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Introduction 

Cardiometabolic diseases have become a global epidemic affecting more than one 
billion people worldwide. According to the World Health Organization (WHO), in 
2015, approximately 17.9 million people died from cardiovascular diseases (CVD) 
and 1.6 million people died from diabetes; many of whom died from cardiovascular 
complications.1 Cardiometabolic risk is a condition in which the chances of 
developing atherosclerosis, coronary heart disease (CHD), stroke, and diabetes 
mellitus are significantly elevated. A wide-range of intermediate risk factors, 
including obesity,2 insulin resistance,3index,4 hypertension,5 and dyslipidaemia6,7 
are considered to play key roles in the disease process. A complex interrelation 
network between these intermediate risk factors exists and interrelations among 
these factors are often bidirectional. Owing to their value in risk prediction, these 
intermediate risk markers are examined routinely in primary and secondary health 
care, constituting important data for prognostication and diagnosis.  

Cardiometabolic diseases can be heavily affected by a person’s genetic 
background,8,9 yet the substantial increase in disease prevalence in the modern 
society, characterized with sedentary behaviors and highly processed food, suggests 
our environment and lifestyle likely being the trigger.10 Gene-environment 
interactions, defined as a phenomenon in which the joint effects of one or more 
genes with one or more environmental factors cannot be readily explained by their 
marginal effects, could also play a significant role in the increase of the prevalence 
of cardiometabolic diseases.11 The search for genes related to cardiometabolic 
disorders has been dominated by two approaches: linkage analysis and genetic 
association studies. Linkage analysis has been successful when diseases exhibit 
Mendelian patterns of inheritance, such as familial hypercholesterolemia and 
Maturity-Onset Diabetes of the Young (MODY).12-14 However, most 
cardiometabolic traits and hard disease endpoints like hypertension, type-2 diabetes 
(T2DM) and CHD are caused by a combination of genetic, environmental and 
lifestyle factors, with each of the components contributing a small phenotypic effect.  

Genetic association studies in the general population yield a more comprehensive 
knowledge of the molecular basis of complex diseases. This can be achieved by 
either testing for phenotypic associations with genetic variants from a putative 
candidate gene, or a Genome-wide Association Study (GWAS) microarray, or even 
the full genome using whole-genome or whole-exome sequencing. In particular, 
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GWAS has proven to be a highly effective way to discover large number of genetic 
variants associated with complex traits. By 2015, 755 SNPs located at 366 
independent loci were identified as contributors to cardiometabolic diseases.15 This 
number has since then dramatically grown owing to the recent wave of GWAS 
studies; these additional variants help explained some of the missing heritability for 
cardiometabolic diseases.16  

Physical activity, behavioural factors, dietary factors, pollution and drugs, among 
others, can confer an effect on the development of cardiometabolic diseases. The 
established risk factors for cardiometabolic disorders include sugar-sweetened 
beverages (SSB),17 red meat,18 processed meat,19,20 tobacco,21 and sedentary 
behaviours22 etc. However, as most epidemiological studies focus on environmental 
factors based on prior hypotheses, a considerable number of factors associated with 
cardiometabolic disorders may have not been identified.  

This thesis explores the independent and joint effects of genetic and environmental 
risk factors on the following cardiometabolic traits: weight, body mass index (BMI), 
high- density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol 
(LDL-C), triglycerides, total cholesterol, fasting glucose, 2-hour glucose, and 
systolic and diastolic blood pressures.  
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Brief introduction to diabetes and CVD  

Diabetes is characterized by chronically raised blood glucose levels and it occurs 
due to insufficient insulin secretion from the pancreas (termed “insulin deficiency”) 
or the body’s inadequate response to insulin (termed “insulin resistance”). The 
current WHO diagnosis criteria for diabetes is fasting glucose ≥ 7.0 mmol/L (126 
mg/dl), or 2-h glucose ≥ 11.1 mmol/L (200mg/dl) or HbA1c ≥ 6.5% (48 
mmol/mol).23 It is widely accepted that there are three main types of diabetes: type 
1 diabetes mellitus (T1DM), T2DM and gestational diabetes (GDM).24 Using a data 
driven clustering approach, Ahlqvist et al identified five subtypes of diabetes, which 
are essentially different in patient characteristic and risk of complication among 
diabetes patients from Finland and Sweden.25 In addition, there are other rare forms 
of diabetes, including monogenetic diabetes (e.g. Maturity-Onset Diabetes of the 
Young (MODY), neonatal diabetes) and secondary diabetes (e.g. diabetes raised as 
a complication of glucagonoma, and drug-induced diabetes).  

The main focus of this thesis are the risk factors that lead to T2DM, which accounts 
for over 90% of all diabetes cases world-wide.24 T2DM is considered modifiable 
and most people with T2DM do not depend on exogenous insulin to sustain life. 
Accompanied with medication, lifestyle change is often recommended to patients; 
this typically includes eating a healthy diet, being physically active, and losing 
weight.  

CVD refers to a group of disorders including stroke, CHD, and peripheral artery 
disease. CVD often relates to a process called atherosclerosis in which plaque 
accumulates inside the arteries. Plaque formation is a series of processes involving 
lipoprotein retention, inflammatory cell recruitment, foam cell formation, apoptosis 
and necrosis, smooth muscle cells (SMCs) proliferation and matrix synthesis, 
calcification, angiogenesis, and so on.26 As time goes on, the plaque may partially 
or totally block the blood flow thus reducing the oxygen supply in the heart, brain, 
pelvis, legs, arms or kidneys. CVD causes 17.9 million death worldwide every year, 
which makes CVD the largest contributor to global mortality.1 CVD is also the 
leading cause of mobidity and mortality among people with diabetes. High blood 
glucose levels over a long period can damage blood vessels by releasing oxygen 
free radicals, glycation, inactivation of proteins within vascular cells, and 
stimulating endothelial cell apoptosis.27-29 In high- and middle- income countries, 
14.8% to 40.5% of the middle-aged population with diabetes develops some kind of 
CVD eventually.30 There is a lack of data showing the development of CVD 
complications among people with diabetes in low-income countries. However, CVD 
is expected to cause more deaths in developing countries.31  
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From Reaven’s hypothesis to cardiometabolic risk 

The comorbidity of diabetes and cardiovascular disease has been known for more 
than a century.32 The underlying mechanisms on how T2DM and cardiovascular 
complications are connected have been vigorously debated and are controversial. In 
Gerald Reaven’s Banting lecture in 1988, he highlighted the central role of insulin 
resistance in the pathology of T2DM, hypertension and CHD.33 He also suggested 
that insulin resistance causes a cluster of clinical abnormalities including 
hyperinsulinemia, impaired glucose tolerance, decreased HDL-C and increased 
triglyceride levels. Reaven described this cluster of abnormalities as ‘Syndrome X’ 
which tends to increase the risk of both T2DM and CVD.33 A range of methods for 
quantifying insulin sensitivity have been developed and validated since then, with 
various advantages and limitations.34 The gold standard method for assessing insulin 
sensitivity is the hyperinsulinemic-euglycemic clamp, but this is an invasive, costly 
and time-consuming method, that is not feasible in large research studies or in 
clinical practice. Other intermediate methods exist, some of which have been 
applied in epidemiological settings. Recognizing the importance of insulin 
resistance as a central feature of dysmetabolism, the concept of ‘Metabolic 
Syndrome’ (MetS) was developed and has been used extensively in research and 
clinical practice.35-38 The initial aims of this concept were to bridge the field of 
diabetology and cardiology and to assist clinicians to treat its components and 
initiate preventive measures before the onset of cardiometabolic diseases. The key 
components of MetS are almost the same in different definitions, including obesity, 
glucose intolerance, dyslipidaemia, blood pressure, proinflammatory state and 
prothrombotic state, but they differ in details and criterion.38  

Using the Medical Subject Heading (MeSH) term “Metabolic Syndrome” to search 
the related literature in PubMed since Reaven’s Banting lecture was published, ~ 
22,500 research articles can be identified (in humans). Several studies have shown 
that MetS, characterized by US National Cholesterol Education Programme Adult 
Treatment Panel III (NCEP ATP VIII) criteria, is associated with 1.5- to 2-fold 
increased risk of CVD and 3- to 5-fold increased risk of T2DM.39-43 Of note, 
however, the value of MetS in clinical practice remains controversial. Kahn et al 
argued that the construct of MetS does not give a better prediction of future diabetes 
or CVD than its individual components.44 A study conducted by Wilson et al 
showed that fasting plasma glucose is a far better single predictor of diabetes than 
the combination of other MetS components, and there was no striking difference in 
predicting CVD when including 1, 3 or 5 MetS components.39 Another concern 
raised by Kahn and others is that no specific treatment for MetS exists and treatment 
of metabolic abnormalities is still based on its component parts.44 Kahn proposed 
the concept of ‘cardiometabolic risk’ to describe factors that predict CVD and 
diabetes mellitus which has been widely accepted by the medical research 
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community.45 As shown in Figure 1, cardiometabolic risk is similar to MetS but with 
a much broader meaning. Lifestyle factors such as smoking or physical inactivity 
are also included. Unlike the definition of MetS, cardiometabolic risk includes 
people with diagnosed chronic disease as well. Other, newly emerged 
cardiometabolic risk factors include inflammation and hypercoagulation. These 
cardiometabolic risk factors are interlinked and sometimes bidirectionally 
associated with one another. Treatment of modifiable cardiometabolic factors has 
shown to be an effective way to reduce CVD-related mortality.46  

 

 

Figure 1. Factors contributing to diabetes mellitus and CVD.  
BP: blood pressure; LDL: low-density lipoprotein; Apo B: apolipoprotein B; HDL: high-density lipoprotein. Ref: Kahn R. 
Metabolic syndrome is it a syndrome? Does it matter? Circulation 2007; 115(13): 1806-10.  

The cardiometabolic risk factors 

Obesity 

Obesity is a medical condition in which excess body fat (adipose tissue) accumulates 
in the body and may impair health. In 2016, it was estimated that more than 1.9 
billion adults were overweight and 650 million were obese.47 Sufficient evidence 
has shown that obesity is associated with increased risk of T2DM, CVD, certain 
types of cancer (endometrial, breast, colon, kidney etc.), and premature death.48 The 
WHO has made obesity management the top priority for disease prevention in its 
public health agenda.49 However, we need to be aware of the fact that about 30% of 
overweight or obese individuals do not develop diabetes or other metabolic 
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diseases.50 It is also noteworthy that fat distribution is more important than the total 
quantity of fat: subcutaneous fat accounts for 80-90% of total body fat and it is 
mainly stored in the abdominal, subscapular, and femoral areas; about 5-20% of 
total fat is stored surrounding the intra-abdominal organs, mainly in the mesentery 
and omentum, and this part of the adipose tissue is termed visceral fat.51 Compared 
with subcutaneous fat, visceral fat is considered more pathogenic. It releases fatty 
acids, inflammatory agents, and hormones that ultimately lead to higher LDL-C, 
triglycerides, blood glucose, and blood pressure.52 Fox et al conducted regression 
analyses to compare the effects of visceral and subcutaneous fat on multiple 
metabolic risk factors in 3,000 individuals of the Framingham Heart Study.53 Both 
visceral and subcutaneous fat showed association with continuous metabolic factors 
(e.g. blood lipids, systolic- and diastolic- blood pressure, fasting glucose) and 
dichotomous risk factors (e.g. diabetes, MetS). Notably, the magnitude of 
association with all risk factors was consistently stronger for visceral fat.53  

In clinical practice and large epidemiological studies, BMI has been most frequently 
used as a surrogate measure of adiposity. It is calculated as a person’s weight in 
kilograms divided by the square of the height in meters. Because calculation only 
requires weight and height, BMI is an inexpensive and easy-to-perform 
measurement and can be standardized across different populations.54 Table 1 shows 
the WHO classification of different BMI groups among adults (age ≥18 years) based 
on its association with mortality. Obesity is defined as BMI ≥30 kg/m2.49 Mokdad 
et al investigated the association between obesity, and diabetes and other health risk 
factors; they found that adults with BMI over 40 kg/m2 have substantially higher 
risk of diabetes (odds ratio [OR]: 6.39-8.50), high blood pressure (OR: 5.67-7.17), 
high cholesterol level (OR: 1.67-2.13) compared with normal weight participants.55 

Table 1 Classification of adults according to BMI proposed by a WHO expert committee 

WHO Classification BMI Population description 

Underweight <18.5 Thin 

Normal range 18.5-24.9 ‘Healthy’, ‘normal’,’acceptable’ 

Overweight 25.0-29.9 Pre-obese 

Obesity class I 30.0-34.9 Moderate obese  

Obesity class II 35.0-39.9 Severe obese 

Obesity class III ≥ 40.0 Very severe obese  

Note: The criteria for obesity is different for Asians. For people with the same age, sex, and BMI, Asians tend to have a 
higher percentage of body fat and a higher risk to develop inverse health consequence than Caucasians.56 In a later 
report, a WHO expert committee suggested the cut-off point for overweight in Asians to be 23 kg/m2 and for obesity to 
be 27.5 kg/m2.57 

Alternative methods such as waist circumference, waist:hip ratio, and skinfold 
thickness can also be applied for estimating body fatness. Waist circumference and 
waist:hip ratio, which are strong indicators of abdominal adiposity, have been 
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suggested to be superior to BMI in predicting CVD risk and mortality in recent 
studies.58-60 Skinfold thickness estimates the subcutaneous fat deposit at different 
locations. With recent technological developments, several commercialized body 
fat analysers have been developed. Computed tomography (CT) and magnetic 
resonance imaging (MRI) have shown to effectively distinguish subcutaneous and 
visceral adipose tissue.61 Dual-energy X-ray absorptiometry (DXA) applies the X-
ray technology to measure the bone mineral density and can be also used to measure 
body composition with high accuracy.62 However, these technology-based 
approaches are used mainly as a validation of the traditional anthropometry-based 
measurements or in small studies due to their high cost.  

Dyslipidaemia  

Common lipids, such as triglycerides, phospholipids, cholesterol and cholesterol 
esters, are minimally soluble in aqueous media. Cholesteryl esters, a group of lipids 
formed by an ester bond formed between a long chain fatty acid and the hydroxyl 
group of a cholesterol molecule, are the predominant form of cholesterol transport 
and storage. Cholesteryl esters and triglycerides bind to a various type of 
apolipoproteins to form complex lipid-protein capsules, termed as lipoproteins, 
which can travel freely in the blood and tissue fluid. For lipoproteins, the greater 
their protein:lipid ratio, the higher their density and the smaller their size and vice 
versa. Chylomicrons, very low-density lipoproteins (VLDLs) and intermediate-
density lipoproteins (IDLs) are larger in size and contain mainly triglycerides and 
within their core. LDLs and HDLs are relatively smaller and contain mainly 
cholesterol.63  

Dyslipidaemia is a disorder of lipoprotein metabolism. In most circumstances, for 
each lipoprotein classes, particle numbers are highly correlated with the 
concentrations of the lipids they cumulatively carry.64 Therefore, plasma levels of 
HDL-C and LDL-C can be used as surrogate estimates of HDL and LDL 
concentrations. In the context of cardiometabolic risk, dyslipidaemia is most often 
manifested by elevated levels of total cholesterol, LDL-C and/or triglycerides, and 
decreased levels of HDL-C in blood. Ample evidence has demonstrated that 
elevated LDL-C is the primary risk factor for atherosclerosis.65 LDL particles invade 
and accumulate in the artery walls following endothelium dysfunction.66 Then LDL 
undergoes a series of oxidation and enzymatic reaction facilitating the 
internalization of LDL particles by macrophages.67 Over time, the macrophages 
become cholesterol-laden foam cells and accumulate in the artery wall (intima) and 
form a plaque. At the same time, SMCs proliferate and migrate from the tunica 
media into the intima. The SMCs contributes to the formation of a firm, fibrous cap 
covering the plaque. As the fibrous cap grows, it can eventually rupture, releasing 
the plaque into the blood stream, thereby forming a blood clot.68 Consistent 
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epidemiological studies have identified HDL particles as cardioprotective. To be 
precise, HDL participates in both atherogenic and atheroprotective processes. HDL 
particles remove nonesterified cholesterol from the lipid-laden macrophages back 
to the liver, which is thought as the main HDL mechanism of protection. However, 
HDLs can lose their protective capabilities during inflammation. In this case, the 
high level of dysfunctional HDLs is associated with an increased risk of CVD. 
Another possible mechanism of HDL being atherogenic is due to the oxidation of 
its major protein component apolipoprotein A1 (apoA1).69 The mechanism of how 
triglycerides influence cardiovascular health is not fully understood, however it is 
generally accepted that a high concentration of blood triglycerides directly leads to 
the enrichment of triglycerides in LDL and HDL particles. Experimental studies 
suggested that triglyceride-rich HDL particles may lose their function, and 
triglyceride enriched LDLs show an increased atherogenic property.70  

Insulin resistance  

Insulin resistance is a condition in which insulin-mediated glucose disposal from 
blood into muscle and other tissues is impaired. Just as T2DM and CVD, insulin 
resistance is a heterogenous metabolic disorder. Multiple mechanisms that may 
cause insulin resistance have been proposed, of which obesity-induced 
inflammation has been considered to play a key role.3 In the short term, the pancreas 
can fight against insulin resistance by releasing more insulin to compensate the 
attenuated effects of insulin and maintain a normal glucose level.71 However, this 
compensation eventually reaches a point where no matter how much insulin is 
released, blood glucose is constantly above the threshold of prediabetes which in 
the end may lead to the development of diabetes.72 In the clinic, fasting glucose and 
oral glucose tolerance tests (OGTT) are often used to diagnose prediabetes and 
diabetes. Fasting glucose is measured after an overnight fast. For OGTT, the 
participants are requested to fast for 8-12 hours prior to the test. Then glucose is 
measured before and after 2 hours of a 75g oral glucose load is administered. 
WHO/IDF defines diabetes as a fasting glucose level ≥7.0 mmol/L or 2h-glucose 
≥11.1 mmol/L, impaired glucose tolerance as fasting glucose <7.0mmol/L and 2h-
glucose 7.8-11.1 mmol/L, and impaired fasting glucose as fasting plasma glucose 
6.1-6.9 mmol/L, and 2-h glucose <7.8 mmol/L.73 

Glucose serves as a major source of energy for all cells and organs. The circulating 
glucose mainly derives from three sources: intestinal absorption from diet, release 
of glucose from glycogen (glycogenolysis) and synthesis of glucose from non-
carbohydrate precursors (gluconeogenesis).74 The liver plays a major role in glucose 
homeostasis as it controls various pathways of glucose utilization and endogenous 
glucose production. Apart from the liver, the pancreas also exerts a key role in 
glucose homeostasis by secreting various digestive hormones. Insulin is secreted by 
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the pancreatic -cells in response to increased blood glucose and amino acid levels 
in the postprandial state. Insulin binds to insulin receptors on many cells to promote 
glucose disposal in peripheral tissues. Insulin accelerates glycogen synthesis in 
muscle, adipose tissue, and liver. Meanwhile, insulin inhibits glucagon secretion 
from islet -cells to stop the liver from producing glucose through glycogenolysis 
and gluconeogenesis. Insulin can also act on lipid and protein metabolism, for 
example, insulin reduce lipolysis in adipose tissue, increase uptake of triglycerides 
by adipose tissue and muscle, and increase VLDL synthesis in the liver.74,75 A 
second -cell hormone called amylin acts as a complementary hormone to insulin.76  

Insulin resistance contributes to the development of CVD through several pathways. 
Insulin resistance at adipocytes, working through hyperinsulinemia, enhances 
hydrolysis of circulating triacylglycerol and free fatty acid influx to the liver.77 The 
excess free fatty acids stabilize apolipoprotein B (apoB) production in the liver, a 
major component of VLDL particles, and further causes increased hepatic VLDL 
release.78 Meanwhile, impaired insulin signalling through PI3-kinase /Akt pathway, 
together with reduced lipoprotein lipase activity, slows down the clearance of ApoB. 
Thus, a combination of all the above factors leads to raised blood triglyceride and 
VLDL levels.79 Hypertension often coexists with insulin resistance. However, the 
link between insulin resistance and hypertension is less apparent. Current evidence 
suggests that inflammatory cytokines such as tumour necrosis factor α (TNF-α), 
interleukin-6 (IL-6) and nuclear factor kappa-light-chain-enhancer of activated B 
cells (NF‐ߢB) control signalling of insulin through prohibiting or activating 
phosphorylation of insulin receptor substrate-1 at the tyrosine residue.80 Although 
limited evidence exists in humans, Zhou et al have shown in Dahl salt-sensitive rats 
that inhibition of NF‐ߢB inflammatory pathway also reduce blood pressure and 
vascular inflammation,81,82 indicating insulin resistance may be associated with 
hypertension through inflammation. Another possible link to CVD is that insulin 
resistant individuals tend to have increased levels of fibrinogen,83 factor VII,84 and 
plasminogen activator inhibitor 1 (PAI-1),85 which are indispensable to blood 
clotting and fibrinolysis. The Emerging Risk Factors Collaboration (ERFC) 
consortium studied ~25,000 individuals from 52 cohorts and found that adding 
fibrinogen to the conventional CVD risk factors such as age, sex, smoking, history 
of diabetes, hypertension, and total cholesterol improved the predictability of CVD 
among low- and intermediate- risk populations.83 Raised factor VII activity has 
shown to be independently associated with insulin resistance among CVD 
patients.84 PAI-1 has shown to prohibit fibrinolytic activity of plasminogen activator 
and an elevated high PAI-1: plasminogen activator ratio is an early sign of CVD.86 
Insulin itself may be atherogenic. Evidence has shown that impaired insulin 
signalling may stimulate proatherogenic pathways in vascular SMCs.87 
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Hypertension 

Hypertension, also known as “high blood pressure”, is a chronic condition in which 
blood pressure is persistently elevated. In the circulation, blood always flows from 
the region with higher pressure to the one with lower pressure. As the blood moves, 
it keeps pushing against the side of blood vessels. Blood pressure is the force per 
unit area exerted by circulating blood on the wall of arteries. Two kinds of blood 
pressure are quantified in millimetres of mercury (mmHg): systolic and diastolic 
blood pressure. Systolic blood pressure refers to the peak arterial pressure reached 
during the ventricular contraction. Diastolic blood pressure refers to the minimal 
arterial pressure just before the ventricular contraction begins. Normally, in absence 
of disease, the two types of blood pressure go hand-in-hand and rise and fall for 
equal proportion. WHO defines hypertension as a systolic blood pressure ≥140 
mmHg and/or a diastolic blood pressure ≥90 mmHg.88 This definition is based on 
the assumption that people with blood pressures above these levels are at increased 
risk of atherogenic CVDs, kidney disease, microvascular complications and 
premature death.89-96 Globally, hypertension causes 45% of deaths among heart 
disease patients and 51% of deaths among stroke patients.97  

There is a complex interrelation amongst insulin resistance, hypertension, and 
diabetes. Approximately 25-47% of people with hypertension have developed 
insulin resistance or diabetes.98 Treatment of blood pressure with antihypertensive 
drugs is often accompanied with improved insulin resistance.99 Conversely, 
metformin, as the first line of antidiabetic drugs, can lower blood pressure among a 
non-diabetic hypertensive population.100 Insulin regulates blood pressure during 
hyperinsulinemia by stimulating nitric oxide release in the endothelium.101 Insulin 
resistance can increase blood volume by inducing sodium and potassium imbalance, 
or cause vasoconstriction by controlling calcium and magnesium imbalance.102 
Hypertension can damage the cardiovascular system and kidney slowly without a 
noticeable symptom.  

Search for the genetic factors affecting cardiometabolic 
risk 

Cardiometabolic risk is heritable  

During the past few decades, multiple lines of evidence have shown a significant 
genetic basis on T2DM, CVD and their related traits. Family members share a 
genetic heritage, as well as environment, lifestyle and behaviour. Vassy and 
colleagues found statistically significant association between the number of parents 
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with diabetes and a T2DM genetic risk score (GRS) in the population-based PPP-
Botnia Study (P=0.03) and a similar trend in the Framingham Offspring Study 
(P=0.07).103 Twins provide a valuable source of information on the heritability of 
cardiometabolic disorders. Monozygotic twins share almost 100% of their genetic 
material and dizygotic twins, share about 50% of their genetic material, similarly to 
“regular” siblings. Besides genetics, twins also share much of the intrauterine and 
postnatal environments. In classical twin studies, by comparing the phenotypic 
resemblance between monozygotic twins and dizygotic twins, researchers can 
estimate how much of a trait’s variation is explained by genetic variation.104 The 
concordance rate for T2DM and abnormal glucose tolerance in monozygotic twins 
was constantly higher than in dizygotic twins indicating that genetics play a 
significant role in T2DM.105 The estimated heritability from twin studies for obesity 
is between 40%-70%,106-108 for blood pressure is 30%-60%,109 for plasma 
cholesterol and triglycerides 56%-77%.110,111 

Mapping the causal genes 

Mapping the causal genes for cardiometabolic disorders has gone through two main 
stages: linkage analyses and genetic association studies. Linkage studies are based 
on the principle that genes that are sufficiently close on a chromosome tend to be 
inherited together during meiosis. Linkage analysis is most powerful for identifying 
genes for traits or diseases caused by mutations in a single-gene or a few genes.112 
Almost all cardiometabolic disorders are caused by variations in multiple genes with 
each of them conferring a small effect. Only a few studies have identified 
convincing linkage results among complex traits. Chromosome 10p demonstrated a 
strong linkage signal of T2DM in Mexican Americans113 and Icelanders114. To find 
the causal region, Grant et al conduced single-marker association analysis with 
microsatellite genotype data and identified transcription factor 7-like 2 (TCF7L2) 
significantly associated with T2DM.115 Homozygous risk allele carriers have almost 
doubled risk of developing diabetes than the non-carriers.115 Following the original 
finding, the effects of TCF7L2 on T2DM risk were replicated in several other 
populations.116-118 

Genetic association studies that investigate polymorphisms in candidate genes or 
across the whole genome are more efficient in identifying cardiometabolic disorder-
related genes. Candidate gene studies require previous knowledge of disease 
aetiology in order to select the gene candidates. The most prominent examples of 
candidate gene studies are the discovery of the peroxisome proliferator-activated 
receptor gamma (PPARG) and potassium voltage-gated channel subfamily J 
member 11 (KCNJ11), both of which harbour missense mutations associated with 
T2DM and have been used as targets for developing antidiabetic drugs.119-122 One 
of the greatest breakthroughs in genetic research was the completion of the Human 
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Genome Project (HGP) in 2003, which mapped ~20,500 genes in the human genome 
and resulted in the complete DNA sequence for all chromosomes.123 Following this 
achievement, the International HapMap Project Phase I built a haplotype map of the 
human genome with 500,000 tags SNPs (out of 10 million SNPs),124 which guided 
the design and prioritization of SNP for genotyping assays. Illumina and 
Affymetrix, the two largest competitors in sequencing and genotyping technology, 
have developed several GWAS arrays with ~550,000 to ~1 million genetic markers. 
At the early stage of GWAS, case-control design was most commonly used, where 
allele frequencies of the panel SNPs were compared between the healthy controls 
and cases using either logistic regression or a contingency table method. For 
quantitative traits, generalized linear regression models were often used to test 
associations.125 Unlike the candidate gene studies, GWAS does not require prior 
knowledge of the genes and their roles in the disease aetiology. Due to its agnostic 
nature, GWAS has dramatically accelerated the pace of gene discovery. To date, the 
GWAS catalog has collected over 3300 publications with nearly 60,000 unique 
SNP-trait associations, with several thousand SNPs being associated with 
cardiometabolic risk.126 The most strongly associated SNPs in GWAS are often in 
non-coding or intronic regions of genes. Fine-mapping of loci in large samples is 
often needed to identify functional variant(s). To do this cost-efficiently, the 
Illumina CardioMetaboChip array (in short, Metabochip) was developed to target 
the regions associated with a wide-range of metabolic disorders (e.g. T2DM, CVD, 
dyslipidaemia, obesity). The customized Metabochip array selected ~220,000 SNPs 
combining results of large meta-analyses of GWAS with the catalog of HapMap and 
1000 Genome Project.127 Exome genotyping arrays were also developed using the 
same technology as Metabochip to target the exonic regions and rare variants.128 
With the drastic decrease in cost, whole genome sequencing and exome sequencing, 
targeting both common and rare variants, have also become possible in large 
samples. The GWAS design is based on the common diseases-common variants 
hypothesis. Recently, sequencing-based association studies from the GoT2D and 
T2D-GENES consortia showed that rare and low-frequency variants may only play 
a minor role in the development of T2DM.129  

GWAS discovery of cardiometabolic loci  

Over 900 SNPs have been identified to be associated with BMI, waist-hip ratio and 
other obesity-related traits.130 The Fat Mass and Obesity-associated gene (FTO) was 
the first robust GWAS-identified obesity gene131 and so far the one with the largest 
effect on BMI and obesity risk in outbred populations.132 FTO encodes an enzyme 
in the AlkB family of proteins which is involved in DNA repair, fatty acid 
metabolism, and posttranslational modification.133 Because of its robust association 
with BMI, the FTO locus variants can be used as instruments for BMI and obesity 
in Mendelian randomization studies, which is an epidemiological study design for 
making causal inference of a risk factor on clinical outcomes.134 Fall et al used 
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rs9939609 at the FTO locus as the instrumental variable for BMI and tested its 
association with 24 cardiometabolic traits in nearly 200,000 individuals. They found 
a positive association between BMI-increasing A allele of rs9939609 and multiple 
cardiometabolic outcomes, including T2DM, dyslipidaemia, hypertension, 2-h 
glucose, fasting glucose, systolic and diastolic blood pressure. Most of these 
associations were mediated through FTO’s effect on BMI,135 supporting Kahn’s 
hypothesis showed in Figure 1.  

As the effect sizes of GWAS-identified genetic variants are generally small, a large 
sample size is always ideal to gain sufficient statistical power. Large international 
GWAS consortia have been established to facilitate intellectual collaboration and 
data-sharing. The Genetic Investigation of ANthropometric Traits (GIANT) 
consortium is an international collaboration with a focus on identifying genetic loci 
that modulate height and obesity-related traits. The GIANT consortium has 
published a series of highly cited GWAS papers on body height, BMI, waist, and 
waist-hip ratio.136-147 The European Network for Genetic and Genomic 
Epidemiology (ENGAGE) consortium published the first comprehensive lipid 
GWAS study in 2008, in which they reported 22 loci affecting total cholesterol, 
HDL-C, LDL-C, and triglyceride levels.148 The following year, Kathiresan et al 
reported 30 loci associated with lipoprotein levels, of which 11 signals were 
novel.149 Two big waves of gene discovery for plasma lipids and lipoproteins were 
led by the Global Lipids Genetics Consortium (GLGC). They reported 95 loci and 
159 loci independently associated with blood lipids, respectively.150,151 Recently, 
Hoffmann et al conducted a GWAS using longitudinal electronic health records and 
reported 121 novel SNP associations. The explained variance of GWAS-identified 
SNPs to date for lipids traits ranged from 17.2% to 27.1%.152  

Sladek et al conducted the first GWAS for T2DM in a French case-control cohort 
and identified four novel loci with modest effects on T2DM.153 Later on, three 
GWAS reported similar top findings.154-156 A second wave of GWAS was led by 
two large diabetes consortia: DIAbetes Genetics Replication and Meta-analysis 
Consortium (DIAGRAM) and Meta-Analyses of Glucose-and Insulin-related traits 
Consortium (MAGIC) discovering over 100 loci associated with glycaemic traits, 
insulin metabolism or diabetes.157-166 A recent noticeable GWAS discovery was a 
meta-analysis of 62,892 T2DM cases with 596,424 controls from three large 
European GWAS datasets: DIAGRAM, GERA, and UK Biobank, which reported 
139 common variants and four rare variants associated with T2DM.167  

The earliest GWAS on blood pressure was not as successful as for other 
cardiometabolic traits. The first comprehensive GWAS study led by Wellcome 
Trust Case Control Consortium failed to detect any statistically significant 
association signals with hypertension.156 In 2009, the Global Blood Pressure 
Genetics Consortium (GBPGEN) identified a number of regions, CYP17A1, 
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CYP1A2, FGF5, SH2B3, MTHFR, c10orf107, ZNF652 and PLCD3 associated with 
systolic or diastolic pressure in a GWAS study with 34,433 individuals of European 
ancestry.168 The CHARGE Consortium identified four loci ATP2B1, CYP17A1, 
PLEKHA7, SH2B3 associated with systolic blood pressure and six loci ATP2B1, 
CACNB2, CSK-ULK3, SH2B3, TBX3-TBX5, ULK4 associated with diastolic blood 
pressure.169 The CHARGE and Global Blood Pressure Genetics Consortium 
(GBPGEN) consortium merged into the International Consortium for Blood 
Pressure (ICBP). ICBP published several key GWAS papers on blood pressure in 
the following years.170-172 Two large GWAS studies using ExomeChip genotyping 
data were published. Liu et al conducted a two-stage association study in 327,288 
individuals and identified 32 novel loci.173 Surendran et al identified 31 new blood 
pressure loci in nearly 350,000 individuals.174 Using UK Biobank data, Warren et 
al identified and validated 107 loci associated with blood pressure (systolic, 
diastolic or pulse pressure).175 Hoffmann et al identified ~320 independent loci in 
relation with blood pressure using electronic health records from three large 
studies.176 

Search for the environmental triggers 

Evidence of the environmental effect on cardiometabolic risk 

Epidemiological studies support the view that environmental factors, mainly 
nutrition and physical activity, have contributed to the rising epidemic of 
cardiometabolic disorders in the modern society. Pima Indians are a group of native 
Americans who have been settled in the region now called southern Arizona for 
centuries. The Arizona Pima have transitioned from traditional farming to a typical 
American rural lifestyle, with high intakes of energy-dense food and a sedentary 
lifestyle since the 1900s. Correspondingly, the Arizona Pima Indians develop 
obesity and have the highest prevalence of diabetes (50%, age- and sex- adjusted) 
in the U.S.. Meanwhile, the genetically-similar Mexican Pima Indians continue with 
traditional farming involving intensive physical activity. The Mexican Pima are 
relatively leaner and have only 1/5 of the prevalence (6.9%) of diabetes, which is 
not different from the non-Pima Mexicans living in the same region. The difference 
in diabetes prevalence of these two groups is very likely caused by the differences 
of lifestyle and environments.177  

The cardiometabolic risk increases when individuals move from low-risk to high-
risk countries. Japanese migrants living in the US showed a higher prevalence of 
heart diseases, stroke, glucose tolerance, diabetes than the native Japanese.178-180 
Punjabi Indians living in West London demonstrated a higher BMI, systolic blood 
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pressure, serum cholesterol, apoB, fasting glucose and lower HDL levels compared 
with their siblings in Punjab, India.181 CVD is rare in traditional African societies, 
but the African American have a higher risk of CVD than other ethnic groups living 
in the US.182 The noticeable change in the disease rate among migrants indicates 
that environmental factors play a dominant role in driving the increase of prevalence 
in cardiometabolic disorders.  

The global shifts in nutritional environments have been contributing to the outbreak 
of cardiometabolic diseases. Remarkable changes have occurred, especially in 
developing countries. Benefiting from international trade and free market, people in 
low- and middle-income countries have access to a wider variety of food products 
at a lower cost than ever before. A typical example is edible oil consumption; By 
2010, inexpensive edible oil has been available for both developed and developing 
countries. Meanwhile, edible oil consumption has increased 3-6 fold in all 
populations compared to 1980s.183 Another noticeable diet change is added sugar; 
In the U.S., SSB are the top source of calories and largest source of added sugar.184 
In Mexico, 1/5 of total energy intake is from SSB in both adolescents and adults.185 
SSB have high sugar content, produce low satiety levels, and provide incomplete 
compensation of total energy.186 Malik et al reviewed 30 studies from 1996 to 2005 
and concluded that SSB consumption was associated with weight gain and 
obesity.187 The high content of rapidly absorbable sugar in SSB may lead to insulin 
resistance, -cell dysfunction, inflammation, hypertension, dyslipidaemia, and 
finally increase the risk of T2DM, MetS and CVD.188 Schulze et al suggested that 
the effect of SSB in T2DM and MetS is modulated through its association with 
obesity.189 Another important change in diet is animal source food intake, including 
eggs, meat (pork and all other red meat), poultry, dairy, and fish. The most 
significant change in animal source food consumption occurred in middle- and low- 
income countries. There was a 10-fold increase in animal source food intake in 
China in 2000 compared to 1960s.183 A meta-analysis has shown that processed 
meat is associated with an increased risk of CHD and diabetes. However, there is 
no clear evidence of association between diabetes and CVD and red meat.190 
Consumption of legumes and coarse grains have also been reduced. Although there 
has been a significant increase on fruit and vegetable intake, the change has been 
less marked than changes in edible oil and animal source food. Total energy intake 
in developing countries increases too, topped by the Middle East, followed by 
China, Latin America.191 Reduced physical activity due to motorized travel, labor-
saving devices at home and work are also seen. Leisure time activities are becoming 
more sedentary; television watching and video games are becoming the main 
entertainments among adults and adolescents. It is estimated that physical inactivity 
contributes 6% to the burden of CHD and 7% to T2DM.192 
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Exposome and environment-wide association studies (EWAS) 

For chronic diseases, genetics only has a modest influence of the disease risk.193 
Thus, identifying specific environmental risk factors associated with 
cardiometabolic risk and designing/implementing interventions in the general 
population becomes critical for disease prevention. Some of these environmental 
factors have been intensively investigated and replicated for their association with 
cardiometabolic traits. Nevertheless, there are many other environmental factors 
that have not been investigated or have an unclear role in disease development. The 
majority of environmental studies tend to focus on one exposure or one category of 
exposures, such as air pollution, diet or physical activity, which leads to a highly 
fragmented literature on epidemiological associations.194 The concept of exposome 
was proposed by Wild to encourage researchers to  evaluate the effects of 
environmental exposures in a systematical manner.195 A complete exposome refers 
to the totality of life-course environmental exposures (including lifestyle factors), 
from the prenatal period onwards.195 Unlike the genome, the exposome is highly 
dynamic. At different timepoints of life, an individual will have a particular profile 
of exposures. 

To clarify the concept, four layers of environmental exposures may be considered 
(Figure 2): social and economic determinants, behavior and environmental risk 
factors, extracellular environmental signals, and intrinsic environmental factors. 
Social and economic factors are on the outmost layer of all environmental 
exposures. The impact of social and economic factors can be penetrated to the inner 
layers and finally influence the innermost cellular environment which directly 
interacts with the genome or impose epigenetic changes. For example, with the 
social and economic growth in the past 30 years, SSB become more affordable 
specially in middle- and low-income countries. Consumption of SSB can induce 
dramatic increase of glucose and insulin in the extracellular environment – blood, 
and further suppress the expression of the appetite hormone - ghrelin.196  

The concept ‘exposome’ refers to the complete assessment of environmental 
exposures from conception onwards. A practical strategy to implement this concept 
in research is to take snap-shots of a person’s exposure data at different stages of 
life. Many large existing cohort studies with multiple time-points of data are 
available and constitute a precious resource to study the exposome in a 
comprehensive way. As discussed above, the external exposures can exert influence 
on the internal environment. Thus, it is reasonable to measure the internal chemical 
environment as a surrogate of external exposures.193 With the development of omics 
technologies, such as transcriptomics, proteomics, metabolomics or epigenomics, a 
large amount of data can be generated to characterize downstream biological events, 
which in principle can be examined for association with the disease endpoint, in an 
analogous manner to GWAS.197 
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Figure 2. The concept of exposome, adapted from Franks, PW et al, Exposing the exposures responsible for type 2 
diabetes and obesity. Science. 2016 Oct 7;354(6308):69-73. 

 

Patel et al formalized the exposome concept and termed it as EWAS.198  The purpose 
of EWAS is to comprehensively screen environmental factors for their association 
with disease (traits). In the first EWAS study, Patel et al used 266 unique 
environmental agents measured in blood as exposures and examine their association 
with T2DM.198 Since then, EWAS have been widely applied to investigate whether 
nutrients, contaminants, prescribed drugs, lifestyle, and socio-economic factors are 
associated with diseases and disease complications.199-203 Tzoulaki et al performed 
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EWAS analyses on 82 nutrients and 3 urine electrolytes with systolic and diastolic 
blood pressure: they confirmed some previously reported associations, such as the 
inverse association between non-hem iron, phosphorus, magnesium and blood 
pressure; more importantly, they discovered that B vitamins (folacin, riboflavin and 
thiamin) were negatively associated with blood pressure, which was poorly studied 
before.199 By merging the Swedish Cancer Register with Prescription Drug Register, 
Patel et al tested associations of 552 pharmaceutical prescriptions with different 
type of cancer risk (any, breast, colon, or prostate cancer) during a 5.5 years of 
follow-up in 9,014,975 individuals; they found that 26% of the studied drugs were 
associated with any cancer in a time-to-event analysis and also identified the drugs 
associated with different type of cancers.201 

Gene-environment (G-E) interaction  

G-E interaction can be understood as “a different effect of an environmental 
exposure on disease risk in persons with different genotypes,” or alternatively, “a 
different effect of a genotype on disease risk in persons with different environmental 
exposures”.204 Figure 3 shows a simplified scenario of G-E interaction for a 
quantitative traits, in which the effects of the environmental exposures on a 
quantitative trait are plotted across genotypes. If the estimated effect of the 
environmental exposure significantly differs across genotypes, we can conclude that 
a G-E interaction may exist. This type of interaction is usually tested using a 
multiplicative term in a linear regression model. Many other approaches for 
modeling interactions exist (see paper by Thomas11 for detailed overview of G-E 
interaction methods). 

The earliest G-E interaction studies relied on hypothesis-driven approaches, in 
which the combined effects of genetic loci (often identified from animal studies or 
in vitro studies) and specific candidate environmental exposures (e.g., dietary fat, 
physical activity, smoking, education level) in a given disease or trait were tested. 
More recently, the candidate variants for interaction studies have been these 
identified through GWAS meta-analyses for their main effects. These large studies 
have identify thousands of loci associated with relevant traits and researchers have 
often used the most strongly associated variants in studies of G-E interactions.205 
SNPs identified by GWAS can be tested for interaction directly, or by summing the 
risk alleles to construct a GRS. Qi et al calculated GRS on the basis of 32 BMI-
associated loci in three large US cohorts and analyzed its interaction with the intake 
of SSB in relation with BMI or obesity.206 They showed that the genetic association 
with adiposity was stronger among individuals with higher consumption of SSB. 
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Figure 3. A hypothetic scenario of G-E interaction between a biallelic variant and an environmental risk factor. 
In this case, a G-E interaction may exist because the magnitute of association between environmental exposures and 
outcome are significantly different across different genotype subgroups.  Ref: Franks PW. Gene × Environment 
Interactions in Type 2 Diabetes. Curr Diab Rep (2011) 11: 552. 

 

The interaction effect sizes are generally small in magnitude, and it is suggested that 
a well-powered G-E interaction study requires at least four times larger sample size 
than that for an association study with a comparable magnitude.11 Although an 
extensive literature on G-E interaction exists, it is likely that many of these studies 
are inadequately powered and only a few have been replicated in independent 
populations. Li et al demonstrated that physical activity diminishes the genetic risk 
of obesity predisposed by 12 BMI related SNPs in the EPIC-Norfolk cohort.207 To 
replicate Li’s finding, Ahmad et al meta-analyzed over 110,000 adults of European 
ancestry, almost a six time larger sample size of the original report, to yield a 
statistically significant GRS-physical activity interaction; this may be caused by a 
substantial loss of power due to heterogeneity in the individual cohorts.208  
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Aims & Objectives 

The overarching objective of this thesis is to investigate how genetic and 
environmental factors independently and jointly affect cardiometabolic traits.  

The Specific Aims are: 

Paper I: to investigate whether the risk of obesity associated with SSB and 
artificially sweetened beverages (ASB) intake is modified by genetic predisposition 
to obesity in two large Swedish cohorts: GLACIER and MDCS. 

Paper II: to systematically assess whether genetic variation in the FADS genes 
region modifies the association between dietary polyunsaturated fatty acid (PUFA) 
intake and cardiometabolic traits in the GLACIER cohort and to functionally 
annotate top-ranking signals to estimate their regulatory potential. 

Paper III: to conduct EWAS analyses in a longitudinal setting to screen modifiable 
lifestyle factors associated with cardiometabolic risk in a sub-cohort of the 
Västerbottens Hälsoundersökning study (in English “Västerbotten Health Survey”, 
VHU; also known as the Västerbotten Intervention Study) 

 

 

 

 

 



 

36 

 



 

37 

Materials and Methods  

Below is the brief summary of study materials and methods. Detailed information 
about cohort description, clinical data measurements, genotyping information, and 
statistical methods is provided in each manuscript. 

Study populations 

In this thesis, we tested different hypotheses mainly using sub-cohorts of the VHU. 
A sub-cohort of VHU called GLACIER (cohort registration number: 
ISRCTN35275922) has genotype information available.  

VHU is a prospective, population-based cohort study from a sub-Arctic population 
in Västerbotten county in northern Sweden. In the 1970s and early 1980s, 
Västerbotten had the highest CVD mortality in Sweden with 720/100,0000 
inhabitants per year among adults.209 VHU was designed to monitor risk factors and 
ultimately reduce the local morbidity and mortality from CVD and diabetes. Since 
1984, all adult residents in Västerbotten were invited to participate in a 
comprehensive health survey at the age of 30, 40, 50, and 60 years. Recruitment of 
people at age 30 years was subsequently discontinued owing to resource constraints. 
Participants were requested to fast overnight before visiting their primary care 
center. Blood samples were drawn by trained nurses and stored at the Northern 
Swedish Biobank in Umeå. Paper I and Paper II used the sub-cohort GLACIER in 
which around 6,000 participants were genotyped with the MetaboChip array.210 
Another sub-cohort of VHU, including 69,765 participants with 94,991 health 
examinations, was used for the analyses in Paper III, among which 18,493 
participants underwent a 10-year follow-up examination and a further 1,793 
participants also had 20-year follow-up examinations. The Regional Ethical Review 
Board in Umeå approved the study protocol and all study participants provided 
written informed consent as part of VHU. 

The MDCS is a prospective, population-based cohort study from the southern 
Swedish city of Malmö.211 The study was a joint effort between the International 
Agency for Research on Cancer (IARC), the Swedish Cancer Society, the Swedish 
Medical Research Council and the Faculty of Medicine, Lund University, Sweden. 
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Between 1991 and 1996, all residents born between 1926 and 1945 living in Malmö 
were invited to participate in the study through letters and advertisements in local 
newspapers and public places.212 The primary aim of the MDCS was to investigate 
the plausible associations between dietary factors and certain types of cancers.211 As 
time went on, diabetes and cardiovascular diseases research has also been 
intensively conducted within MDCS. In the analyses for Paper I, we selected 
participants with complete dietary data regarding SSB and ASB consumption, 
genetic information and excluded those with T2DM, CVD, and cancer. In total, 
21,824 participants in MDCS were eligible for the analyses. The ethics committee 
at Lund University approved the MDCS protocols and all participants provided 
written informed consent.  

Study specific methods 

Clinical characteristics 

In both GLACIER and MDCS, body weight was measured with a balance-beam 
scale to the nearest 0.1 kg and height to the nearest 1 cm with a wall-mounted 
stadiometer, allowing participants to wear indoor clothing and no shoes. BMI was 
then calculated as weight in kilograms divided by the square of height in meters. In 
VHU (Paper II and Paper III), capillary blood was drawn following an overnight 
fast and a second draw was carried two hours after a 75g oral glucose load. Blood 
glucose and serum lipid levels were then measured with the Reflotron bench-top 
analyzer (Roche Diagnostics Scandinavia AB). LDL-C levels were calculated using 
the Friedewald formula.213 Blood pressures were measured once using mercury-
gauge sphygmomanometer. From 2009 onwards, serum lipids were analyzed using 
clinical chemical analysis and blood pressure was measured twice in a sitting 
position and the average was used for analyses. More details about the clinical data 
sampling are given in each paper. 

Diet and lifestyle measurement 

In the VHU study, socio-economic factors, general health, psychosocial factors, 
tobacco/alcohol consumption of the participants were obtained using standard 
questionnaires. Physical activity was assessed through a modified version of the 
International Physical Activity Questionnaire.214 A semi-quantitative food 
frequency questionnaire (FFQ) was used to quantify the dietary habits during the 
past year.215 The FFQ initially consisted of 84 independent or aggregated food items 
and beverages and had been used until the mid-1990s. Since 1996, the FFQ was 
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shortened to 66 items by combining similar items or removing items that provided 
minimal unique information. Portion size, which ranged from never to ≥ 4 
servings/day, was used to quantify the general portion size of staple foods 
(potato/pasta/rice), vegetables, and primary protein source (meat/fish). Total energy 
intake was calculated based on the nutritional values available through the Swedish 
Food Composition Database.216 In Paper I, the 9-level frequency scale of SSB 
intake (never, occasionally, 1–3 times/month, 1 time/week, 2–3 times/week, 4–6 
times/week, 1 time/day, 2–3 times/day, 4 times/day) was recoded into four 
categories: seldom, ≤ 2 times/year; low, 1–3 times/month; medium, 1–3 times/week; 
and high, ≥ 4 times/week to align the ranges within the four categories of SSB intake 
in the MDCS. ASBs consumption data was not available in GLACIER. In Paper 
II, dietary n-3 PUFA was calculated by summing the intakes of α-linolenic, 
eicosapentaenoic acid (EPA), and docosahexaenoic acid (DHA) intakes. Dietary n-
6 PUFA was calculated by summing the intakes of linoleic acid and arachidonic 
acid (ARA). Total PUFA is the sum of n-3 PUFA and n-6 PUFA intake. In Paper 
III, some of the dietary variables were collapsed into single items according to 
suggestions offered by Swedish Board of Agriculture.217 The categorical variables 
that were not ordinal were further converted into binary variables (described in 
detail in the paper). A total of 108 numeric and 52 categorical variables were 
included in the analyses.  

In MDCS, dietary intake was assessed using both a 7-day food menu booklet and a 
168-item FFQ. A 45-minutes interview was conducted to acquire additional 
information such as cooking methods and product choice. Mean daily food intake 
(g/d) was calculated based on the information above. Season, as a variable, was 
added as a covariate to adjust for its potential confounding effects on dietary habits. 
Models were further adjusted for dietary assessment methods as a minor change was 
implemented in September 1994. SSB in MDC included both carbonated and 
noncarbonated beverages but not juice. ASB were defined as beverages sweetened 
with low-energy or energy-free sweeteners instead of sugar.  

Both VHU and MDCS used the Swedish Food Composition Database as the 
reference to calculate nutrient and energy content. When necessary, additional 
harmonization is done by dichotomizing the variables. 

Genotype data  

In GLACIER (Paper I and II), genomic DNA was extracted from peripheral 
leukocytes and diluted to 4 ng/μl.218 Genotyping was performed using 
MetaboChip.210  In MDCS (Paper I), genomic DNA was extracted from whole 
blood samples using Qiagen Maxipreps. Genotyping was performed using a 
Sequenom MassArray. For SNPs in which the Sequenom genotyping failed, 
TaqMan or KASParallelic discrimination on an ABI 7900HT (Applied Biosystems) 
was conducted. 
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In Paper I, the original plan was to use 32 BMI-associated SNPs identified through 
GWAS137,138 to construct a GRS. For those SNPs not present in MDCS or 
GLACIER, we use the web-based tool SNAP219 to identify highly correlated SNP 
proxies. To facilitate comparison and subsequent meta-analysis, we excluded the 
missing SNPs with no proxies available from both cohorts. We replaced the missing 
genotypes with the mean in both cohorts for participants with >60% of the genotype 
information available (>18 SNPs genotyped out of 30 SNPs) as previously 
described.220 We constructed a GRS for each individual by summing up the number 
of risk alleles for the 30 BMI-associated loci. A second weighted GRS (wGRS)221 
based on the published effect sizes of the BMI-related SNPs was also constructed.  

In Paper II, we extracted the genotypic information for all available SNPs (N = 
290) in the FADS region (Chr.11:61317028-61416099, build 36). Under the 
hypothesis that the regulatory regions of these genes may be proximal to the exonic 
sites, we also extracted the genotypes for variants within 200 kb upstream and 
downstream of the FADS region (N = 436). Rare variants with minor allele count 
<10 were excluded (N = 284). Variants with a Hardy–Weinberg equilibrium P-value 
<0.0001 (0.05/436) were flagged but not excluded from the analyses, as potential 
deviations from expected genotype frequencies might reflect evolutionary 
processes, which were of special interest for the FADS region. In total, 442 variants 
were included in the analyses, of which 24% of SNPs had a minor allele frequency 
5% (Figure 4). Implementing the algorithm developed by Gabriel et al222 in 
Haploview,223 30 haplotype blocks covering the region were derived. Genotype 
values at each locus were coded as 0, 1, and 2, thereby assuming an additive effect 
of alleles. 

 

  

Figure 4. Minor allele frequency distribution of the SNPs on MetaboChip in the FADS1-FADS2-FADS3 gene 
cluster  
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Statistical Methods  

Statistical analyses in Paper I were performed using SPSS version 20.0 (IBM) in 
MDCS and SAS version 9.4 (SAS Institute) in GLACIER. Meta-analysis in Paper 
I was performed using Stata Version 12 (StataCorp) Statistical analyses for Paper 
II and Paper III were performed using R software v3.2.2.224 Additionally, PLINK 
v1.07,225 gPLINK v2.050,225 and Haploview223 were used for extraction of genotype 
data to reconstruct of the haplotypes in Paper II 

Linear regression 

In Paper I, we applied generalized linear regression models by fitting BMI as the 
dependent variable and the interaction term (GRS×SSB or GRS×ASB) together 
with their marginal effect terms. The basic model was adjusted for age, sex, and 
study-specific covariates (Equation 1). In GLACIER, we added FFQ version as a 
study-specific covariate. In MDCS, season was included as a study-specific 
covariate in the analyses. In a secondary model, we further added physical activity, 
smoking, alcohol consumption, and total energy intake as covariates to account for 
their potential confounding effects (Equation 2).  

Equation 1. ܫܯܤ	 ൌ ߙ	 ൅ 	௔௚௘ߚ ൅	ߚ௦௘௫ ൅ ௩௔௥௜௔௕௟௘	௦௣௘௖௜௙௜௖	௦௧௨ௗ௬ߚ ൅ ோௌீߚ ൅ ௌௌ஻/஺ௌ஻ߚ ൅
ோௌൈௌௌ஻/஺ௌ஻ீߚ ൅   ߝ

Equation 2.	ܫܯܤ	 ൌ ߙ	 ൅ 	௔௚௘ߚ ൅	ߚ௦௘௫ ൅ ௩௔௥௜௔௕௟௘	௦௣௘௖௜௙௜௖	௦௧௨ௗ௬ߚ ൅ ௉஺ߚ ൅ ௦௠௢௞௜௡௚ߚ ൅
௔௟௖௢௛௢௟ߚ ൅ ாூ்ߚ ൅ ோௌீߚ ൅ ௌௌ஻/஺ௌ஻ߚ ൅ ோௌൈௌௌ஻/஺ௌ஻ீߚ ൅   ߝ

Here, ߙ is the intercept; GRS, genetic risk score; SSB, sugar-sweetened beverages; 
ASB, artificial sweetened beverages; PA, physical activity; TEI, total energy intake. 

In Paper II, we performed generalized linear regression modelling to assess the 
pairwise interaction effects for the six candidate SNPs found to modulate fatty acid 
composition 226 and dietary PUFA intake with a range of cardiometabolic traits as 
outcome variables. To control for the confounding effects from total energy intake, 
we regressed PUFA intake on total energy intake to compute residuals and added 
residuals along with total energy intake in the model. We further adjusted the models 
for age, age2, sex, FFQ version, and the first four genomic principal components to 
account for population stratification. The model with body weight as the outcome 
was additionally adjusted for height (Equation 3). As lipid traits (HDL-C, LDL-C, 
triglycerides, and total cholesterol) and blood glucose (2h-glucose, and fasting 
glucose) can fluctuate with the fasting states, we added fasting status known (1/0 
for yes vs. no) and fasting hours (0/1 for >8h vs. 4-8h) as dummy covariates 
(Equation 4).   

Equation 3. ܹ݄݁݅݃ݐ ൌ ߙ ൅ 	௔௚௘ߚ ൅ 	௔௚௘૛ߚ ൅ ௦௘௫ߚ ൅ ௩௘௥௦௜௢௡	ிிொߚ ൅ ௌே௉ߚ ൅ ாூ்ߚ ൅
௛௘௜௚௛௧ߚ ൅ ௉஼ଵିସߚ ൅ ௉௎ி஺.௥௘௦௜ௗ௨௔௟ߚ ൅ ௌே௉ൈ௉௎ி஺.௥௘௦௜ௗ௨௔௟ߚ ൅  ߝ
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Equation 4. ݈݅݁ݏ݋ܿݑ݈݃/ݏ݀݅݌ ൌ ߙ ൅ 	௔௚௘ߚ ൅ 	௔௚௘૛ߚ ൅ ௦௘௫ߚ ൅ ௩௘௥௦௜௢௡	ிிொߚ ൅ ௌே௉ߚ ൅
ாூ்ߚ ൅ 	௦௧௔௧௨௦	௙௔௦௧௜௡௚ߚ ൅ 	௛௢௨௥௦	௙௔௦௧௜௡௚ߚ ൅ ௉஼ଵିସߚ ൅ ௉௎ி஺.௥௘௦௜ௗ௨௔௟ߚ ൅
ௌே௉ൈ௉௎ி஺.௥௘௦௜ௗ௨௔௟ߚ ൅  ߝ

Here, ߙ is the intercept; ε is the error; TEI, total energy intake. 

Meta-analysis  

In Paper I, we conducted both fixed-effects and random-effects meta-analysis using 
the inverse variance-weighted average method (IVW) to pool the results from 
MDCS and GLACIER. The meta-analysis revealed a low heterogeneity statistic in 
the random-effect meta-analysis; thus, we only reported the results from the fixed-
effect models.  

Gene-/haplotype-centric analyses 

We performed region-wide and haplotype-wide interaction and joint tests with 
dietary PUFA intake for different cardiometabolic traits in Paper II. Based on the 
assumption that rare variants may convey larger underlying effects than we 
expected, we applied a weighting method used in Sequence Kernel Association Test 
(SKAT)227 in which the weights of rare variants are greater than the weights of the 
common variants. We conducted the G-E interaction tests with fixed genetic effects 
(INT-FIX), with random genetic effects (INT-RAN), and joint association and 
interaction effects (JOINT), while adjusting for covariates (same covariates as the 
interaction tests for single-variants). Then we applied Bonferroni correction for 
adjustment of multiple testing. As the dietary PUFA variables (n-3 PUFA, n-6 
PUFA, and total PUFA) are correlated, as are the cardiometabolic traits, we 
calculated the effective number of environmental factors (1.37 out of 3) and 
phenotypic traits (7.38 out of 8).228 Accordingly, P≤0.005 [0.05/(7.38×1.37)] was 
considered as statistically significant in gene-centric analysis. P≤0.002 [0.05/30] 
was considered statistically significant in haplotype-centric analysis (only one 
environmental exposure and outcome used here). 

Functional annotation  

In Paper II, most of the original candidate SNPs226 and variants in the haplotype 
blocks showing evidence for interaction were located in the non-coding region of 
the genome. To pinpoint the most likely causal genetic variants, we applied a series 
of tools to functionally annotate the genetic variants. Firstly, we used 
CHromHMM229 to systematically classify the chromatic states of the variants into 
enhancers, repressors, promoters, insulators or other states in nine human cell lines. 
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With another online database, 3DSNP,230 we ranked the candidate variants and the 
variants in the same linkage disequilibrium (LD) block (r2>0.8) based on their 
functionality score. We prioritized the variants with higher functionality score than 
their original counterparts in the subsequent steps of the analysis. The functionality 
score was assigned based on six functional parameters: i) evidence for disruption of 
transcription factor binding sites (TFBS); ii) evolutionary conservation; iii) ability 
to alter sequence motifs; iv) being located in a promoter region; v) being located in 
an enhancer region; and vi) number of topological interactions with distant genomic 
regions (genes and/or variants) via chromatin loops.230 We illustrated the functional 
parameters of the top-ranking SNPs in radar charts (one example presented in Figure 
7). Topological features of these SNPs were shown in Circos plots (Figure 8). We 
obtained serum lipids quantitative trait locus (QTL) and expression QTL (eQTL) 
information for these variants using HaploReg.231 We performed gene ontology 
enrichment analysis on distal interacting genes using the PANTHER 
Overrepresentation Test to identify relevant biological processes and pathways.232 

Environment-wide association study (EWAS) 

In Paper III, we performed EWAS analyses to assess the relationships of ~160 
environment exposures with cardiometabolic traits from >16,000 adults living in 
northern Sweden. EWAS is an analogous approach to GWAS focusing on 
environmental variables. Taking advantage of the repeatedly measured 
environmental data in the VHU sub-cohort (Figure 5), we ran linear mixed 
regression to model the average linear effects of environmental variables on 
cardiometabolic traits (Equation 5). We modeled the individual differences by 
assuming different random intercepts for each participant. The models for BMI and 
blood pressure were adjusted for age, age2, sex, FFQ version (only for dietary 
variables) and follow-up years. Models for lipid and glucose traits were additionally 
adjusted for fasting states. We adopted a conventional Bonferroni correction to 
control for multiple testing: P≤3.47×10-5[0.05/(9×160)] was considered statistically 
significant. We further sorted all experiment-wide significant results into 10 discrete 
categories that might represent targets for lifestyle interventions: i) alcohol 
consumption; ii) non-alcoholic beverage consumption; iii) food; iv) nutrients; v) 
general health; vi) physical activity & fitness; vii) psychosocial; viii) sleep; ix) 
social conditions; and x) tobacco use. Then, we rank-ordered these variables within 
each category by the variance explained (R2) in each outcome and, for the sake of 
simplicity, focus on the top five variables from each category.  

Equation 5. ܶݐ݅ܽݎ ൌ ߙ ൅ ௘௫௣௢௦௨௥௘ߚ ൅ 	௔௚௘ߚ ൅ 	௔௚௘૛ߚ ൅ ௦௘௫ߚ ൅ ௖௢௩௔௥௜௔௧௘௦	௢௧௛௘௥ߚ ൅
ሺ1|ݐ݊ܽ݌݅ܿ݅ݐݎܽ݌ሻ ൅  where 1|participant represents different random intercepts for ,ߝ
each participant, and FFQ version is added as additional covariate only for dietary 
variables.    
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We additionally tested whether those lifestyle variables were associated with long-
term changes of cardiometabolic traits (∆Trait) using linear regression model 
(Equation 6).  

Equation 6. ∆ܶݐ݅ܽݎ ൌ ߙ ൅ ௘௫௣௢௦௨௥௘ߚ ൅ 	௔௚௘.஻ߚ ൅ 	௔௚௘.஻૛ߚ ൅ ௔௚௘.ிߚ ൅ ௦௘௫ߚ ൅
௖௢௩௔௥௜௔௧௘௦	௢௧௛௘௥ߚ ൅  where age.B is the age at baseline and age.F is the age at ,ߝ
follow-up, and FFQ version is added as additional covariate for dietary variables.    

 

 

Figure 5. Venn diagram showing the distribution of participants on the three visits. The overlap represents the 
participants having mutiple visits.  
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Results and Discussion   

Paper I 

Overweight and obesity increase the risk of T2DM, hypertension, and CVDs and 
have become one of the most serious public health challenges in the modern times.48 
Numerous epidemiological studies, including clinical trials, have shown a strong 
positive associations between SSB intake and BMI.184,233-235 Trumbo et al conducted 
a systematic review of 59 observational and 17 interventional studies and found 
inconsistent evidence of the association between SSB intake and BMI after 
adjusting for total energy intake.236 The inconsistency of the evidence may be partly 
attributed to G-E interactions. Qi et al analyzed data from three large US cohorts 
(N~33,000) and observed a more pronounced genetic association with adiposity 
among individuals with higher consumption of SSB, but not with the consumption 
of ASB.206 These exciting results motivated us to seek replication of these findings, 
as described in Paper I. 

We constructed a GRS based on 30 BMI-associated SNPs in MDCS and GLACIER. 
Firstly, we tested the association of SSB, ASB (only in MDCS), and the GRS on 
BMI. In the meta-analysis, each increment in SSB intake category was associated 
with 0.18 kg/m2 average increase of BMI (standard error [SE]=0.02, P=1.7×10-20).  
Notably, each increment in ASB intake category was shown to be associated with 
0.64 kg/m2 average increase of BMI in MDCS (SE=0.04, P=3.9×10-58). Overweight 
or obese people may choose artificial sweeteners over sugar as means to lose 
weight.237 Another possible mechanism can be that the artificial sweeteners do not 
stimulate insulin secretion thus cannot suppress appetite, leading to increased total 
energy intake.238 In addition, ASB may modulate microbiota composition and 
microbial metabolic pathway which links to glucose intolerance in the host.239  

The main focus of this paper was to investigate the interaction effects between 
SSB/ASB and genetic predisposition to BMI. There was a statistically significant 
interaction (Pint=0.02) between the GRS and SSB intake (defined either as four 
categories – seldom, low, medium, and high intake –, or as dichotomized intake – 
seldom-to-low consumption vs medium-to-high consumption). The magnitude of 
the association between the GRS and BMI was greater at higher levels of SSB 
consumption. Further adjusting for potential confounding factors (e.g. season, and 
evaluation method) did not materially change the magnitude of the interaction. In 
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the lifestyle-adjusted pooled analysis with dichotomized SSB intake, each 10-unit 
increment of the GRS was associated with a mean 1.31 kg/m2 higher BMI (SE=0.11) 
in individuals reporting medium-to-high SSB intake (P=1.2×10-33). Among 
participants reporting seldom or low SSB intake, each 10-unit increment of the GRS 
was associated with a 0.83 kg/m2 (SE=0.09) higher in BMI (P=6.0×10-21). Similar 
results were obtained using the wGRS. We also reported the results of the 
association between SSB intake and BMI by GRS categories (Figure 6). In the 
pooled analyses, each SSB category increment was associated with 0.15 kg/m2 
(SE=0.04) increment of BMI (P=1.3×10-4, n=6835) in the lowest GRS quartile, 
compared with 0.24 kg/m2 (SE = 0.04) increment of BMI (P=2.9×10-8, n=6766) in 
the highest GRS quartile. In accordance with Qi et al,206 we did not observe any 
interaction between ASB and genetic predisposition. 

 

 

Figure 6. The association between SSB intake and BMI in MDC (N=21,824), GLACIER (N=4,905) and pooled 
data stratified by quantiles of the GRS. Analysis were adjusted for age, sex, alcohol consumption, smoking, 
physical activity, total energy intake, and other cohort specific variables. Inverse-variances weighted fixed effect meta-
analysis was used for the pooled analysis.  

 

It is important to bear in mind that the current study is a cross-sectional study in 
nature and SSB and ASB intake were assessed using self-administered 
questionnaires. We attempted to meta-analyze two cohorts to maximize the 
statistical power, but the SSB intake was assessed differently in each cohort, which 
may have increased heterogeneity and thus reduced statistical power. Specifically, 
a 7-day food diary was used to evaluated SSB intake in the MDCS which may have 
resulted in a larger number of seldom consumers than in the GLACER cohort, in 
which an FFQ was implemented. The first quantile of SSB intake group in MDCS 
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consisted of zero-consumers only, which was not the case in GLACIER. All of these 
differences may partially explain why the GLACIER population demonstrated a 
more noticeable volume-dependent trend on BMI for SSB intake.  

Paper II  

The FADS gene cluster encodes the key regulating enzymes in PUFA metabolism. 
Genetic variants in FADS had been previously associated with blood lipids, 
glycemic traits and clinical endpoints such as T2DM and CVD.240 In a recent study, 
Fumagalli et al identified six SNPs in the FADS region showing strong positive 
selection among Greenlandic Inuit,226 a population isolate in the Arctic circle. The 
extreme, cold weather in the Arctic makes the region unsuitable for agriculture or 
animal husbandry, which forces the Inuit to subsist predominantly on marine food. 
The traditional Inuit diet has high levels of monounsaturated and n-3 PUFAs, which 
may have placed certain genetic variants regulating fat desaturation under selective 
pressure. Fumagalli et al found associations between these six SNPs and multiple 
quantitative traits, including bloods lipids and glucose, with the strongest effects 
seen on body weight and height.226 These associations remained statistically 
significant after adjusting for other variants in the FADS gene cluster, indicating that 
these were independent associations. Thus, we systematically examined the 
presence of gene × dietary PUFA interactions at the FADS1-FADS2-FADS3 gene 
cluster across multiple cardiometabolic traits in a population isolate from the north 
of Sweden. 

The most robust interaction, from the tests involving the six SNPs above, was shown 
between rs174602 and n-3 PUFA intake on total cholesterol (Pint=0.001). When the 
participants were stratified by n-3 PUFA intake, the minor C allele at rs174602 was 
associated with decreased total cholesterol (P=0.02) among those with low n-3 
PUFA intake; no such trend was observed among those with high n-3 PUFA intake 
(P=0.50). The FADS gene cluster is well-known for its role in lipid metabolism and 
SNPs in FADS1 have also shown to be associated with fasting glucose in GWAS.241 
We observed an interaction between the FADS2 rs174570 and n-6 PUFA intake on 
fasting glucose level (Pint=0.005). For participants with high n-6 PUFA intake, the 
T allele at rs174570 was associated with decreased fasting glucose level (P=0.01). 
No association (P=0.34) was observed in participants who reported low PUFA-6 
intake. The possible biological mechanism of FADS variants influencing glucose or 
insulin metabolism is that the modulation of long-chain PUFA composition can 
influence membrane fluidity which further leads to changes of the number of insulin 
receptors and their affinity to insulin.242 
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The associations found in Greenlandic Inuit population may not be the same in a 
northern Swedish population due to different diets and adaption of FADS genes.243 
Therefore, we extended our analyses to the entire FADS1-FADS2-FADS3 gene 
cluster to search for possible interaction signals. In the gene-centric analyses, we 
observed a significant interaction effect between the FADS gene cluster and n-3 
PUFA intake on triglycerides (PINT_RAN=0.005). Subsequently, we divided the FADS 
gene region into haplotypes and refined the interaction signal to haplotypes 
(haplotype-centric analyses) in relation to blood triglyceride levels. None of the 
haplotype block interactions surpassed the pre-defined threshold (P≤0.002); 
however, three haplotype blocks (haplotype block 12, 16, and 21) showed tentative 
evidence for interactions with n-3 PUFA on triglycerides.  

We functionally annotated all the genetic variants in these three haplotypes and the 
six variants226 originally reported, using ANNOVAR. We used ChromHMM to 
classify the variants of interest into enhancers, repressors, promoters, insulators or 
other chromatin states based on data from nine human cell types. A cluster of 
variants in haplotype 21 showed enhancer enrichment in chromatin state, two 
neighboring variants (rs187943834 and rs117518711) showed promoter states and 
one variant (rs7115739) showed an insulator state. Variants in haplotypes 12 and 16 
in HepG2 cells demonstrated much less regulatory states. rs174570 showed weak 
promoter, active promoter, or strong enhancer states across different cell lines. 
rs174602 showed weak transcription state in most of the cell lines.  

Using the eb-based database 3DSNP, we obtained information about distal 
interacting genes and prioritized lead variants based on SNP functionality scores. 
The variant rs174570 showed the highest functionality score (score=96.7, driven by 
promoter status) among all tagged SNPs. After re-ranking all variants by the leading 
SNP, the FADS2 intronic rs5792235 deletion (CA/C) showed the highest 
functionality score (score=218.8, driven by promoter and transcription binding site 
[TFBS] status), which is 18X larger than its original proxies, rs174599 
(score=12.13; r2=0.83) and rs174601 (score=11.69; r2=0.83). We show the proximal 
and distal interaction genes for rs5792235 using a Circos plot (Figure 8). Many of 
the distal interacting genes have shown to be related with lipids, glycaemia, and 
other cardiometabolic traits. These findings are supported by results generated using 
other functional annotation tools: for example, HaploReg eQTL analyses indicated 
that rs5792235 and its distal interacting variants are associated with glycemic and 
lipid traits in previous GWAS. All the evidence above suggests that rs5792235 in 
FADS2 is a potential causal variant in the region. 

There are a few limitations in the current study. One is that the dietary PUFA intake 
is derived from FFQs. Although the FFQ used in the VHU cohort has been carefully 
validated, self-reported method relies on the participants’ memory and is less 
accurate to measure the absolute intake of dietary PUFA. We are also aware of that 
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in-silico functional validation only provides suggestive evidence of functionality. In 
vitro experiments would offer more conclusive insights into the mechanism, but 
those analyses are beyond the scope of this study.  

 

 

Figure 7. Radar chart of rs5792235. The six axes of the hexagon represent functionality levels (0-100) for enhancer 
status, promoter status, transcription factor binding site, motifs, evolutionary conservation and 3D interacting genes, as 
suggested by 3DSNP. 
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Figure 8.   Circos plot based on rs5792235. The plot shows rs5792235 and its proxies (shown in black text around 
rs5792235). From outer to inner, the circles represent ChromHMM chromatin states, annotated genes (green), histone 
modification set (red), transcription factor set (blue), current variant (rs5792235) and associated variants, and 3D 
chromatin interactions, respectively. The three circles in the histone modification set are H3K4me1, H3K4me3, 
H3K27ac, and the three circles in the transcription factor set are CTCF, CEBPB and CEBPD. Color schemes for the 
ChromHMM chromatin states and the 3D interaction loops can be found at 
http://biotech.bmi.ac.cn/3dsnp/documentation/tutorials/ . 

Paper III  

EWAS are analogous to GWAS, in that they aim to screen many disease-related 
environmental factors in a hypothesis-free manner. EWAS have been used to 
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identify nutrients, pollutants, prescribed drugs, and lifestyle factors associated with 
diseases and quantitative traits.198,199,201-203,244 However, almost all published EWAS 
has been undertaken in cross-sectional settings. 

Table 2: Top variables associated with cardiometabolic traits  
Phenotype Exposures Class Value DF Effect p-Value R2 

BMI 

Fitness 
Physical 
activity 

7 16815 -0.05 5.13E-210 0.083 

Training or exercising 
during the last 3 

months 

Physical 
activity 

5 19264 -0.01 1.40E-44 0.061 

Processed meat Food  16195 0.01 1.64E-35 0.058 

HDL-C 

Alcohol Alcohol  2906 0.0198 1.40E-60 0.178 

Wine Alcohol  2828 0.0093 5.32E-43 0.180 

Secoisolariciresinol Nutrients  2967 0.0537 3.84E-34 0.168 

LDL-C 

Trans fat Nutrients  2833 0.0726 6.84E-21 0.042 

Palmitic acid Nutrients  2952 0.0596 1.57E-13 0.039 

Coffee Beverage  2978 0.0075 5.28E-13 0.039 

Triglyceride 

Fitness 
Physical 
activity 

7 15363 -0.0915 7.06E-92 0.097 

Training or exercising 
during the last 3 

months 

Physical 
activity 

5 16922 -0.0327 3.30E-47 0.073 

Smoking status 
Tobacco 

use 
5 17121 0.0275 1.31E-46 0.074 

Total 
cholesterol 

Palmitic acid Nutrients  16548 0.0837 6.09E-71 0.081 

Formic acid Nutrients  16428 0.0670 1.47E-64 0.081 

Carbohydrate Nutrients  16624 -0.0866 1.04E-50 0.079 

Fasting 
glucose 

Smoking status 
Tobacco 

use 
5 19386 0.0106 5.43E-28 0.049 

Training or exercising 
during the last 3 

months 

Physical 
activity 

5 19164 -0.0117 4.80E-21 0.050 

Trans fat Nutrients  15847 0.0308 3.29E-20 0.036 

2-h glucose 

Smoking status 
Tobacco 

use 
5 18272 -0.0214 4.78E-40 0.062 

Coffee Beverage  15713 -0.0080 3.13E-27 0.058 

Snuff status 
Tobacco 

use 
2 17158 -0.0125 4.04E-22 0.058 

Systolic 
blood 

pressure 

Education level Social 4 19793 -0.0126 2.99E-39 0.135 

Fitness 
Physical 
activity 

7 16772 -0.0206 9.80E-25 0.128 

Smoking status 
Tobacco 

use 
5 19421 -0.0063 8.45E-13 0.128 

Dystolic 
blood 

pressure 

Fitness 
Physical 
activity 

7 16825 -0.0291 3.40E-32 0.129 

Education level Social 4 19868 -0.0125 7.12E-27 0.129 

Training or exercising 
during the last 3 

months 

Physical 
activity 

4 19273 -0.0085 1.03E-21 0,124 

Value - category showing the strongest association in linear mixed model; DF – degree of freedom in the linear mixed 
model; Effect - effect size in the linear mixed model; p - P value in the linear mixed model; R2 - marginal R2 in the linear 
mixed model.     
  

In Paper III, we integrated a linear mixed model-based analyses into EWAS to 
analyze the relationships of ~160 environmental exposures with cardiometabolic 
traits using repeated measures data from >18,000 participants from a sub-cohort of 
VHU. Many of the associations were statistically significant at an experiment-wise 
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level, some of which were significant for all the traits: 75 exposure variables for 
BMI, 51 exposure variables for HDL, 12 exposure variables for LDL, 60 exposure 
variables for triglycerides, 50 exposure variables for total cholesterol, 40 exposure 
variables for fasting glucose, 27 exposure variables for 2-h glucose, 27 exposure 
variables for SBP, and 33 exposure variables for DBP. Table 2 summarizes the top-
three exposures associated with each cardiometabolic trait. 

The modifiable exposure variables identified through these EWAS analyses may be 
informative for the design of health-promoting lifestyle interventions. Therefore, we 
sorted all experiment-wide significant exposure variables into 10 discrete categories 
(described in Methods). We ranked the index variables by the variance explained 
(R2) for their respective outcome traits and summarized the top five variables within 
each category (the detailed results can be found in the manuscript). ‘education 
level’, ‘smoking, ‘amount of exercise in the last 3 months’, ‘aerobic fitness’, ‘self-
reported health’, ‘heptadecanoic acid’, and ‘soda/soft drinks/juice’ demonstrated 
strong associations with at least five out of eight cardiometabolic traits. However, 
the exposure variables that are generally on the list of public health 
recommendations such as consumption of ‘animal protein’, ‘bananas’, and ‘fiber’ 
and ‘iron’ were only associated with one of the traits, suggesting that modifying 
these specific exposures may have minimal impact on overall cardiometabolic 
health.  

A noteworthy finding from the EWAS analysis is that the odd-chain fatty acid 
(OCS-FA) ‘heptadecanoic acid’ (C17:0) was associated with six out of eight 
cardiometabolic traits (Table 3). Another OCS-FA ‘pentadecanoic acid’ (C15:0) 
was associated with four traits, although explaining a much smaller degree of 
variance in the traits than did heptadecanoic acid (Table 4). These OCS-FAs are 
exogenous in origin, mostly deriving from consumption of dairy products, veal, 
beef, lamb, and mutton. Wolk et al evaluated the OCS-FA content in diet for 81 
healthy women and found that C17:0 accounts for 10.61% of milk fat and 0.81% of 
ruminant fat; C15:0 accounts for 1.05% of milk fat and 0.43% of ruminant meat fat. 
The positive association between OCS-FAs and milk fat makes OCS-FA become 
biomarkers of dairy intake in epidemiological studies.245 Khaw et al investigated the 
effect of plasma phospholipid fatty acids on the risk of CHD in ~25,000 individuals 
from the EPIC-Norfolk study and found OCS-FA was protective from CHD.246 
Another study conducted by the same group also found OCS-FA was inversely 
associated with the incidence of T2DM.247 To our knowledge, this is the first time 
to show that heptadecanoic acid and pentadecanoic acid are associated with a range 
of intermediate cardiometabolic markers. 
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Table 3. The association between heptadecanoic acid and cardiometabolic trait  

Phenotype DF.LMM Effect.LMM p.LMM R2.LMM 

BMI 16475 -0.006 0.0003 0.056 

HDL 2915 0.033 3.27E-08 0.038 

LDL 2923 0.038 2.10E-14 0.165 

Triglyceride 14484 0.003 0.5868 0.066 

Total cholesterol  16386 0.048 1.99E-45 0.079 

Fasting glucose 16336 -0.015 9.37E-10 0.043 

2-h glucose 15449 -0.027 1.99E-11 0.055 

Systolic blood pressure 16355 -0.009 1.23E-05 0.124 

Diastolic blood pressure 16355 -0.009 1.23E-05 0.124 

Table 4. The association between  pentadecanoic acid and cardiometabolic trait 

Phenotype DF.LMM Effect.LMM p.LMM R2.LMM 

BMI 16475 -0.005 0.0063 0.056 

HDL 2923 0.037 8.29E-13 0.165 

LDL 2915 0.035 1.79E-08 0.039 

Triglyceride 14484 0.004 0.3638 0.066 

Total cholesterol  16386 0.049 1.13E-44 0.079 

Fasting glucose 16336 -0.014 4.38E-08 0.043 

2-h glucose 15449 -0.027 2.51E-10 0.055 

Systolic blood pressure 16355 -0.009 1.02E-05 0.124 

Diastolic blood pressure 2882 0.011 0.0364 0.082 

DF.LMM, degree of freedome in the linear mixed model; Effect.LMM, effect size in linear mixed model; p.LMM, p value 
in linear mixed model; R2, variance explained in linear mixed model. The models for BMI and blood pressure were 
adjusted for age, age2, sex, FFQ version (for dietary variables) and follow-up years. Models for lipids and glucose traits 
were additionally adjusted for fasting states.  

In the longitudinal linear regression model EWAS analyses, we identified several 
environmental exposures associated with long-term change of cardiometabolic 
traits. Snuff (a type of oral tobacco popular in Sweden) use was associated with an 
increase on BMI. Long commute distance to work was negatively associated with 
triglyceride concentrations. ‘Amount of exercise undertaken in the last 3 months’, 
‘trans fat’, ‘formic acid’, ‘butter/margarine’, ‘education’, and ‘heptadecanoic acid’ 
were statistically associated with long term change of total cholesterol. ‘Having only 
coffee or tea for breakfast’ was associated with low fasting glucose. ‘Smoking’ was 
associated with increased systolic blood pressure and diastolic blood pressure. 

We believe the current analysis is the first of its kind to systematically screen 
environmental factors in a longitudinal setting. With the EWAS approach, we were 
able to utilize all available data collected in an epidemiological study to discover 
novel environmental exposures affecting disease risk. However, we have to keep in 
mind that the environmental exposures were assessed with self-administered 
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questionnaires, which are likely prone to bias. Thus, the key findings from these 
analyses should be validated using independent methods and materials. Moreover, 
the current analyses include both numeric and categorical variables, which 
complicates the interpretation of the data. Finally, many of the independent 
variables are strongly related with each other, and we have not determined which of 
these is most likely to be causal and which are merely correlates.  
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Summary and conclusion  

In Paper I, we aimed to evaluate whether SSB intake modulate the genetic 
predisposition to obesity using a GRS based on the published BMI-associated SNPs. 
In Paper II, I took the challenge to screen the G-E interaction signals in the FADS 
genetic region comprised of hundreds of SNPs. In Paper III, we focused on the 
environmental risk factors of cardiometabolic traits, where we conducted EWAS 
analyses using a longitudinal dataset to identify environmental factors useful for 
designing intervention studies.  

The major findings in these papers are:  

In Paper I, SSB consumption have a more pronounced effect on obesity among 
individuals genetically predisposed to obesity, to whom a healthy lifestyle specially 
reduction of SSB consumption should be suggested. The interaction effects we 
observed in the Swedish population showed a similar magnitude to the previous 
analysis in the American population. 

In Paper II, the FADS genetic variants demonstrated interaction signals with dietary 
PUFA intake on cardiometabolic traits. In the single genetic variant analysis, the 
strongest interactions were observed between rs174602 and n-3 PUFA intake on 
total cholesterol, and between rs174570 and n-6 PUFA intake on fasting glucose. 
With the gene- and haplotype-centric analyses, we narrowed down 3 haplotype 
blocks showing tentative interaction effects with n-3 PUFA on triglycerides. In 
silico function annotation for those candidate SNPs suggested that multiple 
functional variants might exist and we identified rs5792235 FADS2 as a potential 
causal variant in the region.  

In Paper III, a large number of environmental exposures showed environmental-
wide associations with the studied cardiometabolic traits. By sorting the significant 
variables into discrete intervention categories and ranking them by r2, education 
level, amount of exercise undertaken during the last 3 months, aerobic fitness, state 
of health during the last year, heptadecanoic acid, SSB, commuting to work, and 
wine consumption showed significant associations with ≥5 cardiometabolic traits. 
Heptadecanoic acid showed a significant association with cardiometabolic traits for 
the first time.  
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Future perspectives 

In the past decade, much effort in the area of genetic epidemiology of 
cardiometabolic diseases has been invested in the identification of genetic variants 
associated with these diseases. GWAS studies, together with more recent exome- 
and whole-genome sequencing studies have successfully identified thousands of 
genetic loci associated with cardiometabolic diseases. However, these identified 
variants do not explain all of the predisposition to cardiometabolic diseases; much 
of the remainder is likely attributable to environmental exposures and their 
interactions with genetic variants, which are the major focus of this thesis.   

The study of G-E interactions has undergone several phases, from testing a priori 
biologically-driven hypotheses to testing candidate loci derived from GWAS 
analyses. In order to maximize statistical power, most of these studies have focused 
on common variants. A number of sophisticated analytical methods testing the 
cumulative effects of the rare variants have been developed.248 However, many of 
them have only been tested in simulation studies and need to be carefully validated 
in different populations. In Paper II, applied a region-based approach to screen G-
E interaction signals in a genetic region with multiple rare variants. After detecting 
several putative interaction signals, we functionally annotated the top-ranked 
haplotypes using public available databases and identified the variants most likely 
to be functional. The validation of our findings in experimental studies would 
strengthen our conclusions, where the underlying mechanisms can be scrutinized in 
greater detail.  

G-E interaction studies can also be improved by better exposure assessment. So far, 
a large number of epidemiological studies have primarily relied on self-report 
methods to quantify the environmental exposures (also a limitation of the current 
studies). However, the exposome is often highly complex and most existing studies 
do not account for this. The exposome concept has been gaining attention in the last 
decade and several EWAS have been conducted with the hope of discovering novel 
environmental risk factors associated with diseases. With the epidemiological data 
collected in VHU, we conducted EWAS analyses in Paper III. Environmental 
factors identified by EWAS provide good candidates for further G-E interaction 
analyses. A number of research groups have developed methods to use metabolites 
and gut microbial features to derive objective signatures of diet and other 
exposures.249,250 Wearable devices offer a complimentary approach for the objective 
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assessment of environmental exposures such as sleep, stress and physical activity. 
Mobile phone apps have also been developed to record dietary intake and 
psychosocial interactions.  
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