, Indian) 342 98.5%, 1.2%, 0.3% 598 99.2%, 0.8%, 0% 236 98.3%, 1.7%, 0% 0.463 

Waist (cm) 343 94 ± 0.63 597 92.8 ± 0.46 236 92.2 ± 0.73 0.123 

Weight (kg) 343 78.7 ± 0.76 597 77 ± 0.61 236 76.3 ± 0.87 0.105 

BMI (kg/m2) 342 26.6 ± 0.21 598 26.1 ± 0.16 236 26.1 ± 0.23 0.207 

Systolic BP (mmHg) 341 138 ± 1.01 596 135 ± 0.76 236 139 ± 1.33 0.006 

Diastolic BP (mmHg) 341 81.5 ± 0.57 596 80.2 ± 0.43 236 81.7 ± 0.65 0.083 

LVEF (%) 100 64.2 ± 0.45 192 65.1 ± 0.32 79 64.1 ± 0.24 0.152 

MI family history 342 29 (8.5%) 598 35 (5.9%) 236 13 (5.5%) 0.226 

Tobacco use (Current, Ex Smoker, Never) 343 4.7%, 36.4%, 58.9% 598 4.7%, 40.5%, 54.8% 235 5.5%, 41.7%, 52.8% 0.628 

Alcohol intake (current, ex-drinker, non-

drinker) 

343 80.8%, 4.6%, 14.6% 598 79.6%, 4.7%, 15.7% 236 82.6%, 2.1%, 15.3% 0.502 

BP lowering medication  342 87 (25.4%) 598 145 (24.2%) 236 58 (24.6%) 0.92 

Plasma analytes        

Cholesterol (mmol/L) 342 4.35 ± 0.06 598 4.26 ± 0.04 236 4.23 ± 0.07 0.339 

HDL Cholesterol (mmol/L) 330 1.35 ± 0.01 581 1.38 ± 0.01 228 1.38 ± 0.02 0.364 

LDL Cholesterol (mmol/L) 325 3.5 ± 0.05 567 3.46 ± 0.04 220 3.37 ± 0.06 0.331 

Urate (mmol/L) 330 0.35 ± 0.004 582 0.34 ± 0.003 228 0.34 ± 0.004 0.043 

Creatinine (µmol/L)$ 330 91.7 (90.4-93.1) 582 89.4 (88.5-90.3) 228 90.7 (89.3-92.2) 0.012 

NT-proBNP (pg/mL)$ 285 110 (95.3-125) 461 102 (92.6-111) 189 118 (96.4-140) 0.878 

Hs TnI (pg/mL)$ 285 3.59 (2.93-4.24) 461 4.6 (3.42-5.78) 189 2.97 (2.57-3.36) 0.036 

ST2 (mg/mL)$ 177 33.5 (32-34.8) 296 31.8 (30.7-32.9) 117 31.6 (29.8-33.3) 0.107 

BNP (pmol/L)$ 339 6.28 (5.86-6.69) 589 6.26 (5.96-6.57) 234 6.69 (6.07-7.31) 0.865 

Endothelin (pmol/L)$ 332 2.23 (2.16-2.3) 584 2.09 (2.03-2.15) 230 2.14 (2.05-2.23) 0.012 

Angiotensin II (pmol/L)$ 315 12.1 (11.4-12.9) 568 12.2 (11.4-13) 217 11.7 (10.8-12.6) 0.553 

VEGF-A (pg/mL)$ 76 23.5 (16.7-30.2) 101 20.2 (15.6-24.8) 46 11.6 (9.07-14.0) 0.027 
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rs2375981 genotypes 

Variable n CC n CG n GG p 

Anthropometric variables        

Age (years) 378 67.9 ± 0.37 591 67.9 ± 0.3 208 68.8 ± 0.54 0.304 

Male Gender 378 268 (70.9%) 591 398 (67.3%) 208 130 (62.5%) 0.113 

Ethnicity (European, Māori, Indian) 377 98.7%, 1.1%, 0.2% 591 99%, 1%, 0% 208 98.6%, 1.4%, 0% 0.665 

Waist (cm) 378 94.4 ± 0.59 590 92.7 ± 0.47 208 91.8 ± 0.8 0.016 

Weight (kg) 378 79.0 ± 0.72 591 77.0 ± 0.61 208 75.7 ± 0.94 0.018 

BMI (kg/m2) 377 26.6 ± 0.2 591 26.1 ± 0.16 208 25.9 ± 0.25 0.048 

Systolic BP (mmHg) 376 137 ± 0.96 589 135 ± 0.76 208 139 ± 1.45 0.03 

Diastolic BP (mmHg) 376 81.6 ± 0.54 589 80.5 ± 0.43 208 80.9 ± 0.71 0.303 

LVEF (%) 113 64.5 ± 0.42 190 65.1 ± 0.32 68 63.9 ± 0.65 0.188 

MI family history 377 30 (8%) 591 35 (5.9%) 208 12 (5.8%) 0.405 

Tobacco use (Current, Ex Smoker, Never) 378 4.8%, 36.2%, 59% 590 4.4%, 41.4%, 54.2% 208 6.2%, 40.4%, 53.4% 0.431 

Alcohol intake (current, ex-drinker, non-

drinker) 

378 80.7%, 4.8%,14.5% 591 80%, 4.6%, 15.4% 208 81.7%, 1.9%, 16.3% 0.491 

BP lowering medication  377 92 (24.4%) 591 149 (25.2%) 208 49 (23.6%) 0.884 

Plasma analytes        

Cholesterol (mmol/L) 377 4.39 ± 0.05 591 4.24 ± 0.04 208 4.19 ± 0.08 0.078 

HDL Cholesterol (mmol/L) 364 1.35 ± 0.01 573 1.38 ± 0.01 202 1.39 ± 0.02 0.187 

LDL Cholesterol (mmol/L) 357 3.52 ± 0.04 559 3.44 ± 0.04 196 3.37 ± 0.06 0.185 

Urate (mmol/L) 364 0.35 ± 0.003 574 0.34 ± 0.003 202 0.34 ± 0.005 0.015 

Creatinine (µmol/L)$ 364 91.6 (90.4-92.9) 574 89.6 (88.6-90.5) 202 90.2 (88.7-91.8) 0.035 

NT-proBNP (pg/mL)$ 314 108 (94.7-122) 455 102 (92.3-111) 166 123 (98.5-147) 0.651 

Hs TnI (pg/mL)$ 320 3.91 (2.9-4.91) 468 4.37 (3.3-5.43) 168 2.96 (2.54-3.39) 0.081 

ST2 (mg/mL)$ 198 33.5 (32.1-34.9) 289 31.7 (30.6-32.8) 103 31.5 (29.6-33.4) 0.055 

BNP (pmol/L)$ 374 6.24 (5.85-6.63) 582 6.28 (5.96-6.6) 206 6.77 (6.12-7.42) 0.678 

Endothelin (pmol/L)$ 366 2.23 (2.16-2.3) 578 2.09 (2.03-2.15) 202 2.14 (2.04 - 2.24) 0.006 

Angiotensin II (pmol/L)$ 347 11.9 (11.3-12.6) 564 12.3 (11.5-13.1) 189 11.7 (10.8 -12.6) 0.784 

VEGF-A (pg/mL)$ 80 23.6 (17.1-30.1) 104 19.9 (15.4-24.3) 39 10.1 (7.71 – 12.5) 4.5 x10-4 
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rs7030781 Genotypes 

Variable n AA n AT n TT p 

Anthropometric variables        

Age (years) 460 67.8 ± 0.34 555 68.3 ± 0.32 162 68.4 ± 0.58 0.475 

Male Gender 460 326 (70.9%) 555 368 (66.3%) 162 102 (63%) 0.119 

Ethnicity (European, Māori, Indian) 459 98.9%, 0.9%, 0.2% 555 98.7%, 1.3%, 0% 162 98.8%, 1.2%, 0% 0.747 

Waist (cm) 460 78.6 ± 0.64 555 76.9 ± 0.64 162 75.9 ± 1.03 0.065 

Weight (kg) 460 93.8 ± 0.52 554 92.6 ± 0.5 162 92.4 ± 0.89 0.186 

BMI (kg/m2) 459 26.6 ± 0.18 555 26.0 ± 0.17 162 26.0 ± 0.28 0.092 

Systolic BP (mmHg) 457 137 ± 0.86 554 136 ± 0.81 162 139 ± 1.66 0.419 

Diastolic BP (mmHg) 457 81.2 ± 0.48 554 80.4 ± 0.45 162 81.7 ± 0.8 0.277 

LVEF (%) 141 64.7 ± 0.37 180 64.9 ± 0.33 50 63.9 ± 0.84 0.415 

MI family history 459 36 (7.8%) 555 33 (5.9%) 162 8 (4.9%) 0.321 

Tobacco use (Current, Ex Smoker, Never) 460 4.8%, 36.1%, 59.1% 554 4.7%, 41.5%, 53.8% 162 5.6%, 42.7%, 51.9% 0.369 

Alcohol intake (current, ex-drinker, non-

drinker) 

460 80.9%, 4.8%, 14.3% 555 79.8%, 4.2%, 16% 162 82.1%, 2.5%, 15.4% 0.717 

BP lowering medication  459 113 (24.6%) 555 139 (25%) 162 38 (23.5%) 0.918 

Plasma analytes        

Cholesterol (mmol/L) 459 4.34 ± 0.05 555 4.25 ± 0.04 162 4.22 ± 0.08 0.374 

HDL Cholesterol (mmol/L) 445 1.35 ± 0.01 537 1.39 ± 0.01 157 1.37 ± 0.02 0.262 

LDL Cholesterol (mmol/L) 436 3.48 ± 0.04 523 3.47 ± 0.04 153 3.34 ± 0.07 0.292 

Urate (mmol/L) 445 0.35 ± 0.003 538 0.34 ± 0.003 157 0.34 ± 0.005 0.343 

Creatinine (µmol/L)$ 445 91.3 (90.2-92.5) 538 89.4 (88.4-90.4) 157 90.7 (88.9-92.4) 0.03 

NT-proBNP (pg/mL)$ 378 110 (97.4-122) 432 104 (93.5-115) 125 115 (88.3-146) 0.733 

Hs TNI (pg/mL)$ 385 4.57 (3.18-5.97) 443 3.78 (3.2-4.35) 128 2.79 (2.37-3.21) 0.053 

ST2 (mg/mL)$ 244 33 (31.8-34.2) 272 31.84 (30.7-33.0) 74 31.4 (28.9-33.8) 0.189 

BNP (pmol/L)$ 454 6.21 (5.86-6.56) 547 6.44 (6.09-6.79) 161 6.46 (5.75-7.16) 0.518 

Endothelin (pmol/L)$ 444 2.21 (2.14-2.27) 545 2.1 (2.04-2.16) 157 2.1 (1.98-2.21) 0.035 

Angiotensin II (pmol/L)$ 426 11.9 (11.3-12.5) 527 12.4 (1.51-13.3) 147 11.4 (10.3-12.4) 0.397 

VEGF-A (pg/mL)$ 98 22.7 (17.2-28.2) 99 18.3 (13.8-22.8) 26 12.1 (8.49-15.7) 0.034 
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rs7043199 Genotypes 

Variable n TT n TA + AA p 

Anthropometric variables      

Age (years) 763 68.4 ± 0.26 414 67.2 ± 0.36 0.107 

Male Gender 763 500 (65.5%) 414 296 (71.5%) 0.037 

Ethnicity (European, Māori, Indian) 763 99%, 1%, 0% 413 98.5%, 1.2%, 0.3% 0.384 

Waist (cm) 763 93.1 ± 0.42 414 93.02 ± 0.55 0.926 

Weight (kg) 763 77.4 ± 0.53 414 77.5 ± 0.69 0.927 

BMI (kg/m2) 763 26.3 ± 0.14 413 26.1 ± 0.19 0.367 

Systolic BP (mmHg) 760 137 ± 0.68 413 136 ± 0.96 0.374 

Diastolic BP (mmHg) 760 81.1 ± 0.37 413 80.7 ± 0.52 0.523 

LVEF (%) 248 64.7 ± 0.28 123 64.6 ± 0.46 0.816 

MI family history 763 47 (6.2%) 414 30 (7.3%) 0.461 

Tobacco use (Current, Ex Smoker, Never) 762 3.9%, 42%, 54.1% 414 6.5%, 35%, 58.5% 0.019 

Alcohol intake (current, ex-drinker, non-drinker) 763 80.5%, 4.2%, 15.3% 414 80.7%, 4.1%, 15.2% 0.996 

BP lowering medication  763 192 (25.2%) 413 98 (23.7%) 0.620 

Plasma analytes      

Cholesterol (mmol/L) 737 5.7 ± 0.03 403 5.5 ± 0.06 0.053 

HDL Cholesterol (mmol/L) 737 1.38 ± 0.01 402 1.36 ± 0.01 0.275 

LDL Cholesterol (mmol/L) 718 3.5 ± 0.03 394 3.38 ± 0.05 0.053 

Urate (mmol/L) 737 0.34 ± 0.002 403 0.34 ± 0.003 0.521 

Creatinine (µmol/L)$ 737 90.3 (89.5-91.1) 403 90.4 (89.3-91.5) 0.855 

NT-proBNP (pg/mL)$ 609 109 (99.7-118) 326 106 (91.3-121) 0.193 

Hs TnI (pg/mL)$ 623 4.01 (3.18-4.84) 333 3.89 (2.99-4.79) 0.379 

ST2 (mg/mL)$ 398 32.3 (31.3 – 33.2) 192 32.3 (30.8-33.8) 0.786 

BNP (pmol/L)$ 752 6.48 (6.18-6.78) 410 6.12 (5.75 – 6.49) 0.245 

Endothelin (pmol/L)$ 743 2.15 (2.1-2.2) 403 2.12 (2.05-2.19) 0.513 

Angiotensin II (pmol/L)$ 715 12.1 (11.6-12.6) 385 12.1 (10.9-13.2) 0.45 

VEGF-A (pg/mL)$ 133 19.9 (15.5-24.3) 90 18.9 (14.4-23.4) 0.793 

$Log10 transformed p-values are reported. Mean ± standard error or Mean (95% CI range) or incidence (%) are reported. Significantly associated variables and their p-values are 

shown in bold. Abbreviations: BP: blood pressure, BMI: body mass index, BNP: B-type natriuretic peptide, HDL: high density lipoprotein, HsTnI: High sensitivity troponin I, LDL: 

low density lipoprotein LVEF: left ventricular ejection fraction MELAA = Middle Eastern/Latin American/African, MI = Myocardial infarction, , NTproBNP = amino-terminal pro-

B type natriuretic peptide, ST2: Suppression of tumorigenicity 2, VEGF-A: Vascular endothelial growth factor A.   
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6.3.4 Association of genotypes with clinical outcomes in the CDCS cohort 

 

Univariate Kaplan-Meier analyses revealed that none of the SNPs had significant association with any 

of the clinical endpoints assessed within the CDCS cohort. Based on the genotype associations with 

analytes measured, multivariate regression models incorporating established predictors (age, gender, 

ethnicity, previous MI, beta blocker treatment, NTproBNP, creatinine), and the covariates associated 

with genotype (LVEF, systolic and diastolic blood pressure), were generated for rs2375981 and 

rs10738760.  

 

Multivariate Cox hazard regression analyses showed that the rs2375981 CG genotype was associated 

with reduced risk of cardiovascular death (Table 6.4, p = 0.015, HR = 0.7). Models for other outcome 

endpoints revealed the rs2375981 CG trended towards being a significant predictor of reduced risk of 

all-cause mortality and STEMI readmission events (Appendix 6.3 and 6.4). rs10738760 AG genotype 

was associated with reduced risk of presenting cardiovascular death (Table 6.5, p = 0.022, HR = 0.701) 

and reduced risk of NSTEMI readmission events (Appendix 6.5, p = 0.011, HR = 0.747) when 

compared to the AA genotype In a model using the GG genotype as reference the rs10738760 AA 

genotype was associated with increased risk of cardiovascular death (Appendix 6.6, p = 0.047, HR = 

1.49). When including blood pressure variables (systolic and diastolic) in the models, the rs2375981 

genotype on cardiovascular death (Appendix 6.7) and rs10738760 genotype on NSTEMI (Appendix 

6.8) trended towards significance implying potential interactions with either type of blood pressure. 

The rs7030781 TT genotype was close to being a statistically significant predictor of reduced risk of 

cardiovascular death (Appendix 6.9). 
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Table 6.4. Cox’s proportional hazards regression model for cardiovascular death in the CDCS 

cohort using imputed genotypes for rs2375981 (n = 1701, 223 (13.1%) events) 
Predictor Coeff. SE Wald P – value HR 95% CI for HR 

Lower Upper 

Gender 0.126 0.162 0.608 0.435 1.13 0.826 1.56 

Ethnicity   6.52 0.089    

European v Pasifika 0.555 0.382 2.12 0.146 1.74 0.825 3.68 

*European v Asian 0.885 0.397 4.98 *0.026 2.42 1.11 5.27 

European v MELAA -7.32 120.9 0.004 0.952 0.001 6.6x10-107 6.5 x 1099 

*Physical Activity (scale 1–

4) $$ 

-0.259 0.056 21.48 *3.58 x10-6 0.772 0.691 0.861 

*Previous MI  0.741 0.142 27.2 *1.8 x10-07 2.09 1.59 2.77 

*Age 0.052 0.008 37.9 *7.1 x10-10 1.05 1.04 1.07 

*Log10 NTproBNP$ 1.79 0.229 61.2 *5.1 x10-15 5.99 3.83 9.38 

Beta blocker -0.168 0.193 0.762 0.383 0.845 0.579 1.23 

*Creatinine 0.002 0.001 5.22 *0.022 1.002 1.000 1.004 

*rs2375981 genotype   6.82 *0.033    

*CC v CG -0.356 0.147 5.90 *0.015 0.700 0.526 0.933 

CC v GG -0.375 0.210 3.19 0.074 0.687 0.455 1.037 

LVEF -0.006 0.005 1.27 0.259 0.994 0.984 1.004 

$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, LVEF= left ventricular ejection fraction, MI: 

Myocardial infarction,  NTproBNP = amino-terminal pro-B type natriuretic peptide, SE = standard error 

 

Table 6.5. Cox’s proportional hazards regression model for cardiovascular death in the CDCS 

cohort using imputed genotypes for rs10738760 (n = 1667, 211 (12.7%) events) 
Predictor Coeff. SE Wald P – value HR 95% CI for HR 

Lower Upper 

Gender 0.134 0.166 0.649 0.421 1.14 0.826 1.58 

Ethnicity   6.10 0.107    

European v Pasifika 0.467 0.409 1.31 0.253 1.59 0.716 3.55 

*European v Asian 0.915 0.399 5.25 *0.022 2.49 1.14 5.45 

European v MELAA -7.47 133 0.003 0.955 0.001 2.9 x10-117 1.1 x10110 

*Physical Activity (scale 1–4) $$ -0.231 0.058 15.7 *7.1 x10-6 0.794 0.708 0.890 

*Previous MI 0.766 0.147 27.1 *1.9 x10-7 2.15 1.61 2.87 

*Age 0.049 0.009 29.4 *5.8 x 10-8 1.05 1.03 1.07 

*Log10 NTproBNP$ 1.86 0.239 60.8 *6.1 x10-15 6.46 4.05 10.3 

Beta blocker -0.215 0.195 1.22 0.269 0.806 0.550 1.18 

*Creatinine 0.002 0.001 4.502 *0.034 1.002 1.000 1.004 

*rs10738760 genotype   6.04 *0.049    

*AA v AG -0.356 0.155 5.26 *0.022 0.701 0.517 0.950 

AA v GG -0.365 0.207 3.10 0.078 0.694 0.463 1.04 

Systolic blood pressure 0.005 0.004 1.53 0.215 1.005 0.997 1.01 

Diastolic blood pressure -0.004 0.007 0.271 0.603 0.996 0.982 1.01 
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LVEF -0.008 0.006 1.69 0.192 0.992 0.981 1.004 

$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, LVEF= left ventricular ejection fraction, NTproBNP 

= amino-terminal pro-B type natriuretic peptide, SE = standard error 

 

6.3.5 Genomic context of VLDLR SNPs 

 

Based on the genome assembly GRCh38/hg38 from the University of California, Santa Cruz Genome 

Browser (http://genome.ucsc.edu), the Ensembl, JASPAR and HaploReg databases [26-29], the 

genomic contexts of the 4 VLDLR SNPs were explored to see if DNA binding motifs for relevant 

effector molecules could be found. The location of the VLDLR SNPs and the relevant transcription 

factor motifs are shown in Figure 6.1. 

 

Figure 6.1. Schematic representation of a 312 kb region containing VLDLR locus SNPs. rs7043199 was associated with VEGF-A 

levels in the CDCS cohort, while SNPs shown in red were associated with VEGF-A levels in the heart healthy cohort. Bold SNPs were 

associated with clinical outcome in the CDCS cohort. Blue arrows represent coding genes for potassium voltage-gated channel modifier 

subfamily V member 2 (KCNV2) and very low-density lipoprotein receptor (VLDLR) genes. Red arrow indicates VLDLR antisense 

lncRNA regions. Blue dots represent approximate location of 220 bp CCCTC-binding factor (CTCF) sites. Transcription Factor (TF) 

motifs overlapping SNPs are named in parentheses. TF motifs in red are linked with cardiovascular risk pathways *Indicates SNPs that 

map in enhancer regions active in the cardiovascular system. Black double-ended arrows indicate distance between relevant locations 

(SNPs and/or genes). Distances calculated from NCBI GenBank Accession NC_000009.12.  

 

rs7043199 is located within intron 1 of the long non-coding very low-density lipoprotein receptor 

antisense RNA 1 (VLDLR-AS1) gene on the negative strand of chromosome 9, while VLDLR is located 

on the positive strand ~152 bp from VLDLR-AS1 (Figure 6.1). Specifically, rs7043199 is located within 

promoter histone marks that are active in 17 different tissues including the ventricles and atria [28]. 

Both promoter and enhancer signatures have been linked to influencing gene expression of the VLDLR, 

VLDLR AS-1 and KCNV2 genes [26, 30].  

 

rs7030781 is located approximately 30.3 kb 3’ from VLDLR and 31.2 kb 5’ from KCNV2. The A allele 

increases the binding activity of the CCAAT/enhancer binding protein alpha (CEBPA) transcription 

factor [28]. This factor is expressed in liver and adipocytes, where it regulates adipogenesis which 
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impacts glucose and lipid homeostasis [31]. Additionally, the rs7030781 A allele is reported to increase 

the binding of STAT4 [28]. Lastly, the T allele is implicated in increased activity of the myocyte 

enhancer factor 2A [28].  

 

Both rs10738760 and rs2375981 are located approximately 25 kb 5’ from KCNV2 and 35 kb 3’ from 

VLDLR,  1.4 kb apart (Figure 6.1). rs10738760 is within an enhancer region that undergoes epigenetic 

control via Histone H3 lysine K4 mono-methylation (H3K4me1), which is active in both ventricles,  

right atrium, adipose nuclei, and foetal heart cells [28].  rs2375981 is associated with enhancer activity 

and H3K4me1modifications in right atrium and skeletal muscle [28]. The C allele reduces SETDB1 

binding[28], a factor involved in structural cardiac defects [32]. The rs2375981 T allele can also reduce 

hepatocyte nuclear factor 4 alpha (HNF4A) binding activity [28],  

6.4 Discussion 

 

There is evidence in the literature that VEGF-A levels are influenced by cis- and trans acting SNPs 

with some of the variants being associated with increased CVD risk [17]. The present study focused 

on assessing imputed genotype data for 4 eQTL SNPs (rs7043199, rs7030781, rs10738760 and 

rs2375981) on the VLDLR locus to identify candidate risk variants associated with cardiometabolic 

parameters and clinical outcomes. In the CDCS cohort rs10738760 GG and rs2375981 GG genotypes 

were associated with less history of MI, lower blood pressure measurements and lower CNP levels. 

Moreover, rs10738760 GG and rs7030781 TT genotypes were associated with lower LVEF. Also, 

rs7043199 A allele carriers had lower VEGF-A levels. Comparatively, in the  HVOL cohort, imputed 

genotype analysis revealed heterozygous genotypes for rs10738760 and rs2375981 were associated 

with lower systolic blood pressure, urate, creatinine, and endothelin levels. For rs10738760 GG and 

rs2375981 GG genotypes an association with lower VEGF-A levels was observed.  

 

Regarding circulating VEGF-A levels, a GWAS meta-analysis using ten European cohorts identified 

the rs7043199 A allele was associated with decreased VEGF-A levels, while the rs2375981 C allele 

was associated with increased VEGF-A levels [19]. Other GWAS reports on European cohorts 

identified the rs2375981 G allele is associated with decreased VEGF-A levels [20, 33]  In a GWAS 

study using three healthy cohorts the rs10738760 A allele was associated with increased VEGF-A [18].  

However, rs7030781 has contrasting reports on association with VEGF-A levels. One Finnish study 

identified the rs7030781 T allele was associated with lower VEGF-A levels [20] while another study 

observed the same allele was associated with higher VEGF-A levels [34]. Our results agree with most 
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GWAS reports, that chromosome 9 variants are associated with VEGF-A levels. Specifically, we 

noticed mean VEGF-A levels progressively decreased with the addition of minor alleles in both the 

clinical (CDCS) and heart healthy (HVOL) cohorts.  

 

Besides VEGF-A, the four chromosome 9 SNPs have been associated with lipid metabolites, blood 

pressure measurements, inflammatory and growth factors. European GWAS data has shown 

rs7030781, rs10738760 and rs2375981 are associated with increased circulating interleukin levels 

including IL-6, IL-10, IL-11, and IL-12 [12, 35, 36]. Additionally, rs10738760 and rs7030781 were 

associated with increased levels of fibroblast growth factor (FGF) and granulocyte colony-stimulating 

factor (G-CSF) [35, 36]. Lastly, a study of healthy Greek teenagers associated the rs7043199 A allele 

with higher systolic and diastolic blood pressure [37]. Our study did not observe an association of 

rs7043199 with blood pressure in either CDCS or HVOL cohorts. However, we did notice that in the 

HVOL cohort, SNPs rs7030781, rs2375981 and rs10738760 were associated with VEGF-A, 

endothelin and (exclusive to rs10738760) troponin levels. The variables we observed have been linked 

with increased inflammatory molecule activity, blood pressure regulation and lipid profile changes 

which are CVD pathogenesis factors [3, 10, 38-40]. This study’s findings suggest VLDLR SNPs may 

impact CVD risk by affecting VEGF-A activity, VLDLR’s lipid regulation, blood pressure regulation 

and inflammation.  

 

In terms of risk, rs10738760 has been consistently associated with metabolic syndrome (MetS) 

biomarkers [41-45]. A population-based study on healthy Lebanese individuals identified the 

rs10738760 A allele was associated with lower levels of total cholesterol [41]. This study combined 

their data with a healthy Iranian cohort and, via multiple regression analysis, both studies demonstrated 

the rs10738760 GA genotype was associated with increased MetS risk [41].  Further studies on the 

same group of Iranian participants demonstrated rs10738760 AA genotype carriers had higher risk of 

developing MetS, with the effect being greater in individuals with high fat and sugar intake [42-45]. 

Additionally, MetS patients carrying the rs10738760 A allele had higher VEGF-A levels [43, 44]. Our 

data showed the rs10738760 GA and rs2375981 CG may confer reduced risk of cardiovascular death. 

Additionally, the rs10738760 GA could also be implicated in reduced NSTEMI readmission risk. 

However, we observed the rs10738760 AA genotype might confer increased risk of cardiovascular 

death. Both rs10738760 and rs2375981 present a degree of linkage disequilibrium (r2 = 0.88) [28, 46] 

which can explain the similar associations we observed for metabolites and cardiovascular death 

associations. Our data reinforces existing findings that rs10738760 is a disease risk variant and, based 

on our data, it may be a prognostic marker for cardiovascular death.  
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The SNPs’ impact on CVDs may be tied to epigenetic marks considering we observed rs10738760 and 

rs7043199 were within enhancer or promoter histone marks. Both variants have been linked to DNA 

methylation activity in healthy Caucasian families [47]. This implies the variants may display an effect 

on gene regulation that is cis- or trans-acting.  In other contexts, some of the chromosome 9 variants 

may have trans-acting properties with other eQTL VEGF-A variants. A study focusing on Alzheimer 

disease (AD) highlighted that rs2375981 and rs7043199 present epistatic interaction with VEGF-A 

related SNPs on chromosome 6 (rs34528081)  or chromosome 8 (rs6993770), respectively, that are 

associated with reduced AD risk [48]. Transcription factors may also be affected considering  rs7030781 

lies within motifs for STAT4 and MEF2A. STAT4 is actively expressed in heart tissue and can influence 

CVD onset through regulation of proinflammatory signals [49]. MEF2A is vital for cardiac 

development, cardiomyocyte differentiation and morphogenesis [50]. Meanwhile, rs2375981 is within 

the motif for HNF4A, a regulator of hepatic lipid metabolism genes [51]  Overall, the individual SNPs 

may influence other regulatory mechanisms which can impact VEGF-A influence over inflammatory 

and lipid regulation pathways. 

 

6.5 Conclusion 

 

In summary, the present study made use of imputation data to identify candidate SNPs on chromosome 

9 that may influence VEGF-A levels, associate with cardiovascular biomarker levels and/or risk 

outcome. Our results complement international findings from European cohorts by identifying the 

minor alleles for 3 SNPs (rs7030781, rs10738760 and rs2375981) in a heart healthy cohort and 

rs7043199 in a post-ACS cohort are associated with lower VEGF-A levels. Our results suggest there 

is a high likelihood that the heterozygous genotypes of rs10738760 and rs2375981 can present a 

protective effect for cardiovascular death and, exclusively for rs10738760, NSTEMI readmission. The 

rs10738760 AA genotype has a likelihood of increasing mortality risk post-ACS. Our models and the 

associations with biomarkers and risk factors reported lead us to speculate these VLDLR chromosome 

9 variants can impact VEGF-A circulating levels, blood pressure regulation and lipid metabolism. 

Furthermore, variants rs10738760 rs2375981 and rs7043199 may have trans-acting activities that 

warrant exploration in further cohorts focusing on CVD onset and progression. 
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Chapter 7.-Discussion and project conclusions 
 

This chapter aims to discuss overarching aspects of the studies detailed in Chapters 4-6. This includes 

an overview on the difference in VEGF-A plasma levels between the CVD diagnosed and heart healthy 

cohorts. Furthermore, this chapter discusses the associations observed for the SNPs in the context of 

CVD onset and proposes links with potential molecular mechanisms that relate to CVD risk. This 

addresses research objective 6 (Chapter 1, Section 1.3). To reduce repetition of material due to a Thesis 

with publications format, the overarching limitations and strengths shared amongst Chapters 4 – 6 are 

discussed in this chapter. Lastly, the prospective future directions of the conducted research as well as 

concluding remarks, are included. 
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7.1 Introduction 

 

The aetiology of CVDs is multifactorial given multiple risk factors are involved in their progression 

and risk assessment (Chapter 2, Sections 2.1 to 2.3). The typical risk factors that are used in CVD risk 

assessment are lifestyle and metabolic risk factors which include triglyceride levels, HDL cholesterol, 

sex, smoking, diabetes, and systolic blood pressure [1]. There is a clinical need for the identification 

of early predictive biomarkers prior to the onset of CVD symptoms [2]. Particularly, SNPs represent 

predictive biomarkers that correlate with specific CVD risk factors (Chapter 2, Sections 2.5 and 2.7). 

SNPs are a novel tool that can support CVD risk prevention and risk stratification [2-5].  

 

A novel candidate risk marker is VEGF-A, a molecule involved in blood vessel formation that can 

interact with inflammatory and lipid pathways. There is evidence that increased VEGF-A activity can 

promote inflammation leading to increased vascular dilation, adhesion protein expression and trans-

endothelial lipid migration which can promote atherosclerotic lesion development [6-12]. Additionally, 

elevated plasma and tissue levels of VEGF-A have been observed in CVDs including IHD, CAD, 

stroke, HF, and MI [6, 13-15]. Moreover, genome wide association studies have identified SNPs, 

spread across the human genome, that influence circulating VEGF-A level variation [16, 17]. Lastly, 

some of these SNPs may influence CVD onset or associated risk factors thus offering potential markers 

for CVD risk [18].  

 

As mentioned in “Chapter 2 - Literature review”, genetic studies of CVD have shifted from focusing 

on variants close to candidate genes to GWAS data for the purpose of identifying trait associations. 

Specifically, GWAS data have made it possible to identify VEGF-A expression quantitative trait loci 

(eQTL) SNPs spread over different human chromosomes. Furthermore, some eQTL VEGF-A SNPs 

have been linked to CVD risk. This PhD project aimed to investigate associations of SNP candidates 

with cardiometabolic parameters in New Zealand individuals. The cohorts included in this study are 

one of post-acute coronary syndrome patients (CDCS) and a heart healthy cohort (HVOL). The project 

employed statistically generated imputed SNP genotypes (Chapter 3 Material and Methods) for 47 

SNPs over three chromosomes. In this manner, imputation-based findings aided in the identification 

of risk variants that were associated with VEGF-A levels, CVD traits or  clinical outcomes (Chapter 4 

to Chapter 6). Afterwards, imputation-based results were contrasted with available physically 

generated SNP data to confirm findings (Chapter 4 and Chapter 5). SNPs that were associated with 

readmission risk for specific aetiologies were identified (Chapter 4 to Chapter 6). Lastly, each variant’s 
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genomic context was explored to elucidate potential molecular mechanisms that impact CVD risk. The 

impact of key CVD-associated variants shall be discussed considering the findings observed and 

relating them to the available literature. 

7.2 VEGF-A levels in the HVOL and CDCS cohorts 

 

As discussed, CVD patients tend to present with elevated levels of plasma VEGF-A and this biomarker 

had not previously been measured in the HVOL cohort. HVOL participants had mean plasma VEGF-

A levels that ranged from ~26.4 pg/mL (rs6921438 AA, Chapter 4) to 10.1 pg/mL (rs2375981 GG, 

Chapter 6). This range is lower than data previously reported on three longitudinal cohorts studies on 

VEGF-A levels, where individuals free of chronic disorders had mean plasma VEGF-A levels of 27.4 

pg/mL [17]. Comparatively, VEGF-A levels in heart disease cohorts are expected to be higher. For 

instance, the mean VEGF-A level for the CDCS cohort was 45.0 pg/mL which was previously reported 

by Palmer et al [19]. Another study focusing on patients with cerebrovascular atherosclerotic stenoses 

reported mean plasma VEGF levels ranging from 38.1 to 45.0 pg/ml [20]. A trend observed in the 

research findings was that mean VEGF-A levels were lowest in the homozygous for the minor allele 

genotype groups. This applied to two VEGFA locus variants (rs691438 and rs7767396) for both study 

cohorts, six VEGFR2 locus variants (rs1870377, rs1870378, rs1870379, rs7677779, rs13136007 and 

rs10016064) for the HVOL cohort and four VLDLR locus variants in the CDCS (rs7043199) or HVOL 

(rs10738760, rs2375981 and rs7030781) cohorts. 

 

Overall, the VEGF-A levels observed in this PhD project are within the range of those from studies 

that have measured circulating VEGF-A levels in healthy and CVD diagnosed individuals. This 

project’s results confirm the variants discussed in Chapters 4 to 6 are associated with VEGF-A levels. 

Furthermore, specific variants were linked with increased or decreased risk of clinical outcomes. As 

such, considering their individual molecular mechanisms it is important to discuss how each key 

variant is linked to VEGF-A activity and/or CVD risk mechanisms.  

7.3 Proposed mechanisms for VEGFA locus SNPs 

 

As discussed in Chapter 4, VEGFA locus variants (rs6921438 and rs7767396) presented association 

with VEGF-A levels and four clinical outcomes (death, NSTEMI, heart failure, MACE). Specifically, 

the homozygous minor allele genotypes (rs6921438 AA and rs7767396 GG) are linked to lower 

VEGF-A levels and higher outcome risk. Furthermore, the research work identified rs6921438 AA, 
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rs7767396 GG and VEGF-A were associated with increased heart failure readmission risk (Chapter 4, 

Table 4.6). As part of understanding how each variant affects CVD, their influence can be explored 

based on their reported allelic effects and tying them to CVD effector molecules. 

 

As discussed in Chapter 2 Section 2.6 (Table 2.2), existing literature shows that rs6921438 A allele is 

linked to high proinflammatory cytokines (TNF-α, IL-6), low HDL, high LDL, and low VEGF-A 

levels [10, 13, 16, 21, 22]. The allele’s influence over these biomarkers could be due to its effect on 

overlapping transcription factor binding sites. As discussed in Chapter 4 (section 4.3.6) the HaploReg 

database showed the A allele of rs6921438 has increased FOXF2 binding activity compared to the 

reference G allele  [23, 24]. FOXF2’s wild type function involves cardiac morphogenesis, heart valve 

formation and endothelial integrity [25]. Loss of FOXF2 function is associated with CVD 

pathogenesis, however an increase in FOXF2 binding may result in increased inflammatory signalling 

[23, 25]. This suggests that increased activity of FOXF2 could influence downstream transcription or 

regulation of inflammatory genes (IL-6, TNF-α), with the latter being well established drivers of 

immune cell mediated vascular inflammation [12, 26, 27]. From an allelic perspective, rs6921438 A’s 

effect on signalling molecules (e.g. interleukins), may be more complex to the point of involving other 

SNPs. There is evidence of this given Azimi-Nezhad et al. (2013) identified that the A allele of 

rs6921438 could interact with a chromosome 8 SNP (rs6993770) and a chromosome 6 SNP 

(rs4416670,~24.8 kb downstream of rs6921438) to increase IL-6 levels and TNF-α levels [22]. This 

would imply that inflammation may be a common pathway through which SNPs might influence 

VEGF-A levels. In turn, elevated VEGF-A levels are known to affect lipoprotein activity [8, 28, 29].  

Specifically, VEGF-A is capable of binding to HDL, which would lower its circulating levels and 

disrupt lipid transport allowing the accumulation of LDL and triglycerides [30]. Additionally, VEGF-

A has been identified to lower lipoprotein lipase (LPL) activity, which results in higher circulating 

LDL levels [30, 31]. Considering low VEGF-A levels in the presence of rs6921438 A, it is plausible 

that VEGF-A activity is more oriented towards interacting with LPL and HDL. This could explain why 

circulating VEGF-A levels are lower despite increased production due to proinflammatory cytokines. 

Given no significant associations between rs6921438 and natriuretic peptides or disease risk  were 

observed in ‘heart healthy’ individuals, rs6921438 A may require other factors (e.g. hypoxia, 

dyslipidaemia) to promote CVD onset. In a healthy group. there may be low background activity of 

IL-6 or TNF-α as well as adequate blood oxygen levels which implies there would not be increased 

VEGF-A production. If hypoxia or alterations to lipid levels were to occur these could be reduced due 

to HDL antioxidant activity. Overall, this project identified that rs6921438 A is associated with higher 

heart failure readmission. However, there is evidence on the crosstalk between VEGF-A, inflammation 
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and lipoprotein homeostasis that link them to CVD risk. Therefore, inflammatory biomarkers may 

directly impact VEGF-A levels which can promote a disturbed lipoprotein balance, conjointly leading 

to CVD onset. The proposed mechanism of action for rs6921438 A, as well as current evidence on 

VEGF-A, inflammation and lipoprotein interactions, discussed in this paragraph, are summarised in 

Figure 7.1A. 

 

In this project, the rs7767396 G allele was associated with lower VEGF-A levels and increased disease 

risk (Chapter 4). In the literature, the rs7767396 G allele has been reported to be associated with lower 

VEGF-A levels and reducing NF-AT1 binding [24, 32]. NF-AT1 is a transcription factor involved in 

signalling that induces proinflammatory cytokine expression [33]. A potential explanation for lower 

VEGF-A levels could be due to the G allele reducing proinflammatory cytokine production.  Another 

transcription factor with binding affected by rs7767396 is STAT3 (Chapter 4, Section 4.3.6). STAT3 

upregulates hypoxia responsive factor 1 alpha (HIF-1α), a well-established inducer of VEGF-A 

production [34]. The rs7767396 G allele overlaps with two motifs that regulate pathways 

(inflammation and hypoxia) involved in VEGF-A production. Theoretically, reduced binding of both 

motifs could decrease hypoxia and inflammation which would imply lower VEGF-A production. 

Therefore, rs7767396 G allele’s association with low VEGF-A levels may be due to reduced STAT3 

activity leading to lower HIF-1α activity and lower NF-AT1 binding. Based on its location rs7767396 

appears to have more direct connections to VEGF-A levels, when compared to rs6921438. Due to its 

links to NF-AT1 and STAT3,  rs7767396 may have a more robust effect on disease risk. Additionally, 

NF-AT1 and STAT3 are involved in heart development gene regulation [33, 34]. The proposed 

mechanism of action for rs7767396 and potential connections of the transcription factors with effector 

mechanisms are summarised in Figure 7.1B.  

 

Although both variants have plausible links to VEGF-A regulation and downstream effects, due to the 

nature of this project, it is difficult to identify which variant has a more pronounced driving effect. 

Based on the pathways that it might connect with, rs6921438 could have an influence on CVD 

developmental mechanisms. Meanwhile rs7767396 may be tied more to an immediate susceptibility 

of disease outcome, in addition to altering VEGF-A levels. Although both variants are relatively close, 

from a genetic perspective, they interact with different regulators which affect overlapping effector 

molecules that contribute to CVD risk. Notably, the work presented agrees with reports on rs6921438’s 

influence on VEGF-A levels, while displaying its complex interaction with inflammatory molecules 

and lipid regulation. Moreover, rs7767396 represents a novel VEGF-A eQTL SNP with potentially a 

more direct effect on VEGF-A. Additionally, its impact on disease risk could be due to interaction with 
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transcription factors that regulate inflammation and heart development genes. Overall, rs6921438 and 

rs7767396 are intergenic variants displaying trans-acting properties that impact CVD risk. Both 

variants should be considered as novel genetic markers to aid in NZ based CVD risk assessment.  

 

 

 

Figure 7.1. Proposed mechanisms of action for A) rs6921438 and B) rs7767396. Dashed yellow lines represent potential 

connections of the SNP effect with effector mechanisms regulated by the specified transcription factors. Black arrows 

represent effects referenced in text. Abbreviations: Chr: Chromosome, CVD: Cardiovascular Disease, HDL: High density 

lipoprotein, HIF-1α: Hypoxia inducible factor-1 alpha, IL-6: Interleukin 6, LDL: Low density lipoprotein, LPL: 

Lipoprotein lipase, SNP: Single nucleotide polymorphism, TNF-α: Tumour necrosis factor alpha. VEGF-A: Vascular 

endothelial growth factor A. Created with BioRender.com. 
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7.4 Proposed mechanisms for VEGFR2 locus SNPs 

 

VEGFR2 represents one of the main receptors that when activated, via VEGF-A or other non-VEGF 

agonists, promotes vascular permeability and angiogenesis (Chapter 5). Upon canvassing the literature 

(Chapter 2), VEGF-A eQTL SNPs reported on human chromosome 4 include two exonic SNPs in 

VEGFR2 (rs1870377 and rs2305948) and two VEGFR2 promoter region SNPs (rs7667298 and 

rs2071559). The work presented in Chapter 5 aimed to assess these SNPs and other variants in the 

VEGFR2 gene to determine their involvement in CVD.  

 

CDCS patients with the rs2305948 CC genotype had higher incidence of CVD readmissions and 

mortality events (Chapter 5). Evidence in the literature showed that the rs2305948 T allele is associated 

with high LDL and cholesterol levels [35]. Moreover, the rs2305948 T allele participates in decreased 

VEGF-A binding to VEGFR2 which can cause an increase of sVEGFR2 circulating levels [36, 37]. 

This project did not observe association between rs2305948 and VEGF-A levels, but the T allele could 

be a disease risk variant candidate (Chapter 5). This highlights rs2305948’s role in CVD risk with 

potential influence on VEGF-A effector functions which indirectly give it eQTL properties. Following 

an ACS event, the lack of VEGF-A binding caused by rs2305948 would allow for an increase in 

circulating VEGF-A levels that could induce other pathways that lead to increased CVD risk. An 

affected pathway includes lipid catabolism caused by VEGF-A reducing plasma LPL activity [8, 28, 

29] leading to circulating LDL levels, which agrees with rs2305948’s T allele associations with higher 

lipid content. However, the role for the observed risk genotype (rs2305948 CC) following ACS should 

be elucidated further since the C allele has been associated with reduced circulating sVEGFR2 levels 

[38, 39]. Notably, VEGF binding to VEGFR2 stimulates signalling pathways that cause vascular 

dilation [6, 12]. Therefore, if there is reduced VEGFR2 activity and/or low circulating VEGFR2  there 

may be impaired vasodilation. This would then lead to hypertension which promotes CVD risk. The 

pathways and molecules associated with rs2305948, VEGF-A and VEGFR-2 function in ACS patients 

are summarised in Figure 7.2A. 

 

When looking deeper into how each rs2305948 allele could affect healthy individuals, the SNP may 

play a role in CVD risk factors via HDL or endothelin. This project noted that rs2305948 T allele 

carriers had higher HDL and endothelin levels (Chapter 5, Section 5.3.4). It is possible that low VEGF-

A binding to VEGFR2 due to rs2305948 T would activate compensatory mechanisms to maintain 

homeostasis. This could affect downstream effects such as VEGFR2 mediated in vasodilation [6, 12]  
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while unbound circulating VEGF-A could promote a localised inflammatory response [22]. HDL is 

well established for presenting anti-inflammatory and antioxidant properties which would reduce the 

possibility of circulating LDLs being oxidised [40, 41]. Moreover, HDL also displays vasodilation 

properties [41] which could complement VEGFR2-mediated vasodilation. Additionally, since 

endothelin is a vasoconstrictor [42], it may be involved along with HDL in modulating endothelial 

function. Overall, endothelin, HDL and VEGFR2 would modulate vasodilation in healthy individuals 

with rs2305948 being associated with increased HDL and endothelin levels. However, the variant’s 

direct effect on blood pressure regulation may be superseded by the consequences of VEGF-A 

dysfunction. This could be further complicated considering the rs2305948 T allele has been reported 

to present trans-acting properties with other SNPs. For example, it can increase haemorrhagic stroke 

risk by interacting with rs833061 that is in the promoter region of VEGF-A on chromosome 6 [43]. 

Additionally, it has been reported that rs2305948 TT, rs3025039 CT and r1870377 AA  are associated 

with reduced CHD risk when adjusting for risk factors such as smoking, alcohol intake and diabetes 

[44]. Overall, rs2305948 can be considered a VEGF-A eQTL variant, but it may have more 

complicated interactions that relate to  downstream mechanisms involved in blood pressure regulation 

or inflammation influenced by VEGFR2 or VEGF-A, respectively. Associations observed in this 

project for rs2305948 in healthy individuals and effector mechanisms discussed are summarised in 

Figure 7.2B. 
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Figure 7.2. Associations of rs2305948 alleles with effector molecules and subsequent impact on risk factors that A) 

promote CVD risk or B) contribute to heart vascular homeostasis. Abbreviations: Chr: Chromosome, CVD: 

Cardiovascular Disease, HDL: High density lipoprotein, IL-6: Interleukin 6, LDL: Low density lipoprotein, LPL: 

Lipoprotein lipase, sVEGFR2: Soluble: vascular endothelial growth factor receptor 2, TNF-α: Tumour necrosis factor 

alpha. VEGF-A: Vascular endothelial growth factor A, VEGFR2: vascular endothelial growth factor receptor 2. Created 

with BioRender.com. 
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The second variant in the study of VEGFR2 locus SNPs with notable associations to biomarkers was 

rs1870377 (Chapter 5). Specifically, in the CDCS cohort, rs1870377 A allele carriers had significantly 

higher risk of CVD readmissions (Section 5.3.5). Existing evidence shows that the rs1870377 A allele 

is associated with low circulating VEGFR2, higher circulating LDL and sVEGFR1 levels [45-47]. 

Particularly, sVEGFR1 inhibits VEGF-A angiogenic activity by binding to circulating VEGF-A and 

this can attenuate VEGFR2 expression and signalling [48]. Additionally, rs1870377 causes a missense 

mutation (Q472H) which increases VEGFR2 phosphorylation, promoting increased VEGF-A binding 

efficiency [49-51]. This implies that rs1870377 is connected to both VEGF receptors and their 

subsequent impact on VEGF-A activity or levels. However, the hypoxic and/or inflammatory 

conditions during CVD onset could induce greater signalling towards CVD development than the 

VEGF receptors. Additionally, any unbound VEGF-A could also contribute to reduced lipoprotein 

lipase activity leading to increased LDL levels or induction of cytokine signalling that promote CVD 

development. Overall, rs1870377 A appears to influence CVD onset through its mechanisms on 

sVEGFR1 and VEGFR2-mediated VEGF-A activity. This interaction may explain the disease risk 

behaviour observed in this project for the rs1870377 AA genotype (Chapter 5). The associations for 

rs1870377 A and interactions of molecules that contribute to CVD risk are summarised in Figure 7.3A. 

 

In the heart healthy cohort, the rs1870377 A allele was associated with lower triglyceride and VEGF-

A levels (Chapter 5). For healthy individuals, the lack of an ongoing hypoxic and inflammatory 

environment would allow VEGF-A to bind to VEGFR2 to carry out its effector functions. Additionally, 

it could be possible that regulation of VEGF-A activity can be modulated by background production 

of sVEGFR1. This implies low circulating VEGF-A levels in healthy individuals would be observed 

due to VEGF-A binding to either sVEGFR1 or VEGFR2. Moreover, VEGFA activity would be 

primarily focused on angiogenesis or artery maintenance implying little to no interference on 

lipoprotein lipase activity, which could contribute to lower triglyceride levels. Associations observed 

in this study and potential links to low LDL levels are summarised in Figure 7.3B 
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Figure 7.3. Graphical summary of reported associations of rs1870377 A and mechanisms that contribute to A) CVD 

risk or B) low LDL levels. Yellow arrows represent potential connections between VEGF-A and lipoprotein degradation. Black 

arrows represent effects referenced in text. Abbreviations: CVD: Cardiovascular Disease, LDL: Low density lipoprotein, LPL: 

Lipoprotein lipase, sVEGFR1: Soluble vascular endothelial growth factor receptor 1, sVEGFR2: Soluble: vascular 

endothelial growth factor receptor 2, TG: triglycerides, VEGF-A: Vascular endothelial growth factor A, VEGFR2: vascular 

endothelial growth factor receptor 2. Created with BioRender.com. 
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This project also identified two intronic SNPs (rs767779 and rs13136007) that have the potential of 

being candidates to assess mortality risk (Appendices 5.7 and 5.8). For rs7677779, a potential 

mechanism may involve interaction with overlapping transcription factor binding motifs. This includes 

transcription factors ELF2 and ELF4 which are involved in immune response regulation. Although no 

significant associations were observed with plasma analytes, rs7677779 T could promote immune cell 

migration and signalling that could exacerbate early CVD onset. Additionally, ELF4 is involved in 

adipogenesis regulation [52] making it possible that rs7677779 T’s involvement in CVD could be due 

to increased lipid production and subsequent foam cell formation. Meanwhile rs13136007 overlaps 

with the binding motif for HNF6, a factor that contributes to the expression of genes involved in 

glucose and lipid metabolism [53, 54]. This would also allow it to impact the lipidic landscape to 

contribute to CVD onset. Considering rs7677779 T and rs13136007 A alleles were associated with 

triglyceride levels in the heart healthy cohort, the transcription factors could be downregulated in this 

context. As for their association with VEGF-A levels, it may be due to the interplay between VEGF-A 

and lipids. In CVD onset, they might play a role through lipid-VEGF-A interaction, but their overall 

effect could be overshadowed by the exonic variants discussed.  

 

The main findings of this study, in conjunction with the genomic context mentioned previously, agree 

that the most influential SNPs on the VEGF system and cardiovascular risk are rs2305948 and 

rs1870377. These variants may also contribute to the relationship between VEGF-A, blood pressure 

regulation and lipid catabolism. Additionally, there is potential for two intronic SNPs at the VEGFR2 

locus to be candidates for future studies involving lipid regulation. Given the additive, and cis- and 

trans-acting nature of SNPs, the study of additional VEGFR2 SNPs is vital to identify non-coding 

variants to complement research on coding variants. Altogether this project may complement a wider 

understanding on different VEGFR2 SNPs by looking into VEGF-A regulation and the overall effect 

on established CVD risk factors. 

7.5 Proposed mechanisms for VLDLR locus SNPs 

 

Different research groups have identified four VEGF-A eQTL variants at the VLDLR locus of 

chromosome 9  [16, 17, 35]. The findings on these variants (Chapter 6) for the CDCS cohort showed 

associations between homozygous minor allele genotypes and cardiometabolic parameters. 

rs10738760 GG and rs2375981 GG were associated with lower previous MI occurrence, lower systolic 

BP, lower diastolic BP and lower NT-CNP levels. Meanwhile rs10738760 GG and rs7030781 TT were 

associated with lower LVEF. Lastly, rs7043199 A allele carriers had lower VEGF-A levels and 
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rs7043199 TT was associated with slightly lower height and troponin I levels. Furthermore, rs2375981 

CG and 10738760 AG were associated with reduced risk of cardiovascular death. As for the heart 

healthy cohort, rs10738760 GG, rs2375981 GG and rs7030781 TT were associated with lower VEGF-

A levels.  

 

Based on the associations observed with both study cohorts, there is a possibility that the G alleles for 

rs2375981 and 10738760 have protective properties. The variants’ associations with urate and 

creatinine in healthy individuals might suggest there is no apparent metabolic dysfunction attributed 

to CVD. Additionally, by being associated with low systolic BP and low endothelin, vasodilation may 

occur which could contribute to minimal blood flow stress. Based on the CDCS associations, the effect 

on reduced death risk by either variant’s G allele appears to confirm the variants’ association with 

blood pressure regulation. This coincides with the observed low occurrence of previous MI events for 

the rs2375981 GG and 10738760 GG genotype groups. Following an ACS event, it would be expected 

to have elevated levels of natriuretic peptides due to cardiac stress. The variants’ association with low 

NT-CNP could imply minimal cardiac stress, but this could be attributed to individuals having 

recovered by the time samples were taken in the clinic.  

 

The rs10738760 AA genotype was associated with increased risk of cardiovascular death in the CDCS 

cohort (Chapter 6). The AA genotype group showed elevated BP and MI occurrence. Contrastingly the 

GG genotype presented lower levels of the same measurements. Moreover, the multivariate hazards 

models showed that beta blocker treatment was not independent from the SNP, further implying an 

effect through blood pressure regulation. Given rs10738760’s intergenic location, the variant might 

have trans-acting properties on neighbouring genes. A gene of interest could be KCNV2 (located 

~25kb downstream from rs10738760) which codes for a potassium channel that is predominantly 

expressed in the heart and retina [56, 57]. Research has primarily focused on KCNV2’s role in 

retinopathy where it has been clearly linked with altered electrophysiological changes [58]. In heart 

tissue, potassium voltage-gated ion channels are critical for mediating cardiac electrophysiological 

signals that maintain heart contraction [57, 59]. As such, rs10738760 A could contribute to KCNV2 

expression or activity which would link it with observed associations with systolic function 

measurements (LVEF and SBP) and cardiovascular death risk (Chapter 6). Notably, cardiovascular 

death involves having a heart condition (e.g. MI, arrythmia, heart failure) or vascular conditions (e.g. 

stroke, coronary artery disease, peripheral vascular disease). These scenarios can be, in part, caused 

by heart dysfunction or blood pressure changes, respectively. Overall, this potential interaction with 

KCNV2 can complement reports on this variant’s association with metabolic syndrome (MetS) risk 
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[60-64]. A summary on the proposed link of rs1073870 A with KCNV2 and the variant’s association 

with MetS, in the context of CVD risk is presented in Figure 7.4. 

 
Figure 7.4. Proposed links between rs10738760 A allele and CVD risk. Yellow arrows represent potential connections 

between KCNV2 and systolic function. Black arrows represent effects referenced in text. Abbreviations: CVD: Cardiovascular 

Disease, LVEF: left ventricular ejection fraction, SBP: systolic blood pressure. Created with BioRender.com. 

 

As part of this project, rs2375981 CG was observed to be associated with reduced cardiovascular death 

risk and lower BP in the CDCS cohort (Chapter 6). In a heart healthy cohort, the rs2375981 GG 

genotype was associated with lower VEGF-A levels, while the CG group presented low urate, 

creatinine, endothelin, and systolic BP levels (Chapter 6, Section 6.3.3). These findings suggest the 

allelic variation between rs2375981 G and C alleles may have different effects. Specifically, HaploReg 

data reports that the rs2375981 C allele can reduce SETDB1 binding compared to the G allele [24]. 

SETDB1 participates in gene silencing through histidine residue methylation, and it can suppress 

expression of proinflammatory mediators including IL-6 and IL-12 [65]. There is a possibility that the 

protective effect observed for rs2375981 G may be due to SETDB1 binding reducing inflammatory 

molecule activity via methylation. In turn, a decrease of inflammation would not increase VEGF-A 

levels. The G allele could also modify KCNV2 expression due to chromatin modification, potentially 

mediated by SETBDI, with systolic function being possibly affected given the role of potassium 

voltage-gated ion channels in the heart [59].   

 

Another potential target is VLDLR upregulation which would assist in the clearance of circulating 

LDLs thereby contributing to reducing CVD risk [66, 67]. There are additional examples that relate 

rs2375981 with trans-acting properties by interacting with other variants affecting lipid metabolism 

genes. For example, a case-control study on Alzheimer’s disease (AD) identified that rs2375981. the 
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rs2375981 GC genotype was associated with reduced AD risk by interacting with chromosome 18 

variant rs2639990 [68]. Specifically, rs2639990 is located in intron 1 of prostaglandin reductase 3, a 

gene that negatively modulates adipogenesis [69]. However, the rs2639990 T allele is associated with 

lower VEGF-A levels [69], implying it could interact with rs2375981 to increase VEGF-A levels and 

subsequent negative effects. Overall, rs2375981 G may contribute to reducing CVD risk by interacting 

with lipid metabolism and blood pressure regulation. Meanwhile, it is plausible rs2375981 may affect 

circulating VEGF-A levels by interacting with other SNPs through other unknown mechanisms. A 

summary of the molecular mechanisms and potential links of each rs2375981 allele are summarised 

in Figure 7.5. 

 

An additional finding of this study was rs7043199 A allele carriers presenting low VEGF-A levels in 

the CDCS cohort (Chapter 6, Section 6.3.2). Furthermore, rs7043199 overlaps with promoter, enhancer 

and histone marks that have been linked to the VLDLR, VLDLR AS-1 and KCNV2 genes [70, 71]. 

Specifically, the non-coding RNA for very low-density lipoprotein receptor antisense RNA 1 (VLDLR-

AS1) has unknown functionality but it can regulate gene expression through different mechanisms 

including chromatin remodelling, transcriptional or post-transcriptional regulation [72, 73]. This 

suggests the rs7043199 has an impact on regulatory mechanisms that affect other pathways (e.g. lipid 

metabolism) which could modify VEGF-A levels. In a CVD context, the histone marks could be active 

due to rs7043199 A which could allow VLDLR-AS1 expression. This antisense RNA could influence 

the established interaction between VEGF-A and LDL [8, 28, 29]. Additionally, lipoprotein changes 

could induce subsequent inflammation and hypoxia that may increase VEGF-A levels. VEGF-A 

activity could then focus on disrupting LPL activity thus contributing to CVD onset. Oppositely, the 

rs7043199 T allele could promote VLDLR-AS1 activity allowing proper VLDLR functionality which, 

in theory, would not promote CVD onset mechanisms (e.g. cytokine signalling) or cause an increase of 

VEGF-A levels. These are potential pathways that would link the variant with lipoprotein regulation 

that may affect circulating VEGF-A levels. Figure 7.6 summarises potential links between each 

rs7043199 allele with VLDLR-AS1 regulation and downstream involvement with VEGF-A – lipid 

interaction. 
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Figure 7.5. Reported interactions for rs2375981 and potential effector functions in the context of A) risk and B) 

protective alleles. Yellow lines represent potential connections of the SNP’s altered binding with other molecular mechanisms. Black 

arrows represent processes referenced in text. Abbreviations: Chr: Chromosome, CVD: Cardiovascular Disease, IL-6: 

Interleukin 6, IL-12: Interleukin 12, KCNV2: Potassium Voltage-Gated Channel Modifier Subfamily V Member 2, LDL: 

Low density lipoprotein, LPL: Lipoprotein lipase, LVEF: left ventricular ejection fraction, SBP: systolic blood pressure, 

VEGF-A: Vascular endothelial growth factor A, VLDLR: very low density lipoprotein receptor. Created with 

BioRender.com. 
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Figure 7.6. Potential interactions of rs7043199 the A) risk and B) protective alleles on VLDLR-AS1 with their effect 

on lipids and VEGF-A. Yellow lines represent potential connections of the SNP’s with VLDLR-AS! expression. Black arrows 

represent processes referenced in text. Abbreviations: CVD: Cardiovascular Disease, LDL: Low density lipoprotein, LPL: 

Lipoprotein lipase, VEGF-A: Vascular endothelial growth factor A, VLDLR: very low-density lipoprotein receptor, 

VLDLR-AS1: very low-density lipoprotein receptor antisense RNA 1. Created with BioRender.com. 

Additionally, there is a high likelihood that a network of interactions exists between the chromosome 9 

variants described and elements on proximal or distal loci, including other SNPs. For example, a Greek 

cohort study using 9 VEGF-A eQTLs (including rs7043199, rs2375981 and rs10738760) found the 

variants were associated with elevated VEGF-A, BMI, and systolic BP and lower HDL levels [74]. 
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This agrees with current knowledge on the synergistic and additive effect of multiple SNPs towards a 

specific disease phenotype [2, 75]. As such, multiple human chromosome 9 variants may impact CVD 

onset via blood pressure and VLDLR regulation.  

7.6 VEGF-A impact on CVD risk pathways 

 

Broadly, elevated circulating VEGF-A levels can have an impact on CVD risk factors. VEGF-A has 

been shown to disrupt HDL and LDL activity. HDL particles transport cholesterol through the 

bloodstream to the liver as well as playing a role in endothelial repair and inflammation inhibition. 

However, VEGF-A is capable of binding to HDL, and it can disrupt LPL activity [30, 31].. This leads 

to a decrease in HDL activity and increased VLDL levels, respectively, which would contribute to 

CVD risk by impacting anthropometric measurements (e.g. weight and BMI). Other risk factors that 

may be impacted include increased vasoconstriction due to reduced HDL activity promoting 

hypertension, as such following an ACS event, elevated VEGF-A levels may play a role by 

contributing to ongoing development which may be exacerbated based on which allelic variant an 

individual has. Overall, these represent additional mechanisms through which VEGF-A can impact 

risk factors involved in CVD risk. The effects of elevated circulating VEGF-A levels on CVD risk 

factors are summarised in Figure 7.7.  

 

From what has been discussed, the genetic variants analysed in this project can be associated with 

VEGF-A circulating levels and other cardiometabolic parameters routinely assessed in healthcare. By 

exploring the genomic context of these variants, it is possible to propose potential mechanisms of 

action to explain their effect in CVDs. In the case of human chromosome 6 variants, they may increase 

VEGF-A expression through transcription factor activity that would promote expression of VEGF-A 

inducers such as IL-6, TNF-α and HIF-1α. Although these inflammatory and hypoxic markers occur 

at a systemic level as part of CVD onset, the variants can complement their production which 

contribute to CVD progression. Moreover, chromosome 4 variants may affect VEGF-A’s interaction 

with its receptors VEGFR1 and VEGFR2, which can also impact other pathways including BP and 

LPL activity. This provides evidence that variants on the VEGFA and VEGFR2 loci affect VEGF-A 

activity with the potential to exacerbate molecular mechanisms occurring during CVD onset. In 

addition, variants rs69214368, rs7767396, rs2305948 and rs1870377 (Chapters 4 and 5) were 

associated with clinical outcome. Between the theorised interactions discussed and associations 

observed, these four variants can be implied to present a systemic effect that warrants their use in CVD 
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risk profiling. This project noted chromosome 9 variants on the VLDLR locus had VEGF-A eQTL 

properties, primarily in healthy individuals.  

 

 

Figure 7.7. Proposed interaction of elevated circulating VEGF-A levels on CVD risk factors. Abbreviations: CVD: 

Cardiovascular Disease, HDL: High density lipoprotein, LDL: Low density lipoprotein, LPL: Lipoprotein lipase, VEGF-

A: Vascular endothelial growth factor A, VLDLR: very low-density lipoprotein receptor. Created with BioRender.com. 

 

7.7 Project applications and strengths  

 

In addition to providing insights on their mechanism of action, this project could allow the risk variants 

identified to be used in risk profiling algorithms. Due to the polygenic nature of heart disease, there is 

a need to continue improving existing CVD risk algorithms. This involves the use of a GRS which 

allows the estimation of an individual’s genetic predisposition to CVDs [76]. Existing evidence 

highlights that GRSs’ predictive potential depends on the type of associations of SNPs. Particularly, 
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GRSs that would improve discrimination would include SNPs associated with intermediate risk factors 

(e.g. elevated blood lipid levels, diabetes, blood pressure) as well as CVD-associated SNPs [77]. Based 

on this project’s findings, which are supported by other reports, the variants discussed in this chapter 

represent notable candidates for a GRS. The use of variants in GRSs requires several considerations 

related to the additive and synergistic properties of SNPs. Considering SNPs display pleiotropic 

effects, identifying associations with CVD or CVD risk factors requires a robust study design. 

Furthermore, variants may present trans acting mechanisms that could modify their individual 

associations and involve pathways with additional pleiotropic effects in the human body. Particularly, 

the direction and effect size of a SNP on any given trait or disease may vary. This implies that some 

SNPs may have a more pronounced effect on immediate pathological processes while others enhance 

CVD susceptibility via risk factor modification. Therefore, some SNPs could behave as confounding 

factors when trying to identify a combination of variants ideal for a GRS. As observed in this project, 

SNPs on the same locus displayed similar cardiometabolic associations that may occur through 

different or overlapping mechanisms. Overall, this project highlighted those SNPs with clinical 

outcome associations which could be considered priority SNPs for preliminary GRS use in New 

Zealand.  

 

Another key application of these findings involves the prioritisation of healthcare. As mentioned 

previously, the genetic variants identified have associations with BP measurements, lipid markers and 

natriuretic peptides. Therefore, they could be used as preliminary proxies, when plasma measurements 

are unavailable, to prioritise health counselling. Additionally, this project employed patient follow up 

data to identify clinical outcomes with high readmission risk. Variants identified to confer increased 

or reduced risk of outcomes may complement a patient’s clinical background and lifestyle choices to 

allow risk stratification. Lastly, those variants with potential links to inflammation, lipid biomarkers 

and blood pressure regulators could pave the way for a personalised treatment as well as offering the 

opportunity to explore novel drug treatments. At this stage, the main strength of the project involved 

identifying VEGF-A related variants in clinical and heart healthy cohorts from New Zealand. The two 

cohorts utilised in this study (CDCS and HVOL) had well characterised participants, with robust 

selection criteria and extensive follow up and clinical end point data. This project highlights the benefit 

of employing national data that is derived from a collaboration of New Zealand heart health 

researchers.  

 

The strength of the project findings stems from an initial assessment of the literature to identify eQTL 

VEGF-A SNPs with CVD risk associations (Chapter 2 Literature review). From here, the project 
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focused on variants relevant to VEGF-A which were VEGFA, VEGFR2 and VLDLR. To expand 

coverage, additional proxy variants in the VEGFA and VEGFR2 loci were considered based on their 

linkage disequilibrium. This allowed the inclusion of reported variants and exploring potentially novel 

SNP candidates. Where possible, findings were validated using laboratory generated genotype data 

and exploring each variants genomic influence. Specifically, this approach combines bioinformatic 

aspects (imputation and genetic database data) with experimental data (SNP genotyping and VEGF-A 

level measurement) to bridge the gap with existing literature. This project’s approach differs from 

studies that employ multiple international datasets to provide a thorough statistical analysis to identify 

statistically significant SNPs. Despite this, the project highlights the use of imputed genotype data to 

provide a cost-effective approach towards selecting individual SNPs for further analysis. Notably, the 

project findings agree with international research in CVD related risk variants. Overall, it was possible 

to identify novel clinically relevant SNPs (rs6921438, rs7767396, rs10738760, rs2375981, and 

rs7043199) while complementing existing research on others (rs2305948 and rs1870377) so they may 

serve as a basis for genetic risk stratification within the NZ CVD risk framework. 

7.8 Project limitations  

 

The project design made use of imputation data and genetic databases to explore associations of the 

variants with different variables and clinical outcomes. Where possible, data was generated to validate 

the initial associations. Due to this design, instead of proving causative properties of SNPs, the project 

focused on identifying associations and searching for novel risk variants candidates that agreed with 

the existing literature. Given the VEGF-A network is complicated and to acknowledge the need for 

information on potential causation, additional effort was done to explore genetic motifs for key variants 

(Section 7.3 to 7.5). Although, the proposed links will require validation, it was possible to identify 

metabolic pathways or candidate molecular mechanisms that can be pursued by other groups. 

Moreover, these links build up from reported evidence based on the established functions and research 

done within multiple fields. 

 

In terms of findings, this thesis’ results agree with studies conducting research on VEGF-A eQTLs. 

However, most work has assessed European or Asian populations through case-control, meta-analyses 

and GWAS studies (Chapter 2 Literature Review). The findings of this project are limited to cohorts 

of predominantly European ancestry individuals. This limits the extrapolation of the results to other 

populations. Therefore, this project‘s findings may not be conserved in non-European cohorts or 

cohorts focusing on different heart aetiologies (e.g. heart failure, structural defects). Although other 
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populations might share similar SNP associations, the cohorts studied in this project have a small 

number of non-European participants. In New Zealand individuals of Māori and Pasifika ancestry have 

been reported to present higher CVD risk factors compared to people of European heritage [78-80]. 

This highlights that current health inequities represent an overarching limiting factor on being able to 

apply this study’s findings for all New Zealanders.  

 

Imputed genotype data was analysed to identify associations of candidate SNPs with cardiometabolic 

parameters or clinical risk. When repeating the statistical analyses using manual genotype data for 

specific variants (rs6921438, rs7767396, rs1870377 and rs2305948), some associations did not 

remain. Although genotype group frequencies were similar between data types, the fact that fewer 

associations in the manual data were observed was most likely due to individuals shifting between 

genotype groups. Furthermore, imputed genotype data makes use of an imputation parameter (r2) that 

estimates the correlation between imputed genotypes and unobserved genotypes. If all imputed 

genotype callings were concordant with unobserved genotype data, the r2 value for each imputed SNP 

would be 1. The imputed genotypes for the 47 SNPs used in this thesis had an r2 value between 0.5 to 

0.8. This implies there is an inherent degree of error in the imputed genotype callings. Although 

imputed genotypes served as a tool to identify SNP candidates for CVD risk, imputed findings must 

be validated with manual genotype data. This was possible for some variants discussed in Chapter 4 

(rs6921438, rs77673960) and Chapter 5 (rs1870377 and rs2305948). Manual genotyping validation 

for VLDLR locus variants (Chapter 6) was not possible due to funding limitations, but the strength and 

number of observed associations suggest specific variants (rs10738760, rs2375981, and rs7043199) 

warrant further analysis.  

 

Other studies that used GWAS imputed data to identify associations between biomarkers (e.g. 

cytokines, VEGF-A) and SNPs make use of large cohorts (n ≥ 5000) which would reduce the margin 

of error caused by genotype imputation [10, 28, 81]. These sample sizes would also allow higher 

degrees of data stratification, particularly in multivariate model development, with minimal loss of 

statistical power. Additionally, genotype imputation carried out in some of these studies used the same 

population as their reference panel which would reduce population specific variability [10, 28]. These 

aspects contrast with the research project since the reference panel of European ancestry used may 

include other groups (e.g. Irish, Finnish, Iberian) that may differ to the ancestry of some of the 

European New Zealander participants. Overall, lack of validation of imputed genotype findings, 

population specificity and smaller cohort sizes (CDCS n = 1935, HVOL n = 1183) represent some of 

the limitations on the use of imputed genotype data for this project.   
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Additional limitations can be observed considering the resources available for each cohort used in the 

project. Both cohorts are a national resource that has been amply used by different collaborators to 

study cardiac biomarkers, with plasma samples being quite limited compared to DNA samples. Plasma 

samples were collected at varying times after the index event and the available volume varies for each 

participant. This can affect subsequent laboratory testing. This factor contributes to the project having 

to account for the different amounts of data on various molecules which limit variables that were 

included in each multivariate hazards regression model. The main impact reflects on the sample size 

for any given clinical outcomes with key results depending on the behaviour of well-established 

biomarkers included. Inherent to this, there may be other pathways that affect SNP activity over VEGF-

A and clinical outcomes to the point that the nature of disease complexity forces the project to focus 

on key well-established variables.  

 

Other limitations involve funding prioritisation. Specifically, HVOL samples had no previously 

available VEGF-A data which was needed for comparison with the CDCS data. Furthermore, this 

involved the use of expensive optimised ELISA kits to match experimental procedures used for VEGF-

A analysis which led to a minimal number of plasma samples being assayed. This also extends to SNP 

genotyping since variants with clinical outcome association were prioritised. This led to assessing two 

SNPs completely for both cohorts. Some alternative methods to circumvent these aspects include the 

development of an in-house ELISA protocol for VEGF-A, development of high-resolution melting 

SNP genotyping probes or restriction fragment length polymorphism genotyping. However, these 

options represent avenues outside the aims of this project. Additionally, funding prioritisation was also 

important in ensuring the project stayed focused on the aim of identifying and validating key 

associations rather than demonstrating potential causative links that were identified upon analysing the 

genomic context for the variants. Overall, multiple limitations are present, but alternatives were 

adequately considered to maximise research outputs, while not causing an increase in resource 

investment that would directly impact the aim, robustness and timeframe of the PhD project.   

7.9 Future research 

 

Given the extent of research done for this project, there are many aspects to explore as immediate 

future goals. Imputed findings differed for variants on chromosomes 6 and 4 so an immediate priority 

would involve confirming through manual genotyping additional findings for other variants of interest. 

This includes the VEGFR2 intronic SNP variants with potential links to CVD risk (rs767779 and 

rs13136007), as well as the four VLDLR locus variants. By genotyping other variants, various 
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complementary research questions could be explored, and this could confirm or deny the proposed 

mechanisms of action for the chromosome 9 variants. Additionally, with more genotyping data, an 

initial test of a uGRS could be explored. This would allow to test a new hypothesis regarding risk 

stratification based on the recorded clinical outcomes. Another future direction involves developing 

composite variables for different allelic combinations of the 7 clinically relevant SNPs identified. This 

would guide further elucidations on potential pathways to increase understanding of how multiple 

variants interact with other covariates. In this manner, some SNPs links to cardiovascular homeostasis 

could be revealed while other novel interactions may be identified even amongst SNPs. Lastly, if 

manual genotype data were available for neighbouring SNPs, it would be possible to expand the scope 

of this study’s aims to explore haplotype interactions on each locus. Some candidates to consider would 

be variants mentioned throughout this project that did not present cardiometabolic associations but 

overlap potentially functional genomic regions (e.g. transcription factor binding motifs, enhancer 

marks).  

 

Further mid-term goals would involve examining other cohorts. Project findings are limited to 

European ancestry individuals, the main ethnic group present in both cohorts studied (CDCS and 

HVOL). Other populations might not share the associations found. Exploring other groups is vital 

since in New Zealand, individuals of Māori and Pasifika ancestry present higher CVD risk factors than 

people of European heritage [78-80]. Another possibility involves testing the variants in a third cohort 

diagnosed for other specific cardiovascular events such as HF or subclinical atherosclerosis. This 

would also allow the exploration of variant interactions within other disease phenotypes with the 

potential to analyses cardiac markers. Other cohorts of interests could involve patients undergoing 

therapy following a cardiac intervention. This would allow the assessment of SNPs in the context of 

patient treatment and recovery. Moreover, doing routine measurements of VEGF-A levels in 

longitudinal cohorts would help ascertain how genetics affect baseline VEGF-A over time. Overall, 

this would allow the exploration of molecular targets for cardiovascular therapy and use genetic 

variants to assess current treatment prioritisation guidelines as well as VEGF-A behaviour over time. 

 

Additional future research that can stem from this project involves validating the mechanistic proposals 

for some variants (Sections 7.3 to 7.5). In this regard, it would be needed to develop other projects that 

focus on gene expression of targets that may influenced by binding of transcription factors or 

empirically exploring how each SNP can affect transcription factor binding efficiency. Additional 

consideration should be taken to account for novel underlying mechanisms that have changed the 

Central Dogma or Sequence Hypothesis of DNA → RNA → protein [82]. This includes regulatory 
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mechanisms involving protein-RNA interactions, epigenetics, chromatin regulation and 

pharmacogenetics amongst others [82, 83]. By focusing on these different aspects involving genetic 

regulation, the use of multiple novel molecular tools and techniques can support the study of causative 

mechanisms SNPs may have in a specific cardiovascular context.  

. 

7.10 Concluding remarks 

 

This project focused on assessing eQTL VEGF-A SNPs that have been reported in different European 

and Asian populations. The use of well-established NZ based cohorts for diagnosed heart disease and 

heart healthy individuals allowed the assessment of variants associated with cardiometabolic 

parameters and clinical outcome. The project focused on variants at loci relevant to the VEGF system, 

specifically VEGFA, VEGFR2 and VLDLR. It was possible to identify SNPs that are associated with 

VEGF-A, blood pressure and triglyceride levels. Furthermore, specific SNPs were associated with 

increased or reduced disease readmission risk. Overall, variants on human chromosome 6 and 4 

represented novel risk profile candidates that are associated with other cardiovascular parameters. SNP 

candidates on human chromosome 9 are additional candidates for future studies involving VEGF-A 

and lipid metabolism. The PhD project also explored the links between a SNP’s location with other 

molecular mechanisms that may influence CVD risk pathways. This represents an additional insight 

on molecular mechanisms that contributes to improving our understanding of VEGF-A in healthy and 

CVD diagnosed individuals. The presented findings may contribute to enhancing current risk profiling 

tools by including some of the genetic variants analysed.  
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Appendices 

Appendix 1.1 Research outputs 

Research Output Description Reference 

Massey University finalist in the 3-

minute thesis presentation. The talk 

focused on outlining PhD project design. 

Massey University 3-minute thesis competition . Meza 

Alvarado, J.C. SNPs: The Heart of Risk Prevention. Online 

Submission. August 2022 

Peer-reviewed literature review on 

VEGF-A eQTL SNPs in CVDs. Included 

in thesis as part of Chapter 3 – Literature 

Review. 

Meza Alvarado, J.C., Page R.A, Mallard B., Bromhead C. 

Palmer, B.R. (2023). VEGF-A related SNPs: a cardiovascular 

context. Frontiers of Cardiovascular Medicine 10:1190513. 

https://doi.org/10.3389%2Ffcvm.2023.1190513 

3-minute abstract presentation focusing 

on VEGF-A eQTL SNPs associated with 

reduced survival 

Queenstown Research Week Genomic Satellite 2023: Meza-

Alvarado, J.C., Page R.A., Mallard B., Bromhead C., 

Pilbrow, A.P., Troughton, R.W., Frampton, C.M., Doughty, 

R.N., Richards, A.M., Palmer, B.R. (2023). Vascular 

endothelial growth factor A polymorphisms impacting patient 

survival. Queenstown Research Week Genomic Satellite 

Meeting, Rydges Hotel, Queenstown, 26-28 August 2023. 

Poster presentation focusing on VEGF-A 

eQTL SNPs associated with reduced 

survival 

2023 Heart Health Forum. Meza-Alvarado, J.C., Page R.A., 

Mallard B., Bromhead C., Pilbrow, A.P., Troughton, R.W., 

Richards, A.M., Doughty, R.N., Palmer, B.R. Vascular 

endothelial growth factor-A polymorphisms impacting cardiac 

patient survival. Otago Museum, Dunedin, 12 October 2023 

Moderated ePoster presentation focusing 

on findings that associated SNPs on the 

VEGFA locus (human chromosome 6) 

with increased risk of heart failure 

readmissions 

European Society of Cardiology Heart Failure Congress 2024. 

Meza-Alvarado, J.C., Page R.A., Mallard B., Bromhead C., 

Pilbrow, A.P., Troughton, R.W., Frampton, C.M., Doughty, 

R.N., Richards, A.M., Palmer, B.R. (2024). Vascular 

endothelial growth factor-A SNPs as predictors of 

hospitalisation for acute heart failure in patients with 

established coronary heart disease. Lisbon Congress Centre, 

11-14 May 2024 

Research article manuscript to be 

submitted for peer-review journal 

publication (BMC Cardiovascular 

Disorders) focusing on clinically relevant 

variants identified in the VEGFA locus on 

human chromosome 6. Presented in 

Thesis as Chapter 4 

Meza-Alvarado, J.C., Pilbrow, A.P., Frampton, C.M., 

Cameron, V.A., Richards, A.M., Doughty, R.N., Page R.A, 

Mallard B., Bromhead C. Palmer, B.R. VEGFA cis-located 

SNPs on chromosome 6 associated with VEGF-A plasma 

levels and survival in a coronary disease cohort.  

 

Drafted research article manuscript for 

peer-review journal publication focusing 

on VEGF-A eQTL SNPs of potential 

clinical relevance identified in the 

VEGFR2 gene on human chromosome 4. 

Presented in Thesis as Chapter 5. 

Meza-Alvarado, J.C., Pilbrow, A.P., Frampton, C.M., 

Cameron, V.A., Richards, A.M., Doughty, R.N., Page R.A, 

Mallard B., Bromhead C. Palmer, B.R. Association of 

VEGFR2 SNPs with cardiometabolic parameters in a post-

acute coronary syndromes cohort from New Zealand.  

 

Drafted research article manuscript for 

peer-review journal publication focusing 

on VEGF-A eQTL SNPs of potential 

clinical relevance located in the VLDLR 

locus on human chromosome 9. 

Presented in Thesis as Chapter 6. 

Meza-Alvarado, J.C., Pilbrow, A.P., Frampton, C.M., 

Cameron, V.A., Richards, A.M., Doughty, R.N., Page R.A, 

Mallard B., Bromhead C. Palmer, B.R. Association of 

VLDLR region SNPs with VEGF-A levels and clinical 

outcome in a post-acute coronary syndromes cohort. 

 

https://doi.org/10.3389%2Ffcvm.2023.1190513
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Appendix 4.1 Imputed genotype comparison for five clinically relevant VEGFA locus SNPs in 

the CDCS cohort 

 

rs7767396 Genotypes 

Variable n AA  n AG n GG p 

Anthropometric Variables        

Age (years) 589 65.9 ± 0.517 922 67.1 ± 0.401 402 67.3 ± 0.601 0.112 

Activity (Sed, Mild, Mod, Act) 588 20.1%, 13.9%, 13.4%, 52.6% 919 20%, 12%, 14.9%, 

53.1% 

402 26.4%, 11.2%, 13.9%, 

48.5% 

0.149 

Male Gender 589 436 (74.0%) 922 647 (70.2%) 402 290 (72.1%) 0.264 

Ethnicity (European, Māori 

& Pasifika, Asian, MELAA) 

589 86.1%, 7.1%, 6.1%, 0.7% 922 90.9%, 5.9%, 3%, 

0.2% 

402 95%, 2.7%, 2%, 0.2%  0.0002 

Height (m) 580 1.69 ± 0.004 910 1.69 ± 0.003 399 1.70 ± 0.004 0.534 

Weight (kg) 582 81.01 ± 0.731 910 78.9 ± 0.544 399 79.0 ± 0.823  0.047 

BMI (kg/m2)  580 27.9 ± 0.233 907 27.3 ± 0.157 398 27.1 ± 0.223 0.006 

Systolic BP (mmHg) 576 127.3 ± 0.903 906 129.1 ± 0.719 390 131.1 ± 1.13 0.026 

Diastolic BP (mmHg) 576 74.7 ± 0.503 906 74.6 ± 0.389 390 75.1 ± 0.587 0.85 

Beta blocker use 589 506 (85.9%) 922 799 (86.7%) 402 346 (86.1%) 0.907 

Previous MI 584 181 (31%) 917 268 (29.2%) 399 124 (31.1%) 0.694 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

589 6.5%, 58.4%, 35.1% 922 6%, 56.9%, 37.1% 402 7.2%, 56%, 36.8% 0.852 

Analytes        

Cholesterol (mmol/L) 455 4.98 ± 0.058 722 4.86 ± 0.042 313 4.85 ±0.068 0.152 

Creatinine (mmol/L) 573 99.7 ± 2.19 892 99.2 ± 1.91 392 100.5 ± 1.86 0.913 

Urate (mmol/L) 350 0.376 ± 0.005 562 0.366 ± 0.004 235 0.386 ± 0.007 0.04 

Troponin I (ng/L) $ 569 49.02 (12.6 - 85.4) 880 39.4 (18.8 – 59.9) 378 42.9 (19.9 – 65.8) 0.294 

ANP (pg/mL) $ 588 40.6 (38.3 – 42.9) 914 45.5 (43.4 – 47.5) 399 45.2 (41.8 – 48.6) 0.015 

NT-ANP (pmol/L) $ 588 1.25 (1.17 – 1.33) 914 1.41 (1.33 – 1.49) 399 1.38 (1.26 – 1.50) 0.013 

BNP (pmol/L) $ 588 23.5 (20.9 – 25.9) 914 28.6 (26.3 – 30.9) 399 27.4 (23.9 – 30.9) 0.003 

NTproBNP (pg/ml) $ 588 117.9 (105.5 – 130.5) 914 144.3 (131.6 – 157.1) 399 146 (124.9 – 167.1) 0.002 

CNP (pmol/L) $ 581 0.638 (0.603 – 0.673) 902 0.672 (0.642 – 0.703) 390 0.681 (0.63 – 0.731) 0.546 

NT-CNP (pmol/L) $ 580 23.1 (21.3 – 24.9) 899 22.8 (21.1 – 24.6) 391 23.5 (21.1 – 25.8) 0.326 

Aldosterone (pmol/L) $ 579 171.6 (147.1 – 196.1) 885  162.9 (155.7-170.1) 389  166.4 (154.9 – 177.8) 0.656 

Endothelin(pmol/L) $ 588 2.65 (2.57 – 2.73) 914 2.69 (2.62-2.75) 399  2.69 (2.59 – 2.80) 0.745 

Adrenomedullin (pg/ml) $ 567 8.08 (7.74 – 8.44) 882 8.81 (8.46 – 9.17) 391 8.66 (8.11 – 9.21) 0.009 

VEGF-A (pg/mL) $ 166 50.1 (44.2 – 55.8) 252 45.6 (40.9 – 50.2) 107 38.4 (33.6 – 43.1) 0.003 
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rs6921438 genotypes 

Variable n GG n GA n AA p 

Anthropometric Variables        

Age (years) 536 66.1 ± 0.539 946 66.9 ± 0.398 431 67.1 ± 0.583 0.359 

Activity (Sed, Mild, Mod, Act) 535 20.6%, 13.5%, 13.6%, 52.3% 943 19.6%, 12.2%, 

14.8%, 53.4% 

431 26.2%, 11.8%, 13.7%, 

48.3% 

0.177 

Male Gender 536 399 (74.4%) 946 664 (70.2%) 431 310 (71.9%) 0.217 

Ethnicity (European, Māori 

& Pasifika, Asian, MELAA) 

536 87.9%, 5.6%, 6%, 0.6% 946 90.2%, 6.4%, 3.1%, 

0.3% 

431 93.5%, 3.7%, 2.6%, 

0.2% 

0.017 

Height (m) 529 1.70 ± 0.004 932 1.69 ± 0.003 428 1.70 ± 0.004 0.480 

Weight (kg) 531 80.9 ± 0.765 932 78.9 ± 0.537 428 79.2 ± 0.805 0.093 

BMI (kg/m2)  529 27.9 ± 0.241 929 27.3 ± 0.155 419 27.2 ± 0.228 0.035 

Systolic BP (mmHg) 524 126.6 ± 0.931 929 129.2 ± 0.710 419 131.5 ± 1.10 0.002 

Diastolic BP (mmHg) 524 74.1 ± 0.525 929 74.9 ± 0.385 419 75.1 ± 0.568 0.338 

Beta blocker use 536 461 (86.0%) 946 819 (86.6%) 431 371 (86.1%) 0.943 

Previous MI 531 166 (31.3%) 941 276 (29.3%) 428 131 (30.6%) 0.721 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

536 6.7%, 57.8%, 35.4% 946 5.8%, 57.7%, 36.5% 431 7.2%, 55.2%, 37.6% 0.792 

Analytes        

Cholesterol (mmol/L) 415 4.96 ± 0.059 740 4.87 ± 0.041 335 4.86 ± 0.066 0.365 

Creatinine (mmol/L) 523 98.7 ± 2.20 916 99.2 ± 1.87 418 101.5 ± 2.09 0.682 

Urate (mmol/L) 321 0.378 ± 0.005 579 0.365 ± 0.004 247 0.386 ± 0.007  0.018 

Troponin I (ng/L) $ 518 50.9 (11.1 – 90.9) 906 36.4 (17.1 – 55.7) 403 48.2 (23.8 – 72.6) 0.118 

ANP (pg/mL) $ 535 40.8 (38.3 – 43.2) 939 45.2 (43.2 – 47.2) 427 44.9 (41.7 – 48.3) 0.028 

NT-ANP (pmol/L) $ 535 1.26 (1.17-1.35) 939 1.39 (1.32 – 1.48) 426 1.39 (1.27 – 1.50) 0.045 

BNP (pmol/L) $ 535 23.1 (20.5 – 25.7) 939 28.5 (26.2 – 30.9) 427 27.6 (24.2 – 30.9)  0.006 

NTproBNP (pg/ml) $ 535 118.4 (104.9 – 131.8) 939 142.5 (130 – 155) 427 146.1 (128 – 145) 0.010 

CNP (pmol/L) $ 528 0.643 (0.606 – 0.680) 929 0.668 (0.638 – 0.699) 416 0.679 (0.631 – 0.726) 0.734 

NT-CNP (pmol/L) $ 527 22.4 (21.2 – 23.7) 926 22.8 (21.1 – 24.5) 417 24.4 (21.4 – 27.3) 0.247 

Aldosterone (pmol/L) $ 527 171.7 (144.9 – 198.4) 910 164.1 (156.7 – 171.4) 416 164.6 (154.3 – 175) 0.632 

Endothelin (pmol/L) $ 535 2.65 (2.57 – 2.74) 939 2.67 (2.61 – 2.74) 427 2.71 (2.61 – 2.81) 0.665 

Adrenomedullin (pg/ml) $ 515 8.20 (7.83 – 8.57) 907 8.68 (8.36 – 9.00) 418 8.72 (8.11 – 9.33) 0.109 

VEGF-A (pg/mL) $ 152 51.3 (45.1 – 57.5) 261 45.4 (40.9 – 49.9) 112 37.9 (42.5 - 48.5) 0.0009 
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rs4513773 Genotypes 

Variable n AA  n AG  n GG  p 

Anthropometric Variables        

Age (years) 587 66.0 ± 0.513 927 67.0 ± 0.402 399 67.3 ± 0.605 0.193 

Activity (Sed, Mild, Mod, Act) 586 20.3%, 14%, 13.5%, 52.2% 924 19.9%, 11.9%, 

14.9%, 53.3% 

399 26.3%, 11.3%, 13.8%, 

48.6% 

0.155 

Male Gender 587 435 (74.1%) 927 651 (70.2%) 399 287 (71.9%) 0.262 

Ethnicity (European, Māori 

& Pasifika, Asian, MELAA) 

587 86.2%, 7%, 6.1%, 0.7% 927 90.8%, 5.9%, 3.1%, 

0.2% 

399 95%, 2.8%, 2%, 0.2% 0.0002 

Height (m) 578 1.69 ± 0.004 915 1.69 ± 0.003 396 1.70 ± 0.005 0.506 

Weight (kg) 580 81.1 ± 0.732 915 79.9 ± 0.542 396 78.9 ± 0.829 0.038 

BMI (kg/m2)  578 27.9 ± 0.234 912 27.3 ± 0.156 395 27.1 ± 0.224 0.006 

Systolic BP (mmHg) 574 127.2 ± 0.908 911 129.2 ± 0.715 387 131.2 ± 1.14 0.021 

Diastolic BP (mmHg) 574 74.6 ± 0.504 911 74.6 ± 0.387 387 75.1 ± 0.59 0.803 

Beta blocker use 587 504 (85.9%) 927 802 (86.5%) 399 345 (86.5%) 0.932 

Previous MI 582 181 (31.1%) 922 269 (29.2%) 396 123 (31.1%) 0.663 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

587 6.3%, 58.8%, 34.9% 927 6%, 56.7%, 37.2% 399 7.3%, 55.9%, 36.8% 0.806 

Analytes        

Cholesterol (mmol/L) 453 4.98 ± 0.058 727 4.86 ± 0.041 310 4.85 ± 0.068 0.148 

Creatinine (mmol/L) 571 99.8 ± 2.20 897 99.1 ± 1.90 389 100.5 ± 1.88 0.905 

Urate (mmol/L) 349 0.376 ± 0.005 565 0.366 ± 0.004 233 0.386 ± 0.007 0.028 

Troponin I (ng/L) $ 567 49.2 (12.7 – 85.7) 885 39.2 (18.7 – 59.7) 375 43.2 (11.8 – 20.1) 0.323 

ANP (pg/mL) $ 586 40.9 (38.5 – 43.3) 919 45.2 (43.2 – 47.3) 396 45.3 (41.8 – 48.7) 0.034 

NT-ANP (pmol/L) $ 586 1.26 (1.18 – 1.35) 919  1.40 (1.32 – 1.48) 395 1.38 (1.26 – 1.51) 0.030 

BNP (pmol/L) $ 586 23.7 (21.2 – 26.2) 919 28.4 (26.1 – 30.8) 396 27.5 (23.9 – 31.0) 0.009 

NTproBNP (pg/ml) $ 586 119.5 (106.8- 132.1) 919 143.2 (130.5 – 155.8) 396 146.5 (125.3 – 167.7) 0.007 

CNP (pmol/L) $ 579 0.639 (0.605 – 0.675) 907 0.672 (0.642 – 0.703) 387 0.679 (0.629 – 0.729) 0.534 

NT-CNP (pmol/L) $ 578 23.1 (21.3 – 24.9) 904 22.8 (21.1 – 24.6) 388 23.5 (21.1 – 25.8) 0.345 

Aldosterone (pmol/L) $ 577 171.5 (146.9 – 196.1) 890 163.7 (156.3 – 171.2) 386  164.7 (157.6 – 175.1) 0.702 

Endothelin (pmol/L) $ 586 2.66 (2.58 – 2.74) 919 2.68 (2.61- 2.75) 396 2.69 (2.59 – 2.80) 0.877 

Adrenomedullin (pg/ml) $ 565 8.11 (7.76 – 8.46) 887 8.79 (8.44 – 9.15) 388 8.65 (8.09 – 9.21) 0.016 

VEGF-A (pg/mL) $ 165 49.9 (44.1 – 55.7) 255 45.7 (41.1 – 50.2) 105 38.3 (33.5 – 43.1) 0.004 
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 rs7763440 Genotypes 

Variable n GG n GA n AA p 

Anthropometric Variables        

Age (years) 591 65.9 ± 0.516 925 67.1 ± 0.400 397 67.3 ± 0.606 0.120 

Activity (Sed, Mild, Mod, Act) 590 20.2%, 14%, 13.4%, 52.4% 922 20.1%, 11.8%, 15%, 

53.1% 

397 26.2%, 11.3%, 13.9%, 

48.6% 

0.163 

Male Gender 591 438 (74.1%) 925 649 (70.2%) 397 286 (72.0%) 0.247 

Ethnicity (European, Māori 

& Pasifika, Asian, MELAA) 

591 86.1%, 7.1%, 6.1%, 0.7% 925 90.9%, 5.8%, 3.1%, 

0.2% 

397 95%, 2.8%, 2%, 0.3% 0.0003 

Height (m) 582 1.69 ± 0.004 913 1.69 ± 0.003 394 1.70 ± 0.004 0.521 

Weight (kg) 584 81.0 ± 0.729 913 78.9 ± 0.542 394 79.0 ± 0.833 0.048 

BMI (kg/m2)  582 27.9 ± 0.233 910 27.3 ± 0.156 393 27.1 ± 0.225 0.007 

Systolic BP (mmHg) 578 127.2 ± 0.902 909 129.2 ± 0.716 385 131.2 ± 1.14 0.019 

Diastolic BP (mmHg) 578 74.6 ± 0.503 909 74.6 ± 0.387 385 75.1 ± 0.592 0.820 

Beta blocker use 591 508 (86.0%) 925 800 (86.5%) 397 343 (86.4%) 0.956 

Previous MI 586 182 (31.1%) 920 268 (29.1%) 394 123 (31.2%) 0.639 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

591 6.4%, 58.4%, 35.2% 925 5.9%, 56.9%, 37.2% 397 7.3%, 56.2%, 36.5% 0.838 

Analytes        

Cholesterol (mmol/L) 457 4.98 ± 0.057 724 4.86 ± 0.041 309 4.85 ± 0.069 0.175 

Creatinine (mmol/L) 575 99.7 ± 2.19 895 99.2 ± 1.90 387 100.6 ± 1.88 0.905 

Urate (mmol/L) 351 0.376 ± 0.005 564 0.366 ± 0.004 232 0.387 ± 0.007 0.022 

Troponin I (ng/L) $ 571 48.9 (12.6 – 85.1) 883 39.3 (18.8 – 59.8) 373 43.3 (27.4 – 58.9) 0.275 

ANP (pg/mL) 590 40.8 (38.4 – 43.1) 917 45.3 (43.2 – 47.4) 394 45.3 (41.8 – 48.8) 0.020 

NT-ANP (pmol/L) $ 590 1.26 (1.18 – 1.34) 917 1.40 (1.32 – 1.49) 393 1.39 (1.26 – 1.51) 0.017 

BNP (pmol/L) $ 590 23.59 (21.11 – 26.1) 917 28.5 (26.2 – 30.8) 394 27.5 (23.9 -31.1) 0.005 

NTproBNP (pg/ml) $ 590 118.9 (106.3 – 131.5) 917 143.5 (130.8 – 156.2) 394 146.8 (125.5 – 168.1) 0.004 

CNP (pmol/L) $ 583 0.639 (0.605 – 0.674) 905 0.672 (0.641- 0.703) 385 0.681 (0.630 – 0.731) 0.568 

NT-CNP (pmol/L) $ 582 23.1 (21.3 – 24.8) 902 22.8 (21.1 – 24.6) 386 23.5 (21.2 – 25.9) 0.325 

Aldosterone (pmol/L) $ 581 171.4 (146.9 – 195.7) 888 163.7 (156.2 – 171.1) 384 165.1 (154.2 – 175.9) 0.668 

Endothelin (pmol/L) $ 590 2.65 (2.57 – 2.73) 917 2.68 (2.62 – 2.75) 394 2.69 (2.59 – 2.80) 0.788 

Adrenomedullin (pg/ml) $ 569 8.09 (7.75 – 8.45) 884 8.82 (8.46 – 9.17) 387 8.63 (8.07 -9.19) 0.011 

VEGF-A (pg/mL) $ 166 50.0 (44.2 – 55.8) 255 45.4 (40.9 – 49.9) 104 38.5 (33.6 – 43.4) 0.004 
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rs11757868 genotypes 

Variable n CC n CT n TT p 

Anthropometric Variables        

Age (years) 629 65.7 ± 0.494 909 67.2 ± 0.408 375 67.4 ± 0.617 0.032 

Activity (Sed, Mild, Mod, Act) 628 19.6%, 13.9%, 14.3%, 62.2% 906 20.5%, 11.7%, 

14.3%, 53.5% 

375 26.4%, 11.7%, 13.9%, 

48% 

0.185 

Male Gender 629 471 (74.9%) 909 634 (69.7%) 375 268 (71.5%) 0.088 

Ethnicity (European, Māori 

& Pasifika, Asian, MELAA) 

629 85.7%, 7.6%, 6%, 0.7% 909 91.1%, 5.8%, 2.9%, 

0.2% 

375 96%, 1.6%, 2.1%, 

0.3% 

8 x10-6 

Height (m) 620 1.70 ± 0.004 897 1.69 ± 0.003 372 1.70 ± 0.005 0.614 

Weight (kg) 622 81.1 ± 0.704 897 78.9 ± 0.557  372 78.8 ± 0.817 0.031 

BMI (kg/m2)  620 27.9 ± 0.224 894 27.3 ± 0.160 371 27.1 ± 0.220 0.011 

Systolic BP (mmHg) 616 127.6 ± 0.863 891 129.2 ± 0.733 364 130.9 ± 1.16 0.072 

Diastolic BP (mmHg) 616 74.8 ± 0.484 891 74.6 ± 0.395 364 75.0 ± 0.598 0.816 

Beta blocker use 629 540 (85.9%) 909 786 (86.5%) 375 325 (86.7%) 0.918 

Previous MI 624 194 (31.1%) 904 265 (29.3%) 372 114 (30.6%) 0.739 

Tobacco use (Current, Ex 

Smoker, Non-smoker) 

629 6.3%, 57.9%, 35.8% 909 6.5%, 57.6%, 35.9% 375 6.2%, 54.9%, 38.9% 0.866 

Analytes        

Cholesterol (mmol/L) 490 4.96 ± 0.055 707 4.85 ± 0.042 293 4.88 ± 0.070 0.292 

Creatinine (mmol/L) 610 100.5 ± 2.33 880 98.7 ± 1.80 367 100.3 ± 1.89 0.779 

Urate (mmol/L) 373 0.376 ± 0.005 552 0.365 ± 0.357 222 0.388 ± 0.007 0.015 

Troponin I (ng/L) $ 607  50.9 (15.9 – 85.8) 868 36.7 (16.5 – 56.9) 352 45.6 (21.0 – 70.3) 0.351 

ANP (pg/mL) $ 627 41.1 (38.8 – 43.4) 900 45.1 (43.1 – 47.2) 374 45.7 (42.2 – 49.3) 0.034 

NT-ANP (pmol/L) $ 627 1.30 (1.20 – 1.40) 900 1.38 (1.31 – 1.45) 373 1.39 (1.26 – 1.52) 0.065 

BNP (pmol/L) $ 627 24.1 (21.6 – 26.6)  900 28.2 (25.9 - 30.6)  374 27.7 (25.9 – 30.5) 0.010 

NTproBNP (pg/ml) $ 627 122.9 (109.3 – 136.6) 900 141.6 (129.5 – 153.7) 374 147.2 (124.9 – 169.5) 0.006 

CNP (pmol/L) $ 619 0.648 (0.613 – 0.683) 889 0.666 (0.636 – 0.697) 365 0.682 (0.629 – 0.735) 0.757 

NT-CNP (pmol/L) $ 618 23.5 (21.5 – 25.6) 886 22.5 (20.9 – 24.2) 366 23.4 (20.9 – 25.9) 0.340 

Aldosterone (pmol/L) $ 614 169.7 (146.6 – 192.8) 876 164.3 (156.9 – 171.6) 363 165.6 (153.6 – 177.6) 0.575 

Endothelin (pmol/L) $ 627 2.65 (2.57 – 2.72) 900 2.68 (2.61 – 2.75) 374 2.72 (2.61 – 2.83) 0.617 

Adrenomedullin (pg/ml) $ 603 8.09 (7.75 – 8.42) 869 8.84 (8.48 – 9.20) 368 8.65 (8.08 – 9.23) 0.006 

VEGF-A (pg/mL) $ 173 50.9 (44.9 – 56.8) 253 44.9 (40.6 – 49.4) 99 37.5 (32.9 – 42.1) 0.001 
$Log10 transformed p-values are reported. Mean ± standard error or Mean (95% CI range) or incidence (%) are reported. Significantly associated variables and their p-values are 

shown in bold.  Abbreviations: Act: active (≥30 minutes on ≥3 days/week),  ANP: atrial natriuretic peptide, BP: blood pressure, BMI: body mass index, BNP: B-type natriuretic 

peptide, CNP: C-type natriuretic peptide, MELAA: Middle Eastern/Latin American/African, MI: Myocardial infarction, Mod: moderate (≥30 minutes on 2 days/week), NT-ANP 

Amino terminal atrial natriuretic peptide, NT-CNP: Amino terminal C-type natriuretic peptide NTproBNP = amino-terminal pro-B type natriuretic peptide, Sed: Sedentary, VEGF-

A: Vascular endothelial growth factor A. Sed, Mild, Mod, Act   



 

177 
 

Appendix 4.2 Variants associated with ANP levels in HVOL cohort 

 

  

   

   

Violin plots of ANP levels in the HVOL cohort for variants A) rs4513773, B) rs6921438, C) rs7763440, D) 

rs7767396 and E) rs11757868. Red represents the homozygous reference genotype, green heterozygous genotype, and 

blue homozygous for the minor allele genotype. Red dot indicates mean ANP levels. Lines represent 95% CI SE error 

bars. p-value when compared to the reference genotype group of the respective variant 
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Appendix 4.3 Genotype frequencies for rs6921438 and rs7767396 

 

SNP ID Cohort Genotype Imputed genotype 

Frequencies 

n (%) 

Manual genotype 

Frequencies 

n (%) 

 

 

 

 

rs692148 

 

CDCS 

GG 536 (28%) 529 (26.1%) 

GA 946 (49.5%) 983 (48.5%) 

AA 431 (22.5%) 514 (25.4%) 

Total 1913 2026 

 

HVOL 

GG 71 (28.4%) 53 (23%) 

GA 123 (49.2%) 122 (53%) 

AA 56 (22.4%) 55 (24%) 

Total 250 230 

 

 

 

 

rs7767396 

 

CDCS 

AA 589 (30.8%) 575 (28.4%) 

AG 922 (48.2%) 983 (48.6%) 

GG 402 (21%) 464 (23%) 

Total 1913 2022 

 

HVOL 

AA 77 (30.8%) 54 (23.8%) 

AG 121 (48.4%) 122 (53.7%) 

GG 52 (20.8%) 51 (22.5%) 

Total 250 227 

Abbreviations: CDCS: Coronary Disease Cohort Study HVOL: Canterbury Healthy Volunteers Study  
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Appendix 4.4. Multivariate HF readmissions model on the CDCS 

cohort using manual genotypes for rs6921438 and rs7767396                

(n = 1147, 240 (20.9%) events). 

 

Predictor Coeff. SE Wald P-value HR 95% CI for HR 

Lower Upper 

Gender 0.292 0.153 3.62 0.057 1.33 0.991 1.81 

Ethnicity    2.23 0.525    

European v Pasifika  0.658 0.483 1.85 0.173 1.93 0.75 4.97 

European v Asian  0.652 1.01 0.415 0.519 1.91 0.264 13.9 

European v MELAA -6.501 124.4 0.003 0.958 0.002 1.9 x10-109 1.1 x10103 

*Physical Activity (scale 

1–4) $$ 

-0.374 0.057 43.2 *4.8 x10-11 0.688 0.615 0.769 

*Previous MI 0.609 0.137 19.6 *9.2 x10-6 1.83 1.41 2.41 

*Age 0.050 0.009 32.1 *1.3 x10-8 1.05 1.03 1.06 

Body mass index 0.009 0.017 0.262 0.609 1.009 0.976 1.04 

*Urate 1.91 0.68 7.902  *0.005 6.76 1.78 25.6 

Creatinine 0.001 0.002 0.672 0.412 1.001 0.998 1.005 

*Beta blocker -0.529 0.176 9.06 *0.003 0.589 0.418 0.832 

*Log10 NTproBNP$ 1.73 0.206 71.4 *2.9 x10-17 5.68 3.79 8.51 

rs6921438 genotype   2.19 0.333    

GG v GA -0.433 0.529 0.671 0.413 0.648 0.230 1.82 

GG v AA 0.086 0.638 0.018 0.892 1.09 0.312 3.81 

rs7767396 genotype   3.05 0.217    

GG v AA 0.24 0.635 0.143 0.706 1.27 0.366 4.41 

GG v AG 0.662 0.413 2.57 0.109 1.93 0.863 4.35 

*Time to sampling 0.02 0.005 15.6 *7.7 x10-5 1.02 1.01 1.03 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP or VEGF-A level. 

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.” 

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-

terminal pro-B type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 
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Appendix 4.5. Multivariate MACE readmissions model on the CDCS 

cohort using manual genotypes for rs6921438 and rs7767396                

(n = 1132, 503 (44.4%) events) 

 

Predictor Coeff. SE Wald P-value HR 95% CI for HR 

Lower Upper 

Gender 0.145 0.104 1.94 0.164 1.15 0.943 1.41 

Ethnicity    2.69 0.440    

European v Pasifika  -0.36 0.391 0.847 0.358 0.698 0.324 1.502 

European v Asian  0.277 0.587 0.224 0.636 1.32 0.418 4.16 

European v MELAA 1.27 1.009 1.58 0.208 3.56 0.493 25.7 

*Physical Activity 

(scale 1–4) $$ -0.322 0.039 68.2 *1.4 x10-16 0.725 0.671 0.782 

*Previous MI 0.364 0.096 14.5 *1.3 x10-4 1.44 1.19 1.73 

*Age 0.025 0.005 21.6 *3.1 x10-6 1.02 1.01 1.03 

*Body mass index -0.03 0.012 6.49 *0.011 0.97 0.948 0.993 

Urate 0.55 0.478 1.32 0.25 1.73 0.679 4.41 

*Creatinine 0.003 0.001 11.1 *0.001 1.003 1.001 1.005 

Beta blocker -0.184 0.130 2.005 0.157 0.832 0.644 1.07 

*Log10 NTproBNP$ 0.904 0.134 45.1 *1.8 x10-11 2.46 1.89 3.21 

rs6921438 genotype   4.08 0.129    

GG v GA -0.041 0.310 0.018 0.894 0.959 0.523 1.76 

GG v AA 0.523 0.378 1.92 0.166 1.68 0.805 3.54 

rs7767396 genotype   3.74 0.154    

GG v AA 0.601 0.377 2.54 0.111 1.82 0.872 3.81 

GG v AG 0.537 0.290 3.41 0.065 1.71 0.968 3.02 

*Time to sampling 0.019 0.003 29.2 *6.4 x 10-8 1.01 1.01 1.026 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP or VEGF-A level. 

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.” 

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-

terminal pro-B type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 
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Appendix 4.6. Multivariate NSTEMI readmissions model on the CDCS 

cohort using manual genotypes for rs6921438 and rs7767396                

(n = 1126, 287 (25.5%) events) 

 

Predictor Coeff. SE Wald P-value HR 95% CI for HR 

Lower Upper 

Gender 0.154 0.139 1.22 0.269 1.16 0.888 1.53 

Ethnicity    5.45 0.142    

European v Pasifika  -0.791 0.595 1.76 0.184 0.454 0.141 1.45 

European v Asian  -9.69 116.5 0.007 0.934 0.0001 3.9 x10-104 9.5 x1094 

European v MELAA 1.92 1.01 3.57 0.059 6.83 0.932 50.1 

*Physical Activity 

(scale 1–4) $$ 

-0.337 0.051 43.1 *5.1 x10-11 0.714 0.646 0.789 

*Previous MI 0.577 0.126 21.1 *4.5 x10-6 1.78 1.39 2.27 

*Age 0.017 0.007 5.71 *0.017 1.02 1.003 1.03 

Body mass index -0.03 0.016 3.64 0.056 0.970 0.941 1.001 

Urate 0.552 0.635 0.754 0.385 1.73 0.500 6.03 

*Creatinine 0.003 0.001 5.41 *0.02 1.003 1.000 1.005 

Beta blocker -0.008 0.182 0.002 0.966 0.992 0.695 1.41 

*Log10 NTproBNP$ 1.02 0.180 32.2 *1.3 x10-8 2.78 1.95 3.96 

*rs6921438 genotype   7.13 *0.028    

GG v GA -1.26 0.679 3.45 0.063 0.283 0.075 1.07 

GG v AA -0.450 0.732 0.377 0.539 0.638 0.152 2.68 

*rs7767396 genotype   6.11 *0.047    

GG v AA -0.470 0.731 0.413 0.521 0.625 0.149 2.62 

GG v AG 0.740 0.388 3.64 0.056 2.09 0.980 4.48 

*Time to sampling 0.029 0.005 41.3 *1.2 x10-10 1.03 1.02 1.03 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP or VEGF-A level. 

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.” 

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-

terminal pro-B type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 
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Appendix 4.7. Multivariate unstable angina readmissions model on the 

CDCS cohort using manual genotypes for rs6921438 and rs7767396    

(n = 1126, 231 (20.5%) events) 

 

Predictor Coeff. SE Wald P-value HR 95% CI for HR 

Lower Upper 

Gender -0.046 0.156 0.088 0.767 0.955 0.704 1.29 

Ethnicity    3.06 0.382    

European v Pasifika  -0.394 0.471 0.700 0.403 0.674 0.268 1.69 

European v Asian  -0.177 1.01 0.031 0.861 0.838 0.115 6.09 

European v MELAA 1.53 1.02 2.25 0.133 4.65 0.625 34.6 

*Physical Activity (scale 1–4) $$ -0.367 0.058 40.1 *2.4 x10-10 0.693 0.619 0.77 

*Previous MI 0.938 0.141 44.4 *2.6 x10-11 2.55 1.93 3.36 

Age 0.014 0.008 2.99 0.084 1.01 0.998 1.02 

Body mass index -0.005 0.017 0.084 0.772 0.995 0.963 1.02 

Urate 0.611 0.730 0.700 0.403 1.84 0.440 7.71 

Creatinine 0.002 0.002 1.01 0.314 1.002 0.998 1.006 

Beta blocker -0.181 0.193 0.879 0.349 0.834 0.571 1.21 

Log10 NTproBNP$ 0.285 0.199 2.06 0.151 1.33 0.901 1.96 

rs6921438 genotype   5.63 0.060    

GG v GA -0.078 0.631 0.015 0.902 0.925 0.268 3.18 

*GG v AA -0.877 0.395 4.92 *0.027 0.416 0.192 0.903 

rs7767396 genotype   4.19 0.123    

GG v AA 0.178 0.631 0.080 0.778 1.19 0.347 4.11 

GG v AG 0.798 0.410 3.79 0.052 2.22 0.995 4.96 

*Time to sampling 0.028 0.005 30.2 *3.8 x10-8 1.02 1.01 1.03 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP or VEGF-A level. 

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.” 

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-

terminal pro-B type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 
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Appendix 5.1 Imputed data for 13 VEGFR2 SNPs 

 

rsID A* a* Cohort Total AA 

n (%) 

Aa 

n (%) 

aa 

n (%) 

MAF $R2 

rs1870379  A C CDCS 1935 1216 (62.8%) 658 (34.0%) 61 (3.2%) 0.238 0.667 

HVOL 1177 744 (63.2%) 386 (32.8%) 47 (4.0%) 0.236 0.672 

rs2305948 C T CDCS 1935 1705 (88.1%) 222 (11.5%) 8 (0.4%) 0.097 0.523 

HVOL 1177 1037 (88.1%) 138 (11.7%) 2 (0.2%) 0.095 0.519 

rs1870377 T A CDCS 1935 1216 (62.8%) 657 (34.0%) 62 (3.2%) 0.238 0.678 

HVOL 1177 760 (64.6%) 371 (31.5%) 46 (3.9%) 0.233 0.682 

rs10016064 G C CDCS 1935 1182 (61.1%) 685 (35.4%) 68 (3.5%) 0.248 0.676 

HVOL 1177 731 (61.7%) 393 (33.4%) 53 (4.5%) 0.247 0.68 

rs13136007 C A CDCS 1935 1204 (62.2%) 668 (34.5) 63 (3.3%) 0.240 0.676 

HVOL 1177 745 (63.3%) 383 (32.5%) 49 (4.2%) 0.239 0.681 

rs7677779 C T CDCS 1935 1217 (62.9%) 655 (33.8%) 63 (3.3%) 0.236 0.675 

HVOL 1177 754 (64.1%) 377 (32.0%) 46 (3.9%) 0.233 0.679 

rs1870378 C T CDCS 1935 1216 (62.8%) 658 (34.0%) 61 (3.2%) 0.238 0.667 

HVOL 1177 744 (63.2%) 386 (32.8%) 47 (4.0%) 0.236 0.672 

rs7667298 T C CDCS 1935 387 (20%) 981 (50.7%) 567 (29.3%) 0.488 0.602 

HVOL 1177 245 (20.8%) 551 (46.8%) 381 (32.4%) 0.489 0.634 

rs9994560 A G CDCS 1935 559 (28.9%) 991 (51.2%) 385 (19.9%) 0.485 0.626 

HVOL 1177 355 (30.2%) 559 (47.5%) 263 (22.3%) 0.495 0.666 

rs55713360 A G CDCS 1935 706 (36.5%) 950 (49.1%) 279 (14.4%) 0.429 0.615 

HVOL 1177 447 (38%) 538 (45.7%) 192 (16.3%) 0.431 0.655 

rs28695311 G C CDCS 1935 559 (28.9%) 991 (51.2%) 385 (19.9%) 0.486 0.625 

HVOL 1177 355 (30.2%) 562 (47.7%) 260 (22.1%) 0.495 0.666 

rs2071559 A G CDCS 1935 558 (28.8%) 993 (51.3%) 384 (19.8%) 0.485 0.625 

HVOL 1177 355 (30.2%) 561 (47.7%) 261 (22.1%) 0.495 0.666 

rs1380069 G C CDCS 1935 406 (21%) 989 (51.1%) 540 (27.9%) 0.498 0.602 

HVOL 1177 254 (21.6%) 547 (46.5%) 376 (31.9%) 0.497 0.639 
*A= reference allele a = minor allele 

$Imputation parameter on the estimated correlation between imputed genotypes and unobserved genotypes.  

Abbreviations: CDCS Coronary Disease Cohort Study, HVOL: Canterbury Healthy Volunteers Study, MAF: Minor allelic Frequency 
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Appendix 5.2 rs1870378 imputed genotype associations within the 

CDCS cohort 

 

 

 

.  

A) aldosterone and B) adrenomedullin levels. Red dot indicates mean ANP levels. Lines represent 95% CI SE 

error bars. 
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Appendix 5.3 rs1870379 imputed genotype associations within the 

CDCS cohort 

 

  

 

 

A) aldosterone and B) adrenomedullin levels. Red dot indicates mean ANP levels. Lines represent 95% CI SE 

error bars. 
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Appendix 5.4. Variables with p<0.1 from one-way CDCS ANOVA 

analysis using rs2305948 imputed genotype group comparison. 

 

Variable SS df Mean Square F p value 

B-type natriuretic peptide (pmol/L) 0.583 1 0.583 3.722 0.054 

Creatinine (mmol/L) 8710.68 1 8710.68 3.248 0.072 
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Appendix 5.5. Kaplan-Meier survival plots using imputed genotype 

data from rs1870377, rs7677779 and rs13136007 for CABG events 

within the CDCS cohort. 

 

 
A) rs1870377 B) rs7677779 and C) rs13136007. Genotypes are colour-coded blue for homozygous reference 

and red for homozygous for the minor allele genotypes. Patients at risk reported for every 2-year interval.  
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Appendix 5.6. Multivariate all cause death model on the CDCS cohort 

using rs1870377 imputed genotype data                                                   

(n = 1842, 436 (23.7%) deaths) 

 

Predictor Coeff. SE Wald P - value HR 95% CI for HR 

Lower Upper 

Gender 0.196 0.109 3.19 0.074 1.22 0.981 1.51 

Ethnicity   2.44 0.486    

European v Māori/Pasifika 0.288 0.306 0.888 0.345 1.34 0.732 2.43 

European v Asian 0.473 0.364 1.69 0.193 1.61 0.786 3.28 

European v MELAA -7.29 89.6 0.006 0.935 7 x 10-4 0 1.3 x1073 

*Physical Activity (scale 1–4) $$ -0.275 0.039 47.7 *4.9 x 10-12 0.759 0.702 0.821 

*Previous MI 0.51 0.099 26.1 *3.2 x10-7 1.67 1.37 2.03 

*Age 0.063 0.006 109.7 *1.1 x10-25 1.07 1.05 1.08 

*Log10 NTproBNP$ 1.32 0.137 93.9 *3.4 x10-22 3.77 2.88 4.94 

*Beta blocker -0.43 0.128 11.3 *8 x 10-4 0.649 0.505 0.835 

*Creatinine 0.003 0.0007 20.1 *7.4 x10-6 1.003 1.001 1.004 

*Hypertension 0.266 0.103 6.55 *0.011 1.30 1.06 1.59 

rs1870377 genotype (TT v 

TA/AA) 0.178 0.099 3.19 0.074 1.19 0.982 1.45 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-

terminal pro-B-type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 
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Appendix 5.7. Multivariate all cause death model on the CDCS cohort 

using rs7677779 imputed genotype data                                                   

(n = 1842, 436 (23.7%) deaths) 

 

Predictor Coeff. SE Wald P - value HR 95% CI for HR 

Lower Upper 

Gender 0.196 0.11 3.19 0.074 1.22 0.981 1.51 

Ethnicity   2.42 0.489    

European v Māori/Pasifika 0.287 0.307 0.877 0.349 1.33 0.731 2.43 

European v Asian 0.473 0.364 1.69 0.194 1.61 0.786 3.28 

European v MELAA -7.29 89.6 0.007 0.935 0.001 0 1.1 x1073 

*Physical Activity (scale 1–4) $$ -0.275 0.04 47.6 *5.1 x10-12 0.759 0.702 0.821 

*Previous MI 0.511 0.1 26.2 *3.1 x 10-7 1.67 1.37 2.03 

*Age 0.063 0.006 109.9 *1 x10-25 1.07 1.053 1.08 

*Log10 NTproBNP$ 1.33 0.137 93.7 *3.7 x10-22 3.77 2.88 4.93 

*Beta blocker -0.429 0.128 11.3 *0.001 0.651 0.507 0.836 

*Creatinine 0.003 0.001 20.2 *6.9 x10-6 1.003 1.002 1.004 

*Hypertension 0.266 0.104 6.54 *0.011 1.30 1.06 1.59 

rs7677779 genotype (CC v 

CT/TT) 0.17 0.1 2.88 0.09 1.19 0.974 1.44 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.” Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = 

hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-terminal pro-B-type natriuretic peptide, SE = standard error, VEGF-A = 

Vascular endothelial growth factor A 
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Appendix 5.8 Multivariate all cause death model on the CDCS cohort 

using rs13136007 imputed genotype data                                                 

(n = 1842, 436 (23.7%) deaths) 

 

Predictor Coeff. SE Wald P - value HR 95% CI for HR 

Lower Upper 

Gender 0.196 0.11 3.18 0.075 1.22 0.981 1.51 

Ethnicity   2.44 0.486    

European v Māori/Pasifika 0.290 0.307 0.896 0.344 1.34 0.733 2.44 

European v Asian 0.473 0.364 1.69 0.194 1.605 0.786 3.28 

European v MELAA -7.29 89.4 0.007 0.935 0.001 0.000 8.6 x 1072 

*Physical Activity (scale 1–4) 

$$ 

-0.275 0.04 47.6 *5.3 x10-12 0.759 0.702 0.821 

*Previous MI 0.512 0.1 26.3 *2.9 x10-7 1.67 1.37 2.03 

*Age 0.063 0.006 109.8 *1.1 x 10-25 1.07 1.05 1.08 

*Log10 NTproBNP$ 1.33 0.137 93.4 *4.3 x10-22 3.76 2.88 4.92 

*Beta blocker -0.429 0.128 11.3 *7.9x10-4 0.651 0.506 0.837 

*Creatinine 0.003 0.001 20.1 *7.6 x10-6 1.003 1.002 1.004 

*Hypertension 0.266 0.104 6.52 *0.011 1.30 1.06 1.60 

rs13136007 genotype (CC v 

CA/AA) 

0.155 0.1 2.42 0.119 1.17 0.961 1.42 

$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP or Adrenomedullin level. 

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, MI = Myocardial Infarction, NTproBNP = amino-

terminal pro-B-type natriuretic peptide, SE = standard error, VEGF-A = Vascular endothelial growth factor A 
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Appendix 6.1. Imputed frequencies for VLDLR locus SNPs in the 

CDCS cohort 

 

rsID  A$  A$  AA 

n (%)  

Aa 

n (%)  

aa 

n (%)  

MAF  *predicted 

R2   

rs7043199  T  A  1244 (64.3%) 602 (31.1%) 89 (4.6%) 0.334 0.736 

rs7030781  A T  765 (39.5%) 914 (47.2%) 256 (13.3%) 0.538 0.781 

rs10738760 A  G  574 (29.7%) 974 (50.3%) 387 (20%) 0.603 0.795 

rs2375981  C  G  636 (32.9%) 957 (49.5%) 342 (17.7%) 0.583 0.783 
*Imputation parameter on the estimated correlation between imputed genotypes and unobserved genotypes.  

$A= reference allele a = minor allele 

r2=1 occurs when a physical and imputed genotype match perfectly 
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Appendix 6.2. Imputed frequencies for VLDLR locus SNPs in the 

HVOL cohort 

 

rsID  A$  A$  AA 

n (%)  

Aa 

n (%)  

aa 

n (%)  

MAF  *predicted 

R2   

rs7043199  T  A  763 (64.8%) 368 (31.3%) 46 (3.9%) 0.332 0.739 

rs7030781  A T  460 (39.1%) 555 (47.2%) 162 (13.8%) 0.541 0.795 

rs10738760 A  G  343 (29.1%) 598 (50.8%) 236 (20.1%) 0.608 0.807 

rs2375981  C  G  378 (32.1%) 591 (50.2%) 208 (17.7%) 0.590 0.795 
*Imputation parameter on the estimated correlation between imputed genotypes and unobserved genotypes.  

$A= reference allele a = minor allele 

r2=1 occurs when a physical and imputed genotype match perfectly 
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Appendix 6.3. Multivariate all cause death model on the CDCS cohort 

using rs2375981 imputed genotype data                                                   

(n = 1702, 386 (22.7%) events) 

 

Predictor Coeff. SE Wald P - value HR 95% CI for HR 

Lower Upper 

Gender 0.046 0.120 0.149 0.699 1.047 0.828 1.32 

Ethnicity   2.77 0.427    

European v Pasifika 0.334 0.311 1.15 0.283 1.39 0.759 2.56 

European v Asian 0.490 0.365 1.804 0.179 1.63 0.798 3.33 

European v MELAA -7.57 101.8 0.006 0.941 0.001 9.8 x10-91 2.6 x1083 

*Physical Activity (scale 

1–4) $$ -0.260 0.042 37.4 *9.6 x10-10 0.771 0.710 0.838 

*Previous MI 0.501 0.107 22.0 *2.7 x 10-6 1.65 1.33 2.03 

*Age 0.062 0.006 95.8 *1.2 x10-22 1.06 1.05 1.07 

*Log10 NTproBNP$ 1.304 0.168 60.5 *7.2 x10-15 3.68 2.65 5.11 

*Beta blocker -0.416 0.134 9.61 *0.0019 0.660 0.507 0.858 

*Creatinine 0.003 0.001 23.5 *1.2 x 10-6  1.003 1.002 1.005 

rs2375981 genotype   4.86 0.088    

*CC v CG -0.247 0.113 4.81 *0.028 0.781 0.626 0.974 

CC v GG -0.170 0.156 1.18 0.276 0.844 0.622 1.14 

LVEF -0.006 0.004 2.06 0.151 0.994 0.986 1.002 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, LVEF= left ventricular ejection fraction, MI = 

Myocardial Infarction, NTproBNP = amino-terminal pro-B type natriuretic peptide, SE = standard error,  
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Appendix 6.4. Multivariate NSTEMI readmissions model on the CDCS 

cohort using rs2375981 imputed genotype data                                       

(n = 1697, 382 (22.5%) events) 

 

Predictor Coeff. SE Wald P - value HR 95% CI for HR 

Lower Upper 

Gender 0.056 0.123 0.205 0.651 1.05 0.830 1.34 

Ethnicity   4.43 0.219    

European v Pasifika -0.050 0.284 0.031 0.859 0.951 0.546 1.65 

European v Asian 0.324 0.313 1.07 0.300 1.38 0.749 2.55 

European v MELAA 1.341 0.725 3.41 0.064 3.82 0.923 15.8 

*Physical Activity (scale 1–4) $$ -0.268 0.042 39.9 *2.6 x10-10 0.765 0.704 0.831 

*Previous MI 0.651 0.107 36.7 *1.3 x10-9 1.91 1.55 2.36 

*Age 0.026 0.006 20.5 *5.8 x10-6 1.02 1.02 1.04 

*Log10 NTproBNP$ 0.874 0.162 29.02 *7.1 x10-8 2.39 1.74 3.29 

Beta blocker -0.107 0.150 0.507 0.477 0.899 0.67 1.21 

*Creatinine 0.003 0.001 27.6 *1.4 x10-7 1.003 1.002 1.005 

rs2375981 genotype   4.76 0.092    

*CC v CG -0.248 0.113 4.76 *0.029 0.781 0.625 0.975 

CC v GG -0.129 0.155 0.689 0.407 0.879 0.648 1.19 

LVEF -0.005 0.004 1.23 0.267 0.995 0.987 1.004 

$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, LVEF= left ventricular ejection fraction, MI = 

Myocardial Infarction, NTproBNP = amino-terminal pro-B type natriuretic peptide, SE = standard error,  
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Appendix 6.5. Multivariate NSTEMI readmissions model on the CDCS 

cohort using rs10738760 imputed genotype data                                     

(n = 1697, 382 (22.5%) events) 

 

Predictor Coeff. SE Wald P - value HR 95% CI for HR 

Lower Upper 

Gender 0.057 0.123 0.215 0.642 1.06 0.831 1.34 

Ethnicity   4.57 0.205    

European v Pasifika -0.033 0.283 0.013 0.906 0.967 0.555 1.68 

European v Asian 0.316 0.313 1.02 0.311 1.37 0.743 2.53 

European v MELAA 1.38 0.724 3.65 0.056 3.99 0.965 16.5 

*Physical Activity (scale 1–4) $$ -0.267 0.042 39.9 *2.5 x10-10 0.765 0.704 0.831 

*Previous MI 0.652 0.107 36.9 *1.2 x10-9 1.92 1.55 2.36 

*Age 0.025 0.006 20.5 *5.8 x10-6 1.03 1.01 1.03 

*Log10 NTproBNP$ 0.874 0.162 29.1 *6.9 x10-8 2.39 1.74 3.29 

Beta blocker -0.107 0.150 0.513 0.474 0.898 0.669 1.21 

*Creatinine 0.004 0.0007 27.5 *1.5 x10-7 1.004 1.002 1.004 

*rs10738760 genotype   6.62 *0.037    

*AA v AG -0.291 0.115 6.39 *0.011 0.747 0.596 0.936 

AA v GG -0.228 0.152 2.23 0.135 0.796 0.590 1.073 

LVEF -0.005 0.004 1.27 0.258 0.995 0.986 1.003 
$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold.  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, LVEF= left ventricular ejection fraction, NTproBNP 

= amino-terminal pro-B type natriuretic peptide, SE = standard error 
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Appendix 6.6. Multivariate cardiovascular death model on the CDCS 

cohort using rs10738760 imputed genotype data                                     

(n = 1701, 223 (13.1%) events) 

 

Predictor Coeff. SE Wald P - value HR 95% CI for HR 

Lower Upper 

Gender 0.128 0.161 0.63 0.427 1.13 0.828 1.56 

Ethnicity   6.48 0.090    

European v Pasifika 0.571 0.382 2.23 0.135 1.77 0.838 3.74 

*European v Asian 0.873 0.397 4.84 *0.028 2.39 1.10 5.21 

European v MELAA -7.27 123 0.003 0.953 0.001 8 x10-109 6 x 10101 

*Physical Activity (scale 1–4) $$ -0.259 0.056 21.3 *3.7 x 10-6 0.772 0.692 0.86 

*Previous MI 0.741 0.142 27.1 *1.8 x10-7 2.09 1.59 2.77 

*Age 0.052 0.008 37.7 *7.9 x10-10 1.05 1.04 1.07 

*Log10 NTproBNP$ 1.78 0.229 60.6 *6.7 x10-15 5.95 3.80 9.33 

Beta blocker -0.171 0.193 0.783 0.376 0.843 0.577 1.23 

*Creatinine 0.002 0.001 5.02 *0.025 1.002 1.000 1.004 

*rs10738760 genotype   6.55 *0.038    

*GG v AA 0.405 0.204 3.94 *0.047 1.49 1.005 2.23 

GG v GA 0.066 0.199 0.110 0.741 1.06 0.724 1.57 

LVEF -0.006 0.005 1.28 0.257 0.994 0.984 1.004 

$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, LVEF= left ventricular ejection fraction, NTproBNP 

= amino-terminal pro-B type natriuretic peptide, SE = standard error 
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Appendix 6.7. Multivariate cardiovascular death model on the CDCS 

cohort using rs2375981 imputed genotype data                                       

(n = 1667, 211 (12.7%) events) 

 

Predictor Coeff. SE Wald P - value HR 95% CI for HR 

Lower Upper 

Gender 0.130 0.166 0.616 0.433 1.13 0.823 1.57 

Ethnicity   6.19 0.103    

European v Pasifika 0.456 0.409 1.24 0.264 1.57 0.708 3.51 

European v Asian 0.926 0.399 5.39 0.020 2.52 1.15 5.51 

European v MELAA -7.51 132.4 0.003 0.955 0.001 9.1 x10-117 3.3 x 10109 

*Physical Activity (scale 

1–4) $$ 

-0.231 0.058 15.8 *6.9 x10-5 0.794 0.708 0.889 

*Previous MI 0.765 0.147 27.1 *1.9 x10-7 2.15 1.61 2.86 

*Age 0.050 0.009 29.6 *5.1 x10-8 1.051 1.03 1.07 

*Log10 NTproBNP$ 1.87 0.239 61.2 *4.9 x10-15 6.48 4.06 10.3 

Beta blocker -0.217 0.195 1.24 0.265 0.805 0.550 1.17 

*Creatinine 0.002 0.001 4.61 *0.032 1.002 1.000 1.004 

rs2375981 genotype   5.71 0.058    

*CC v CG -0.348 0.153 5.21 *0.022 0.706 0.523 0.952 

CC v GG -0.328 0.213 2.36 0.124 0.720 0.474 1.09 

Systolic blood pressure 0.005 0.004 1.41 0.235 1.005 0.997 1.01 

Diastolic blood pressure -0.004 0.007 0.26 0.609 0.996 0.982 1.01 

LVEF -0.008 0.006 1.71 0.191 0.992 0.981 1.004 

$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, LVEF= left ventricular ejection fraction, MI = 

Myocardial Infarction, NTproBNP = amino-terminal pro-B type natriuretic peptide, SE = standard error 
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Appendix 6.8. Multivariate NSTEMI readmissions model on the CDCS 

cohort using rs10738760 imputed genotype data                                      

(n = 1663, 372 (22.4%) events) 

 

Predictor Coeff. SE Wald P - value HR 95% CI for HR 

Lower Upper 

Gender 0.093 0.125 0.551 0.458 1.09 0.858 1.40 

Ethnicity   4.27 0.233    

European v Pasifika -0.124 0.295 0.178 0.673 0.883 0.495 1.57 

European v Asian 0.322 0.313 1.05 0.304 1.38 0.747 2.55 

European v MELAA 1.27 0.733 3.04 0.081 3.59 0.854 15.1 

*Physical Activity  -0.263 0.043 37.1 *1.1 x10-9 0.769 0.707 0.837 

*Previous MI 0.675 0.109 38.1 *6.8 x10-10 1.96 1.58 2.43 

*Age 0.025 0.006 16.5 *4.6 x10-5 1.02 1.01 1.03 

*Log10 NTproBNP 0.911 0.166 30.2 *3.8 x10-8 2.48 1.79 3.43 

Beta blocker -0.123 0.151 0.668 0.413 0.884 0.657 1.18 

*Creatinine 0.003 0.001 27.4 *1.6 x10-7 1.004 1.002 1.005 

rs10738760 genotype   5.53 0.063    

*AA v AG -0.273 0.117 5.43 *0.020 0.761 0.606 0.958 

AA v GG -0.198 0.155 1.63 0.201 0.821 0.606 1.11 

Systolic blood pressure 0.003 0.003 1.19 0.275 1.003 0.997 1.01 

Diastolic blood pressure 0.003 0.006 0.199 0.656 1.003 0.991 1.01 

LVEF -0.005 0.005 1.31 0.253 0.995 0.986 1.004 

 

 

$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazards ratio, LVEF= left ventricular ejection fraction, MI = 

Myocardial Infarction, NTproBNP = amino-terminal pro-B type natriuretic peptide, SE = standard error 
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Appendix 6.9. Multivariate cardiovascular death model on the CDCS 

cohort using rs7030781 imputed genotype data                                        

(n = 1701, 223 (13.1%) events) 

 

Predictor Coeff. SE Wald P - value HR 95% CI for HR 

Lower Upper 

Gender 0.109 0.161 0.458 0.499 1.11 0.813 1.53 

Ethnicity   6.97 0.073    

European v Pasifika 0.587 0.384 2.34 0.126 1.79 0.848 3.81 

*European v Asian 0.913 0.397 5.28 *0.022 2.49 1.144 5.42 

European v MELAA -7.317 121.7 0.004 0.952 0.001 1.6 x10-107 2.6 x10100 

*Physical Activity (scale 1–

4) $$ 

-0.256 0.056 21.1 *4.4 x 10-6 0.774 0.694 0.864 

*Previous MI 0.744 0.142 27.3 *1.6 x10-7 2.11 1.59 2.78 

*Age 0.052 0.008 37.9 *7.2 x10-10 1.05 1.036 1.07 

*Log10 NTproBNP$ 1.76 0.230 58.8 *1.6 x10-14 5.82 3.71 9.12 

Beta blocker -0.175 0.193 0.827 0.363 0.839 0.575 1.22 

*Creatinine 0.002 0.001 5.29 *0.021 1.002 1.000 1.004 

rs7030781 genotype   5.48 0.064    

AA v AT -0.259 0.144 3.23 0.072 0.772 0.582 1.02 

*AA v TT -0.452 0.231 3.84 *0.050 0.636 0.405 1.000 

LVEF -0.007 0.005 1.634 0.201 0.993 0.983 1.004 

$Hazard Ratio represents the change in risk for every 10-fold increase in NTproBNP.  

$$Score of 1 = sedentary, 2 = <30 minutes activity on >2 days/week, 3 = ≥30 minutes on 2 days/week, 4 = ≥30 minutes on ≥3 

days/week. 

Significant variables and their p-values are in bold and “*.”  

Abbreviations: CI = confidence interval, Coeff = Coefficient, HR = hazard ratio, LVEF= left ventricular ejection fraction, MI = 

Myocardial Infarction, NTproBNP = amino-terminal pro-B type natriuretic peptide, SE = standard error, 

 


