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traits. Focus on metabolic profiling of lipid-lowering therapies and fatty liver, and
the role of genetic factors in inflammatory load
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Acta Univ. Oul. D 1512, 2019
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Abstract

Metabolic syndrome is a constellation of metabolic abnormalities predisposing to cardiovascular
diseases (CVD), type 2 diabetes, and increased mortality. Due to the high prevalence and severe
co-morbidities, metabolic syndrome constitutes a major burden for both public health and the
global economy. Improved understanding of the detailed molecular mechanisms could provide
novel strategies for the treatment and preferably prevention of the metabolic syndrome-related
health issues.

Recent advancements in ‘omics’ technologies have facilitated the development of novel tools
to examine the links between genetic variation and human health. The new techniques allow
determination of millions of genotypes or quantification of hundreds of metabolic measures from
a single blood sample. In this thesis, genomics and metabolomics approaches are coupled to
improve our understanding of the metabolic syndrome-related health issues. More precisely, my
projects evaluate the metabolic effects of two lipid-lowering therapies and non-alcoholic fatty
liver, as well as assess genetic determinants of chronic inflammation.

The present results indicate generally consistent metabolic effects of statins and proprotein
convertase subtilisin/kexin type 9 (PCSK9) genetic inhibition. The subtle discrepancies observed
could potentially contribute to differences in the efficacy to lower CVD risk between statins and
PCSK9 inhibitors. The dissimilar metabolic effects of the four genetic variants that increase the
risk of non-alcoholic fatty liver disease (NAFLD) highlight the heterogeneity of the molecular
mechanisms involved in NAFLD pathogenesis. The results further suggest that fatty liver by itself
might not promote unfavourable metabolic aberrations associated with fatty liver on a population
level. The newly identified loci associating with inflammatory phenotypes elucidate the genetic
mechanisms contributing to the inflammatory load. In particular, the present results suggest the
important role of the locus determining the ABO blood types in the regulation of the soluble
adhesion molecule levels.

To conclude, this thesis successfully complements the knowledge of the molecular
mechanisms involved in metabolic syndrome-related traits and provides examples of how to
couple omics technologies in the study of complex traits or in the evaluation of drug effects.

Keywords: biomarkers, cardiovascular disease, chronic inflammation, genetics, GWAS,
lipid-lowering medication, Mendelian randomization, metabolic syndrome,
metabolomics, molecular epidemiology, non-alcoholic fatty liver, PCSK9, type 2
diabetes





Sliz, Eeva, Metaboliseen oireyhtymään liittyvien ominaisuuksien genetiikkaa ja
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Tiivistelmä

Metabolinen oireyhtymä on tila, jossa useiden aineenvaihdunnallisten riskitekijöiden kasautumi-
nen suurentaa riskiä sairastua tyypin 2 diabetekseen ja sydän- ja verisuonitauteihin sekä lisää
kokonaiskuolleisuutta. Vakavista liitännäissairauksista ja suuresta esiintyvyydestä johtuen meta-
bolinen oireyhtymä kuormittaa merkittävästi sekä terveydenhuoltoa että kansantaloutta. Jotta
metabolisen oireyhtymän hoitoon ja ennaltaehkäisyyn voitaisiin kehittää uusia keinoja, on tärke-
ää ymmärtää paremmin oireyhtymän syntyyn vaikuttavat täsmälliset molekyylimekanismit.

Niin sanottujen ’omiikka-tekniikoiden’ viimeaikainen kehitys tarjoaa uusia mahdollisuuksia
tutkia geenimuutosten vaikutuksia terveyteen. Uusien tekniikoiden avulla voidaan määrittää mil-
joonia genotyyppejä tai satoja aineenvaihdunnan merkkiaineita yhdestä verinäytteestä. Tässä
väitöskirjatyössä yhdistetään genomiikan ja metabolomiikan menetelmiä metaboliseen oireyhty-
mään liittyvien terveysongelmien tutkimiseksi. Väitöskirjani osatöissä arvioin kahden lipidilääk-
keen sekä ei-alkoholiperäisen rasvamaksan aineenvaihdunnallisia vaikutuksia sekä pyrin tunnis-
tamaan krooniseen tulehdukseen vaikuttavia geneettisiä tekijöitä.

Tulosten mukaan statiinien ja PCSK9:n (engl. proprotein convertase subtilisin/kexin type 9)
geneettisen eston aineenvaihduntavaikutukset ovat hyvin samankaltaiset. Kuitenkin havaitut pie-
net poikkeavuudet tietyissä merkkiaineissa voivat vaikuttaa eroavaisuuksiin siinä, kuinka tehok-
kaasti lääkeaineet alentavat sydäntautiriskiä. Suuret erot rasvamaksan riskiä lisäävien geenimuu-
tosten vaikutuksissa aineenvaihduntaan korostavat rasvamaksaan liittyvien molekyylimekanis-
mien monimuotoisuutta. Tulosten perusteella vaikuttaa siltä, että rasvan kertyminen maksaan ei
luultavasti itsessään aiheuta suuria muutoksia verenkierron aineenvaihduntatuotteiden pitoisuuk-
siin. Tulehdusmerkkiaineisiin assosioituvat uudet geenialueet täydentävät tulehduksen molekyy-
limekanismeihin liittyvää tietoa. Tulokset korostavat ABO-veriryhmän määräävän geenin vaiku-
tusta liukoisten adheesiomolekyylien pitoisuuksiin.

Kaiken kaikkiaan väitöskirjan osatyöt tuovat uutta tietoa metaboliseen oireyhtymään liittyvi-
en terveysongelmien molekyylimekanismeihin. Projektit havainnollistavat, miten omiikka-tek-
niikoita voidaan hyödyntää monitekijäisten fenotyyppien tutkimuksessa sekä lääkeaineiden
aineenvaihduntavaikutusten arvioinnissa.

Asiasanat: biomarkkerit, ei-alkoholiperäinen rasvamaksa, genetiikka, GWAS,
krooninen tulehdus, lipidilääkkeet, Mendeliaaninen satunnaistaminen, metabolinen
oireyhtymä, metabolomiikka, molekyyliepidemiologia, PCSK9, sydän- ja
verisuonitaudit, tyypin 2 diabetes





 

 

“You may have to fight a battle more than once to win it.” 
Margaret Thatcher 
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1 Introduction 
Metabolic syndrome is a constellation of risk factors predisposing to cardiovascular 
disease (CVD), type 2 diabetes (T2D) and increased mortality (Kaur, 2014). In 
parallel with the increased prevalence of obesity and advanced age, the prevalence 
of metabolic syndrome has increased affecting a notable proportion of the world’s 
population: depending on sex, age, and geographical area, the estimates for the 
prevalence of metabolic syndrome in adult populations ranged from 7% up to 43% 
in the year 2005 (Eckel, Grundy, & Zimmet, 2005). Because of the severe co-
morbidities, metabolic syndrome forms a substantial concern to public health and 
a burden to the global economy. Improved methods for diagnosis, treatment, or 
preferably prevention, are warranted in order to tackle the rising epidemic. A better 
understanding of the exact molecular mechanisms expands current knowledge of 
the pathogenic pathways involved in metabolic syndrome and may provide novel 
targets for pharmacological interventions. 

Recent advances in ‘omics’ technologies, such as genomics and metabolomics, 
have provided improved approaches for molecular characterization of human 
diseases. Genome-wide association (GWA) studies have proven to be an invaluable 
method unravelling the impact of common genetic variants on multiple phenotypes. 
Metabolic profiling by nuclear magnetic resonance (NMR) spectroscopy or mass 
spectrometry (MS) enables quantification of hundreds of circulating biomarkers 
from a single blood sample (Sas, Karnovsky, Michailidis, & Pennathur, 2015). 
Genetic data combined with metabolomics approaches provide effective tools for 
molecular characterization of metabolic pathways in human health; thus, the 
methodology is trending in genetic epidemiology studies (Soininen, Kangas, Würtz, 
Suna, & Ala-Korpela, 2015). Recent applications include metabolomic profiling of 
pharmacotherapeutics using genetic proxies for drug effects (Würtz et al., 2016). 
As metabolic syndrome involves aberrations in multiple organ systems, including 
cardiovascular, digestive, and immune systems, it is helpful to apply detailed omics 
approaches in the study of its pathogenic mechanisms. 

This thesis elucidates molecular mechanisms involved in metabolic syndrome-
related features by combining genetics and metabolomics approaches. In particular, 
the present studies focus on metabolomic characterization of two lipid-lowering 
therapies and fatty liver, as well as assessment of genetic factors contributing to 
circulating levels of markers of systemic inflammation (Fig. 1). Proprotein 
convertase subtilisin/kexin type 9 (PCSK9) inhibitors are a new class of drugs 
effective in cholesterol lowering. By using a genetic proxy, the present Study I 
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demonstrates subtle differences in the effects on detailed metabolic profiles by 
PCSK9 inhibition as compared with pravastatin in a randomized trial. Fatty liver 
and chronic, low-grade inflammation are features closely related to the metabolic 
syndrome. The present results in Studies II and III highlight the heterogeneity in 
the molecular mechanisms involved in both fatty liver and systemic inflammation. 

Fig. 1. A chart of features associated with the metabolic syndrome and the projects 
included in the present thesis. The clinical definition of the metabolic syndrome refers 
to the one by the National Cholesterol Education Program Adult Treatment Panel III 
(NCEP ATP III) that is described in more detail in Chapter 2.1.1. 
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2 Review of the literature 

2.1 Metabolic syndrome 

2.1.1 Definition 

Metabolic syndrome is a constellation of health issues increasing the risk of 
cardiovascular complications. Its central features are insulin resistance, visceral 
adiposity, dyslipidemia, and hypertension, but the exact definition varies depending 
on the source (reviewed by (P. L. Huang, 2009)). One of the most widely used 
criteria is the one by the National Cholesterol Education Program Adult Treatment 
Panel III (NCEP ATP III), which has been updated by the American Heart 
Association and the National Heart Lung and Blood Institute (Scott M. Grundy et 
al., 2006). According to this criterion, three of the following five conditions must 
be met: 

1. waist circumference more than 102 cm (40 inches) for males or more than 90 
cm (35 inches) for females, 

2. fasting glucose ≥ 5.6 mmol/L (100 mg/dl), or pharmacologic treatment for 
elevated glucose, 

3. blood triglycerides ≥ 1.7 mmol/L (150 mg/dl) or pharmacologic treatment for 
elevated triglycerides, 

4. high-density lipoprotein (HDL) cholesterol < 1.03 mmol/L (40 mg/dl) for 
males or < 1.30 mmol/L (50 mg/dl) for females, or pharmacologic treatment to 
increase HDL cholesterol, and 

5. systolic blood pressure > 130 mmHg or diastolic blood pressure > 85 mmHg, 
or antihypertensive drug treatment. 

2.1.2 Associated features 

Metabolic syndrome is characterized by disturbances in multiple organ systems, 
including cardiovascular, digestive, and immune systems. In addition to the 
features mentioned in the clinical definition by the NCEP ATP III, multiple other 
traits have been linked with the presence of metabolic syndrome. This thesis is 
themed around pharmacological management of dyslipidemia, metabolic 
aberrations associated with fatty liver, and circulating markers of systemic 
inflammation, that are briefly described in the following section. 
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Dyslipidemia 

As noted in the clinical definition, dyslipidemia, i.e. abnormal blood lipid levels, is 
a central feature of the metabolic syndrome. Most circulating lipids are transported 
in micelle-like lipid-protein assemblies called lipoproteins (Fig. 2). The shell of a 
lipoprotein particle is composed of phospholipids, free cholesterol, and 
apolipoproteins, whereas the inner core contains triglycerides and cholesteryl esters. 

Fig. 2. Generalized structure of a plasma lipoprotein. A monolayer of phospholipids, 
unesterified (free) cholesterol and protein forms the spherical shell covering the core 
lipids, triglycerides and cholesteryl esters. Fig. 2 is modified from (Mathews, Van Holde, 
& Ahern, 2000). 

In an increasing order of density, the common lipoprotein classification 
includes chylomicrons, very-low-density lipoproteins (VLDL), intermediate-
density lipoproteins (IDL), low-density lipoproteins (LDL) and HDL (Table 1). 
Lipoproteins are sometimes classified based on the main lipid carried or according 
to their apolipoprotein composition. The largest particles, namely chylomicrons 
and VLDL, transport mainly triglycerides, while the smaller particles from IDL to 
HDL carry mostly cholesteryl esters. The apolipoprotein classification 
distinguishes apolipoprotein B (apoB)-containing lipoproteins from the HDL 
particles lacking apoB. 

Dyslipidemia associated with the presence of metabolic syndrome comprises 
elevation in circulating triglycerides and reduced HDL-cholesterol (Scott M. 
Grundy et al., 2006). Moreover, elevated body mass index (BMI) has also been 
suggested to have causal effects on apoB-containing lipoproteins other than VLDL, 
including medium and small-sized LDL subfractions (Würtz et al., 2014). As the 
central initiating event in atherogenesis is the retention of apoB-containing 
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lipoproteins within the vessel wall, this type of dyslipidemia is a major risk factor 
for atherosclerotic cardiovascular disease (ASCVD) (Borén & Williams, 2016). 
Pharmacological management of dyslipidemia can be prescribed to lower the risk 
of severe cardiometabolic complications. Study I determines detailed metabolic 
effects of two pharmacological approaches targeted to lower the circulating LDL-
cholesterol (LDL-C) level in order to compare the molecular mechanisms. The 
studied therapeutics are described in more detail in Chapter 2.1.5. 

Table 1. Lipoprotein particles according to the common classification. 

Particle Diameter 

(nm) 

Composition* Major 

apoproteins 

Concentration 

in obesity** TG% CE% PL% FC% 

Chylomicron 75-1200 90 3 3 2 A-I, A-II, A-IV, 

B-48, C-I-III 

↑ 

VLDL 30-80 60 16 14 4 B-100, C-I-III, E ↑ 

IDL 25-35 20 32 22 8 B-100, E ↑ 

LDL 18-28 7 42 22 8 B-100 ↑ 

HDL 5-12 3-6 15-20 26-32 2-5 A-I, A-II ↓ 

* Percent of mass 

** Direction of concentration change in obesity-associated dyslipidemia 

VLDL, very-low-density lipoprotein; IDL, intermediate-density lipoprotein; LDL, low-density lipoprotein; 

HDL, high-density lipoprotein; TG, triglyceride; CE, cholesteryl ester; PL, phospholipid; FC, free 

cholesterol. Table 1 is modified from (Bhagavan & Ha, 2011). 

Non-alcoholic fatty liver 

Non-alcoholic fatty liver disease (NAFLD) is a term describing a range of liver 
disorders originating from excessive lipid, mainly triglyceride, accumulation in the 
liver in the absence of excessive alcohol use (J. C. Cohen, Horton, & Hobbs, 2011). 
NAFLD phenotypes extend from non-alcoholic fatty liver, or steatosis, to non-
alcoholic steatohepatitis involving lobular inflammation and sometimes fibrosis 
(Loomba & Sanyal, 2013) (Fig. 3). Liver is considered to be fatty when hepatic 
triglyceride content exceeds 5% of liver weight or cytoplasmic triglyceride 
accumulation is present in more than 5% of hepatocytes (J. C. Cohen et al., 2011). 
Advanced NAFLD increases the risk of cirrhosis and hepatocellular carcinoma 
(Ekstedt et al., 2006; Otgonsuren et al., 2015). 

NAFLD is strongly associated with the presence of metabolic syndrome and 
its individual components (Kotronen, Westerbacka, Bergholm, Pietiläinen, & Yki-
Järvinen, 2007; Marchesini et al., 2003). The close link between NAFLD and 
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metabolic syndrome is emphasized by the increased prevalence of NAFLD in 
individuals with high BMI or in patients with T2D: NAFLD prevalence is estimated 
to be ~24% in normal weight (BMI ≤25 kg/m2), ~67% in overweight (BMI 
25-29 kg/m2), and ~91% in obese individuals (BMI ≥30 kg/m2) (Bellentani, 
Bedogni, Miglioli, & Tiribelli, 2004). In individuals with T2D, NAFLD prevalence 
has been estimated to be 40-70% (summarised by (Anstee & Day, 2013)). 

Fig. 3. Non-alcoholic fatty liver disease (NAFLD) spectrum. Accumulation of the liver fat 
in the form of triglycerides within the hepatocytes is the unequivocal manifestation of 
NAFLD (Puri et al., 2007). The histological criteria for the diagnosis of adult non-
alcoholic steatohepatitis (NASH) include lobular inflammation and hepatocellular injury 
in addition to steatosis (Tiniakos, Vos, & Brunt, 2010). Inflammation and failure of 
hepatocyte repair promote progression of fibrosis. Long-term severe fibrosis may 
result in an irreversible condition, cirrhosis, that is characterized by liver failure (Contos, 
Choudhury, Mills, & Sanyal, 2004). 

Liver is the hub of lipoprotein metabolism. Fatty liver has been proposed to 
result in dyslipidemia due to increased secretion of VLDL and impaired clearance 
of IDL and LDL particles from the circulation (Adiels et al., 2006; Chatrath, 
Vuppalanchi, & Chalasani, 2012). Albeit NAFLD increases the risk of severe liver 
conditions such as cirrhosis, the leading cause of death among the individuals with 
NAFLD is CVD (Haflidadottir et al., 2014) emphasizing the need for efficient 
control of dyslipidemia in NAFLD patients. However, dyslipidemia or changes in 
glycemic traits do not always appear to be linked with NAFLD (Romeo et al., 2008; 
Speliotes, Butler, Palmer, Voight, & Hirschhorn, 2010) and thus the effect of 
hepatic lipid accumulation on circulating metabolism has remained uncertain. To 
provide insights into the molecular mechanisms of NAFLD related aberrations in 
circulating metabolic measures, the Study II evaluates metabolic association 
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profiles of fatty liver in comparison to metabolic profiles of four NAFLD risk 
alleles. 

Chronic inflammation 

One of the prominent features of the metabolic syndrome is a chronic, low-grade 
inflammation that might occur at metabolically active sites, such as in the liver, but 
likely originates and resides predominantly in adipose tissue (Esser, Legrand-Poels, 
Piette, Scheen, & Paquot, 2014). Adipose tissue is the primary storage site of excess 
energy, but also an active endocrine organ releasing several bioactive substances. 
In obesity and especially in visceral obesity, adipose tissue produces excess 
amounts of pro-inflammatory signalling molecules such as tumour necrosis factor 
α (TNFα), interleukin-6 (IL6), monocyte chemoattractant protein-1 (MCP1), and 
plasminogen activator inhibitor-1 (PAI-1) (Blüher et al., 2005; Breslin et al., 2012; 
Hotamisligil, Arner, Caro, Atkinson, & Spiegelman, 1995; Shimomura et al., 1996). 
These substances have downstream effects in adipose tissue and in vascularity; 
alterations in the endothelium lead to increased vascular permeability and up-
regulated synthesis of adhesion molecules, such as intracellular adhesion molecule 
(ICAM) and vascular cell adhesion molecule (VCAM) that, along with chemokines, 
recruit monocyte-derived macrophages further inducing production of pro-
inflammatory cytokines (Ferri et al., 1999; Kaplanski, Marin, Montero-Julian, 
Mantovani, & Farnarier, 2003). The recruitment of adipose tissue macrophages is 
correlated with the degree of obesity (Weisberg et al., 2003), and the presence of 
activated macrophages is likely to be one of the factors distinguishing 
metabolically unhealthy obesity from metabolically healthy obesity (Esser et al., 
2013). Weight loss results in a reduced number of adipose tissue macrophages and 
the concomitant reduction in expression of pro-inflammatory markers in both 
adipose tissue and the circulation (Bruun, Helge, Richelsen, & Stallknecht, 2006; 
Cancello et al., 2005). 

Genetic factors involved in the production of the inflammatory molecules or 
their receptors play a crucial role in mediating the related functions. Other studies 
have identified loci associating with circulating levels of inflammatory markers 
(Ahola-Olli et al., 2017; Sun et al., 2018), but an understanding of the exact 
molecular mechanisms is as yet incomplete. In order to enhance our knowledge of 
these mechanisms, the present Study III elucidates the genetic factors associating 
with the circulating level of 16 markers of systemic inflammation. 
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2.1.3 The interplay between metabolic and immune systems in 
metabolic syndrome 

Metabolic and immune systems provide some of the most essential functions of 
living organisms. Mechanisms regulating energy storage and release as well as 
tissue healing after infection or other damage are crucial for the survival of 
multicellular organisms. These mechanisms are also co-regulated: the 
inflammatory response is supported by a catabolic shift in metabolism to supply 
energy distribution to immune cells while anabolic pathways, such as the insulin 
signalling pathway, are suppressed (Khovidhunkit et al., 2004; Wellen & 
Hotamisligil, 2005). This mechanism that normally promotes good health can have 
adverse effects if prolonged (Esteve, Ricart, & Fernandez-Real, 2005). Moreover, 
adipose tissue-derived molecules involved in metabolic functions, such as the 
hormones leptin and adiponectin, may have direct effects on immunological 
activity (Carbone, La Rocca, & Matarese, 2012). Metabolism and the immune 
system are highly integrated and consequently, disturbances in one may lead to 
dysregulation of the other (Hotamisligil. 2006). Importantly, inflammation may be 
the factor that links obesity to many of its co-morbidities, such as T2D and ASCVD 
(Esser et al., 2014). 

In patients with T2D, the decline of the insulin-secretory capacity of pancreatic 
β-cells occurs in parallel with insulin resistance that is characterized by reduced 
response to insulin-stimulated glucose uptake into tissues (Donath, 2014). The first 
studies linking adipose tissue inflammation with insulin resistance provided 
evidence of adverse effects of TNFα on insulin signalling (Feinstein, Kanety, Papa, 
Lunenfeld, & Karasik, 1993; Hotamisligil, Shargill, & Spiegelman, 1993). As 
previously mentioned, it is now known that obese adipose tissue is a source of 
multiple proinflammatory substances promoting the development of insulin 
resistance and T2D; these substances activate intracellular pathways, such as 
nuclear factor κ-B (NF-κB) that increases transcription of multiple gene products 
potentially contributing to the pathogenesis of insulin resistance, or c-Jun N-
terminal kinases (JNKs) that can directly modulate insulin receptor signalling 
(reviewed by (Shoelson, Lee, & Goldfine, 2006)). In turn, elevated blood glucose 
concentration itself seems to have adverse effects on the pancreatic function by 
inducing increased production and release of proinflammatory cytokine 
interleukin-1β (IL1β) in β-cells (Maedler et al., 2002). It has been suggested that 
IL1β may be involved in regulation of pancreatic insulin reserves and that IL1β 
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induced proinflammatory pathways may contribute to β-cell glucotoxicity in the 
pathogenesis of T2D (Maedler et al., 2002). 

Inflammation also plays a fundamental role in the pathogenesis of ASCVD. 
Although increased circulating LDL-C concentration predisposes to the formation 
of an atheroma, accumulating evidence suggests that inflammatory processes are 
involved in plaque pathogenesis (Fredman et al., 2016; Libby, 2008). The core of 
an atheroma consists of lipid-laden foam cells and lipid droplets, enclosed by a cap 
consisting of smooth muscle cells and collagen fibrils. Immune cells, namely T-
cells, macrophages, and mast cells infiltrate the lesion and produce inflammatory 
cytokines (Hansson, 2005). Activated macrophages and mast cells produce 
proteinases and proteases as well as prothrombotic and procoagulant factors 
promoting the plaque rupture (Hansson, 2005). If the developing atheroma prevents 
blood flow through the coronary artery, myocardial infarction occurs. The 
inflammatory component of atherosclerosis is now well recognized and currently 
ASCVD is not considered simply as a cholesterol storage disease (Kasikara, Doran, 
Cai, & Tabas, 2018). 

2.1.4 A major concern for public health 

The varying definitions for the metabolic syndrome hinder determining its 
worldwide prevalence with precision. In addition, the prevalence varies depending 
on sex, age, and ethnicity. In 2005, Eckel et al. estimated that in individuals aged 
20 years or older, the prevalence of metabolic syndrome ranges from 7% in French 
women and 8% in Indian men up to 24% in American men and 43% in Iranian 
women (Eckel et al., 2005). Recognizing the high (in 2014, 10.8% of men, 14.9% 
of women and in 2016 7.8% of boys and 5.6% of girls were obese) and probably 
yet increasing prevalence of obesity (NCD Risk Factor Collaboration (NCD-RisC), 
2017; NCD Risk Factor Collaboration (NCD-RisC) et al., 2016), it is likely that 
currently a substantial proportion of the world’s population is influenced by 
metabolic syndrome. 

The results of a prospective meta-analysis suggests that the presence of the 
metabolic syndrome increases the risk of all-cause mortality (risk ratio 1.35; 95% 
confidence interval [CI] 1.17-1.56) and incidence of CVD (risk ratio 1.53; 95% CI 
1.26-1.87) that is a major cause of death but also working disability worldwide 
(Galassi, Reynolds, & He, 2006; GBD 2013 Mortality and Causes of Death 
Collaborators, 2015; Vos et al., 2015). Due to the high prevalence and severe co-
morbidities, metabolic syndrome poses a significant burden for both public health 
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and the global economy. The development of novel methods for diagnosis, 
treatment and, preferably, prevention of the metabolic syndrome is important to 
tackle the epidemic. 

2.1.5 Lipid-lowering therapies 

There is no method for treatment of the entire metabolic syndrome, and therefore 
each component of the metabolic syndrome is treated separately (Kaur, 2014). As 
increased circulating cholesterol and triglyceride levels are fundamental risk 
factors for ASCVD, substantial risk reductions can be achieved by lowering 
circulating lipid levels (Collins et al., 2016; Nordestgaard & Varbo, 2014). Lifestyle 
modifications supporting a heart-healthy diet, regular workout, normal body weight 
and avoidance of tobacco products are a critical part of ASCVD risk reduction; 
however, sometimes lipid-lowering therapies are warranted to achieve satisfactory 
reductions in circulating cholesterol levels (Ornish et al., 1998; Stone et al., 2014). 

β-Hydroxy β-methylglutaryl-coenzyme A (HMG-CoA) reductase (HMGCR) 
inhibitors, commonly known as statins, are the primary therapy to lower circulating 
LDL-C (Collins et al., 2016). Statins downregulate cholesterol synthesis by 
inhibiting the enzyme that converts HMG-CoA to the cholesterol precursor 
mevalonate. This results in decreased cellular cholesterol concentration and a 
parallel increase in expression of the LDL receptor induced by sterol regulatory 
element binding proteins (SREBPs) (Chang & Robidoux, 2017). The increase in 
the number of hepatic LDL receptors mostly accounts for the reduction of 
circulating LDL particles and VLDL remnants (Stancu & Sima, 2001). Statins have 
also been proposed to interfere with the assembly and secretion of triglyceride-rich 
lipoproteins providing a possible secondary lipid-lowering mechanism for statin 
treatment (S. M. Grundy, 1998). Multiple types of statins differing in their chemical, 
pharmacokinetic and lipid-modifying properties have been developed (Schachter, 
2005). Pravastatin is a fungal-derived HMG-CoA inhibitor and one of the first 
marketed statins (del Sol & Nanayakkara, 2008; Schachter, 2005). Compared with 
more recently developed statins, pravastatin is less efficient in lowering LDL-C. In 
their review, Collins et al. estimated that with a 40 mg daily dose of pravastatin, 
the average relative reduction in LDL-C concentration is approximately 29%, while 
with the same dose of atorvastatin or rosuvastatin it is possible to achieve halving 
of the LDL-C concentration (49% and 53% reductions, respectively) (Collins et al., 
2016). 
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Treatment with PCSK9 inhibitors has appeared to be another effective 
approach to the management of high LDL-C. PCSK9 is a protein involved in the 
regulation of the number of LDL receptors at cell surfaces (Park, Moon, & Horton, 
2004). PCSK9 is secreted into the circulation mainly by hepatocytes and to a lesser 
extent by the small intestine, kidney and central nervous system (Rashid et al., 2005; 
Zaid et al., 2008). Circulating PCSK9 binds to the extracellular domain of the LDL 
receptor (Zhang et al., 2007). After endocytosis, PCSK9 locks the LDL receptor in 
a conformation in which it cannot be recycled back to the cell membrane to capture 
more LDL particles but is targeted for degradation (Lambert, Sjouke, Choque, 
Kastelein, & Hovingh, 2012). Genetic studies have shown that loss-of-function 
mutations in PCSK9 result in a significantly lower LDL-C level as compared to 
non-carriers (J. C. Cohen, Boerwinkle, Mosley, & Hobbs, 2006; J. Cohen et al., 
2005), which has facilitated the development of therapeutic inhibitors of PCSK9. 
Several inhibition strategies targeting PCSK9 have been developed, including 
substances targeting PCSK9 synthesis (Frank-Kamenetsky et al., 2008) and 
antibodies interfering with the interaction between PCSK9 and the LDL receptor 
(Catapano & Papadopoulos, 2013). Large trials have shown that PCSK9 inhibition 
by antibodies reduces LDL-C levels by approximately 60% when administered in 
addition to statin therapy (Ridker et al., 2017; Sabatine et al., 2017). In macaques 
a single injection of antibody resulted in an 80% reduction in the LDL-C level (J. 
C. Y. Chan et al., 2009) further demonstrating the important role of PCSK9 in the 
regulation of the LDL-C level. 

Statin trials have consistently shown risk reductions of major vascular events 
around 21-22% per mmol/l reduction in LDL-C (Cholesterol Treatment Trialist 
Collaborators, 2005; Mihaylova et al., 2012). The results from the first large 
outcome trials for PCSK9 inhibition have generated discussion regarding whether 
PCSK9 inhibitors are slightly less efficient in lowering cardiovascular risk than 
statins per equivalent reduction in LDL-C. In the Further Cardiovascular Outcomes 
Research with PCSK9 inhibition in Subjects with Elevated Risk (FOURIER) trial, 
PCSK9 inhibition with evolocumab reduced the risk of major vascular events by 
15% (Sabatine et al., 2017). In the Studies of PCSK9 inhibition and the reduction 
of Vascular Events (SPIRE) trials, no significant benefit was observed for lower-
risk patients (SPIRE-1), while a significant risk reduction of 21% was observed for 
higher-risk patients (SPIRE-2); the combined risk reduction was 12% (Ridker et al., 
2017). One apparent explanation for the observed difference in the efficacy is the 
shorter duration of these trials (Ference et al., 2018). Other explanations have been 
proposed, such as differences in the anti-inflammatory properties of the two 
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therapies as well as the lack of further risk reductions in patients on long-term statin 
therapy whose LDL-C levels are already reasonably low or whose plaques may 
have stabilized (Waters & Hsue, 2017). Thus, the less-than-expected cardiovascular 
event reduction could be attributable to a combination of these or other reasons. As 
comprehensive metabolomic consequences of PCSK9 inhibition are largely 
unknown, comparison of metabolic profiles of PCSK9 inhibition versus statins 
could provide more information on this question. 

2.2 From genes to molecular epidemiology 

Completion of the Human Genome project in 2003 (Hood & Rowen, 2013; Yager, 
Zewert, & Hood, 1994) and rapid development of genotyping technologies have 
provided powerful tools for biomedical research aiming to find the links between 
genetic variation and human health. The availability of the human deoxyribonucleic 
acid (DNA) sequence has further been an important factor in the development of 
systems biology, an approach that combines ‘big data’ techniques to analyse the 
behaviour of and interactions between biological systems. Studies integrating 
genomics with other omics platforms provide novel information of molecular 
mechanisms in human health and disease with unprecedented accuracy and thus 
hold great potential for taking healthcare towards more personalized approaches 
(Shah & Newgard, 2015). 

2.2.1 The genome, the blueprint  

The haploid human genome encompasses approximately 3.2 billion base pairs 
organized in 23 chromosomes (Fig. 4) and mitochondrial DNA. The genetic code 
encrypted in ~20 000 genes (Pertea et al., 2018) by four nucleotides, adenosine, 
thymine, guanine, and cytosine provides instructions for all the proteins and 
ribonucleic acid (RNA) molecules needed to construct the functional human body. 
The coding sequences i.e. exons comprise only ~1% of the haploid genome 
corresponding to ~30 million base pairs; most parts of the human genome consist 
of repetitive or other intergenic sequences with largely undetermined functions. 

Genotypic variation provides the basis for genetic analyses 

DNA molecules are constantly susceptible to mutations. Mutations can occur due 
to exposures to mutagenic environmental factors, such as ultraviolet radiation; 
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however, much of the genetic variation is produced during normal cell divisions in 
genetic recombination where chromatids exchange genetic material. New alleles 
that arise from changes in DNA sequences enable phenotypic variation, 
environmental adaptation and ultimately evolution. The downside is that 
sometimes mutations lead to unfavourable consequences, such as human diseases. 

Fig. 4. An example of human genetic material organized into 23 pairs of chromosomes; 
the karyotype of the PhD candidate. 

Genetic variation occurs on multiple levels. Large-scale mutations can alter the 
number of complete sets of chromosomes in the cell or induce extensive changes 
in the chromosomal structure or quantity that can be observed under microscopic 
inspection. Small-scale variations are non-microscopical changes in the DNA 
sequence. These include insertions or deletions that respectively add or remove 
nucleotides from the sequence, inversions and translocations that re-order the 
sequence, and duplications or copy number variations (CNV) that multiply a 
sequence. Single nucleotide polymorphisms (SNP) are one base-pair substitutions 
that constitute the smallest scale as well as the most common mutation type 
accounting for up to 99% of the human genetic variation (The 1000 Genomes 
Project Consortium, 2015). Despite the multiple mutation mechanisms, on average 
any two human genome sequences are 99.9% identical (The International HapMap 
Consortium, 2003). 
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The consequences of sequence variations vary depending on their type and 
location. The genetic code is stored in the linear sequence of DNA in nucleotide 
triplets that specify the type and order of amino acids in a protein. A SNP located 
in a coding region of the genome may result in a triplet encoding for a different 
amino acid (missense mutation) or a triplet encoding the termination of translation 
(nonsense mutation). A “silent mutation” alters a nucleotide triplet but does not 
change the amino acid. An insertion or deletion of one or more nucleotides may 
alter all the subsequent triplets descending from the mutation site (frameshift 
mutation), which can have severe consequences on the protein structure. Mutations 
located in non-coding regions of the genome may have functional consequences if 
they alter the sequences that are involved in regulation of gene activity. Overall, 
any mutation that changes the protein function or quantity may potentially have an 
effect on an organism’s biology: any variant inhibiting or eliminating the normal 
function of a gene product is referred to as a loss-of-function mutation, whereas 
any variant that results in a gene product with enhanced or new functions is called 
a gain-of-function mutation. 

Genetic variations modifying any observable characteristics of an individual, 
i.e. phenotype, form the basis of all genetic analyses. In genetic association studies, 
sequence variants act as markers of the genomic regions that potentially harbour 
genes responsible for the modified phenotype. In particular, SNPs are often used as 
markers in GWA studies that have facilitated multiple important discoveries in the 
field of human genetics during the last decade (GWAS is discussed in more detail 
in Chapter 2.2.3.). It has been estimated that a typical human genome has roughly 
3.5-4.1 million SNPs (The 1000 Genomes Project Consortium, 2015) making SNPs 
highly convenient markers to be used in genetic epidemiology studies. 

Genotyping technologies 

Genotyping is the process determining the individual’s genetic configuration. The 
first approaches for defining DNA sequences were developed in the 1970s (Maxam 
& Gilbert, 1977; Sanger & Coulson, 1975). The method developed by Frederick 
Sanger and colleagues in 1977 (Sanger, Nicklen, & Coulson, 1977) and its further 
applications gave rise to the field of genomics that aims to characterize and quantify 
full genomes. The “Sanger sequencing” is based on a basic enzymatic reaction of 
DNA polymerase that elongates the DNA strand. The reaction solution contains 
normal deoxynucleosidetriphosphates (dNTP) for building up the sequence and 
modified di-deoxynucleotidetriphosphates (ddNTP) that terminate the elongation: 
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the result is different size DNA strands that can be separated by gel electrophoresis, 
and the sequence can be determined based on the DNA fragments arranged 
according to their size. The original method has a separate reaction for each of the 
four nucleotides. The automated first generation sequencing methods are based on 
the same elongation principle; however, only a single reaction tube is used, and 
fragment separation and sequence determination using fluorescent dyes is 
performed in a single lane polyacrylamide tube gel (capillary electrophoresis) 
(Luckey et al., 1990). More recently, several high-throughput massively parallel 
sequencing methods utilizing sequencing by synthesis rather than chain-
termination have been developed (Mardis, 2013). The novel methods have 
multiplied the amount of data produced during each instrument run which has 
significantly reduced the run times and cost of sequencing. 

Different genotyping strategies can be applied depending on the study design. 
Sequencing-based approaches are usually used in “discovery” studies that aim to 
identify previously unknown variations. Sequencing can be targeted to specific 
regions of interest, or large sequencing studies can perform the sequencing of all 
the coding regions of the genome (i.e. exome) or even whole genomes. Large-scale 
epidemiology studies often utilize chip-based genotyping methods that target 
previously identified variations. Chip-based techniques rely on the property of 
complementary DNA sequences to form double strands. The genotyping chip 
encompasses immobilized allele-specific oligonucleotide probes that are brought 
into contact with the sample of interest. Here, a fluorescent dye has been added 
either to the sample or to the probes. Once the matching DNA sequences hybridise 
with the probes, and non-specific sequences are washed off, the genotype 
information can be read based on the fluorescence signal. 

In addition to genotyped markers, genotype imputation allows estimation of 
multiple variants that are not directly determined on the genotyping platform. This 
is possible due to the structure of the human genome: stretches of DNA are passed 
unaltered over generations in structures called haplotypes that can be assessed 
based on the allelic correspondence of neighbouring variants. When a new mutation 
occurs, it locates on a specific haplotype and thus occurs in association with a 
particular set of alleles in the following generations until the haplotype is disrupted 
by recombination or other mutation mechanisms (Gabriel et al., 2002). The non-
random occurrence of alleles at two or more loci is termed linkage disequilibrium 
(LD). The basic principle of genotype imputation is that by genotyping in detail a 
chromosomal region in a limited number of individuals, it is possible to gain 
information about the genotypes in other individuals sharing the particular 
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haplotype (Y. Li, Willer, Sanna, & Abecasis, 2009). When imputing samples of 
unrelated individuals, comprehensive haplotype reference data provided by large 
consortias are used (McCarthy et al., 2016). This method enables estimation of 
millions of genotypes per sample. 

2.2.2 The metabolome is a description of small molecules 

Metabolomics can be defined as the study of small metabolites. The human 
metabolome is characterized as all the small molecules that humans ingest, 
metabolize, catabolize, or come into contact with (Wishart et al., 2018). This 
includes a massive number of both endogenous and exogenous compounds with 
varying chemical properties: the latest version of the Human Metabolome Database 
(www.hmdb.ca) has over 100 000 recordings representing the number of both 
detected metabolites and compounds that are yet to be detected but are expected to 
exist based on the current understanding of biochemical pathways. In addition to 
human studies, metabolomics approaches have been applied for example to the 
study of microbes, plants, and environmental systems (Allen et al., 2003; Bundy, 
Davey, & Viant, 2009; Hall, 2006). 

Although the circulating metabolome represents only a fraction of the entire 
human metabolome, blood as a sample, along with urine, is often preferred in 
human studies (Dunn, Broadhurst, Begley, et al., 2011). This is due to minimally 
invasive sample collection, and the fact that these integrative biofluids contain 
metabolites originating from multiple tissues and therefore provide an overview of 
the entire body metabolism (Dunn, Broadhurst, Begley, et al., 2011; Kell et al., 
2005). The metabolomics data included in this thesis are obtained from blood 
samples and thus the following text focuses on the circulating metabolome. 

Circulating metabolome 

Blood is a biofluid that transports oxygen, nutrients, hormones and other signalling 
molecules to all sites of the body, carries metabolic waste, and forms a connection 
between the body systems. Blood is composed of blood cells, namely erythrocytes, 
leukocytes, and platelets, suspended in a liquid carrier called plasma (Psychogios 
et al., 2011). If anticoagulants are added to a blood sample, plasma can be separated 
from blood cells by centrifugation; if anticoagulants are not added, the supernatant 
is called serum, which differs from plasma primarily in that it lacks the clotting 
compounds (Psychogios et al., 2011). The metabolic compositions of plasma and 
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serum are generally considered similar, and thus both can be used in metabolomics 
studies. However, serum is often preferred as the sample of choice due to higher 
sensitivity in biomarker detection (Yu et al., 2011) and milder effect of incubation 
time on metabolites during sample preparation (L. Liu et al., 2010) in comparison 
with plasma samples. 

The Serum Metabolome Database (http://www.serummetabolome.ca/) 
currently provides information about 4 651 small molecule metabolites found in 
human serum. These include multiple species of lipids, sugars, amino acids, organic 
acids, and nucleotides. The most abundant molecules are typically buffering agents 
or stabilizing salts, such as sodium, chloride, or potassium, whereas the least 
abundant compounds, for example, diacylglycerols, vasopressin, or nitric oxide, 
often function as hormones or other signalling molecules (Psychogios et al., 2011). 
In terms of the number of molecular species and structural diversity, the most 
plentiful circulating metabolites are lipids (Quehenberger & Dennis, 2011), where 
the lipid category of sphingolipids shows the greatest variety (Quehenberger et al., 
2010). On a molar basis, the most plentiful groups are sterol lipids (3.8 μmol/ml), 
glycerophospholipids (2.6 μmol/ml) and glycerolipids (1.1 μmol/ml) 
(Quehenberger et al., 2010). The high structural variety reflects the importance of 
lipids in multiple physiological processes: they serve as a source of energy, function 
as signalling molecules, and are important constituents of cell membranes 
(Quehenberger & Dennis, 2011). Other high-abundance circulating metabolites 
include protein monomers, i.e. amino acids, and the glycolysis and gluconeogenesis 
related metabolites, glucose, glycerol, and lactate (Psychogios et al., 2011). In 
addition, several waste or catabolic by-products such as urea and creatinine 
circulate in high concentrations (Psychogios et al., 2011). 

Metabolomics technologies 

As the metabolome encompasses a large variety of compounds with diverse 
chemical properties and varying concentrations, no single analytical method can 
capture the entire metabolome (Rhee & Gerszten, 2012). Mass spectrometry (MS) 
and nuclear magnetic resonance (NMR) spectroscopy are the most commonly 
applied technologies in the field of metabolomics (Dunn, Broadhurst, Begley, et al., 
2011). MS measures the compounds present in a sample by their mass-to-charge 
ratio. To do this, the sample must be first ionised. The charged compounds can then 
be separated by accelerating them and exposing them to an electro and/or magnetic 
field (Lind, Savolainen, & Ross, 2016). Prior to MS analysis, sample separation by 
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a chromatography technique, such as gas or liquid chromatography (GC, LC), is 
often performed to achieve partial separation of the diverse compounds in the 
sample (Lind et al., 2016). MS is a high-resolution and high-sensitivity technique 
and modern MS instruments can identify compounds down to the femtomolar level 
(Lind et al., 2016). MS can be used to detect both known compounds and to identify 
unknown compounds. As lipids display a large variety in terms of particle 
concentration or the number of molecular species, MS applications have been 
especially convenient in the field of lipidomics. For instance, analyses coupling GC 
and LC with MS were used to characterize lipid and fatty acid composition of liver, 
subcutaneous and intra-abdominal adipose tissues, and serum in obese patients 
undergoing laparoscopic gastric bypass operations (Kotronen et al., 2010). 

NMR based platforms quantify the compounds based on the characteristic spin 
of the nuclei of many isotopes (e.g. 1H and 13C) that absorb radiation and resonate 
at a specific frequency when placed in a magnetic field (Sas et al., 2015). Compared 
with MS, NMR is less sensitive, which limits its use in the detection of biomarkers 
with low concentrations. However, NMR spectroscopy is reproducible, quantitative, 
and non-destructive due to minimal sample preparation, making it highly 
applicable for epidemiological studies (Lind et al., 2016; Sas et al., 2015). The 
metabolomics data included in this thesis are measured using an NMR-based 
platform that has been developed for profiling of serum and plasma samples 
(Soininen et al., 2015). The same platform has been made commercially available 
by a Finnish company, Nightingale Health (www.nightingalehealth.com). The 
platform provides quantification of detailed lipoprotein subclasses and their lipids, 
but also numerous other biomarkers including fatty acids and multiple low-
molecular-weight metabolites down to the 10 micromolar level (Würtz et al., 2017). 
A more detailed description of the metabolic measures included in the platform is 
given in Table 2. 
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Table 2. Description of the metabolic measures quantified with the Nightingale Health 
NMR metabolomics platform. 

Description of the metabolic measures Unit 

Lipoprotein particles  

- Particle concentrations of six VLDL subclasses, IDL, three LDL subclasses, and 

four HDL subclasses 

mmol/l 

- The lipoprotein subfraction abbreviations with the corresponding particle mean 

diameters are as follows: XXL VLDL (>75 nm), XL VLDL (64.0 nm), 

L VLDL (53.6 nm), M VLDL (44.5 nm), S VLDL (36.8 nm), XS VLDL (31.3 nm), 

IDL (28.6 nm), L LDL (25.5 nm), M LDL (23.0 nm), S LDL (18.7 nm), 

XL HDL (14.3 nm), L HDL (12.1 nm), M HDL (10.9 nm), S HDL (8.7 nm) 

 

Lipid measures for lipoprotein subclasses  

- Concentrations of triglycerides, cholesterol, free cholesterol, esterified 

cholesterol, phospholipids, and total lipids within each of the 14 subclasses 

mmol/l 

- Ratios of lipid species to total lipids within each of the 14 subclasses % 

Lipoprotein particle size  

- Mean diameter for VLDL, LDL, and HDL particles nm 

Apolipoproteins  

- Concentrations of apolipoprotein A-I and B g/l 

Fatty acids  

- Concentrations of total, polyunsaturated, monounsaturated, saturated, omega-6, 

and omega-3 fatty acids; concentrations of linoleic acid and docosahexaenoic acid 

mmol/l 

- Ratios of each fatty acid species to total fatty acids % 

- Estimated degree of unsaturation % 

Fatty acid derivates  

- Concentrations of acetate, acetoacetate, and β-hydroxybutyrate mmol/l 

Glucose metabolism related measures  

- Concentrations of glucose, lactate, pyruvate, citrate and glycerol mmol/l 

Amino acids  

- Concentrations of alanine, glutamine, glycine, histidine, isoleucine, leucine, 

valine, phenylalanine and tyrosine 

mmol/l 

Inflammation  

- Concentration of glycoprotein acetyls mmol/l 

Fluid balance  

- Concentrations of creatinine and albumin mmol/l or cu 

*cu: standardized concentration units  

 
By mid-2016, roughly 150 epidemiologic and clinical studies had used the 

above-described NMR platform for biomarker profiling of over 400 000 samples 
(Würtz et al. 2017) and the numbers are yet increasing. In July 2018, Nightingale 
Health and UK Biobank announced a major research initiative to analyse 500 000 
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samples from the UK Biobank with the same NMR metabolomics platform. This 
initiative will provide a massive resource for biomedical research once the 
biomarker data are incorporated into the UK Biobank resource. The following text 
lists examples of the scientific reports closely related to the present thesis using 
data produced with the same NMR platform. In their study, Würtz et al. performed 
metabolomic profiling of statin use in a longitudinal setting by analysing 80 
metabolic measures. The study showed that statin therapy promotes lipid-lowering 
effects beyond LDL-C while it shows minimal effects on non-lipid metabolites. 
The same study provided evidence that metabolomic effects of pharmacotherapies 
can be closely recapitulated using genetic proxies for drug effects, as the 
observational statin effects were highly matching with the effects of HMGCR 
genetic inhibition (Würtz et al., 2016). The same platform was also used for 
determining changes in 68 circulating metabolic measures associating with fatty 
liver cross-sectionally and prospectively (Kaikkonen et al., 2017). The results of 
this study suggested that fatty liver has a robust effect on VLDL particles and 
related triglyceride levels, but also on multiple non-lipid traits, including the amino 
acids leucine and isoleucine. These alterations in the systemic metabolism seemed 
to be recognisable up to 10 years prior to the fatty liver detection by ultrasound, 
suggesting that the metabolic alterations may precede the onset of fatty liver 
(Kaikkonen et al., 2017). 

2.2.3 Central methods in molecular epidemiology 

Molecular epidemiology studies apply molecular biology techniques in the field of 
epidemiology. Recent advancements in molecular profiling technologies have 
enabled the application of these methods to population-level studies facilitating the 
development of the field of molecular epidemiology. Importantly, detailed profiling 
techniques enable refined characterization of the studied phenotypes. Further, 
instead of studying a single marker of disease, it is now possible to evaluate the 
effects of millions of genetic variants on detailed metabolic profiles covering 
numerous biomarkers in one set of analyses (Kettunen et al., 2016). This kind of 
study setting requires large sample sizes to overcome the natural diversity in the 
biomarker levels and to provide adequate statistical confidence (Dunn, Broadhurst, 
Begley, et al., 2011). The novel approaches also provide supportive designs for 
randomized controlled trial (RCT) settings that serve as a gold standard in 
epidemiological studies inferring causal relationships. The random allocation of the 
study participants to exposure and control groups provides minimally biased 
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estimates of causal effects. However, RCTs are expensive, time-consuming and 
they are not always feasible to conduct due to ethical or other reasons. A genetic 
variant altering a trait of interest can be sometimes inferred as a naturally occurring 
trial, as genotypes are randomly assigned at meiosis. Thus, genetics approaches can 
be exploited to overcome some of the disadvantages of RCTs. 

Genome-wide association studies 

GWA studies are used to detect associations between the trait of interest and genetic 
variants located throughout the genome with an aim to better understand the 
underlying biology of the studied trait. For the last decade, multiple studies have 
proven GWA to be a highly relevant method in variant and gene discovery in the 
field of human genetics (Visscher et al., 2017). Preceding the modern GWAS era, 
candidate gene studies or genome-wide linkage scans have been the main 
approaches for mapping genes influencing human health. Candidate gene studies 
aim to identify a variant or a set of variants that are located in biologically relevant 
genes and enriched in disease cases (Vaisse et al., 2000). In these studies, strong 
assumptions are made with regards to the genetic aetiology of the studied trait, as 
the regions of interest are determined based on previous literature. Genome-wide 
linkage scans make no assumptions about the genomic location of the disease-
causing allele(s): in these family-based studies, sequence markers are tracked to 
identify genomic regions segregating with the studied trait. Linkage scans have 
been extremely successful in the identification of disease genes for monogenic 
disorders. In particular, linkage analyses have been an invaluable tool in resolving 
the genetic basis of the disorders comprising the Finnish disease heritage (Kere, 
2001; Norio, 2003). The disadvantage of linkage scans is that often the identified 
genomic regions are large and further refinement of the susceptibility loci is 
warranted to detect to the disease-causing gene.  

Similar to linkage scans, modern GWAS makes no assumptions about the 
genomic locations of the variants contributing to the studied trait. Instead, SNPs 
selected on the genotyping arrays are designed to tag every region of the genome 
either by even physical distribution or by utilizing the LD structure of the genome. 
Alternatively, custom designed genotyping arrays can be used (Voight et al., 2012). 
Millions of regression models, where the trait of interest is an outcome and each 
genotype at once an explanatory variable, are fitted to screen the associations 
genome-wide. The GWAS approach can be applied to both case-control settings as 
well as to quantitative traits. The rationale behind GWAS is the theory of common 



42 

diseases being attributable to common genetic variation with a minor allele 
frequency (MAF) more than 1% (Manolio et al., 2009). To be detected in GWAS, 
a causative variant needs to be represented on the genotyping array or to be in LD 
with a tag-SNP. Consequently, by using the GWAS approach, it is challenging to 
identify rare variants (MAF<1%) that typically have large effect sizes. On the 
contrary, GWAS has been a very successful method identifying common alleles 
having moderate effect sizes. 

Multiple studies have examined genetic determinants of markers of systemic 
inflammation using the GWAS approach. However, only recently have publications 
reported associations for more than one inflammatory marker. In their study, Ahola-
Olli et al. tested genome-wide associations with 41 circulating markers of 
inflammation in 8 293 individuals from three Finnish population cohorts (Ahola-
Olli et al., 2017). The study reports the identification of 27 genome-wide significant 
loci, 17 of which were novel. Recently, Sun et al. performed a large-scale GWAS 
on 2 994 human plasma proteins in altogether 3 301 individuals of European 
descent (Sun et al., 2018): this study reports 1 927 genetic associations with 1 478 
proteins providing a massive resource for understanding intermediate molecular 
pathways in human diseases. Other GWAS reports closely related to the present 
thesis work include a study on 123 metabolic measures in 24 925 individuals 
(Kettunen et al., 2016) and a GWAS on NAFLD in 7 176 individuals (Speliotes et 
al., 2011). These studies are described in more detail in Chapters 4.2.2. and 4.4.1. 

Mendelian randomization 

Gregor Mendel was an Austrian scientist who discovered the basic principles of 
heredity in his famous pea plant experiments in the mid 1800s (Abbott & Fairbanks, 
2016). Mendelian randomization (MR) is an application of an instrumental 
variables technique that exploits Mendel’s laws of independent assortment of traits 
in order to estimate a causal relationship between an intermediate phenotype that 
is often a risk factor and a relevant health-related outcome, such as a human disease 
(Lawlor, Harbord, Sterne, Timpson, & Smith, 2008). The basic principle of MR is 
that, in the case of a causal connection, genetic variants modifying the risk factor 
of interest should associate with related disease risk to the same extent as predicted 
by their association with the risk factor (Davey Smith & Hemani, 2014). The 
advantages of MR are that genotypes are not affected by confounding nor reverse 
causation that complicate inferring causation in observational studies (D. M. Evans 
& Davey Smith, 2015). Furthermore, genotypes are less prone to measurement 
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errors and they can be considered as lifelong exposures hence providing less biased 
estimates than exposure variables that are likely to be influenced by random error 
due to one-off measurement in RCT settings (D. M. Evans & Davey Smith, 2015). 

The random distribution of genotypes at meiosis is comparable to exposure 
randomization in RCT (Davey Smith & Hemani, 2014). In order to use a genotype 
as an instrument in MR, certain conditions must be met. The instrument must be 
reliably associated with the intermediate phenotype, its association with the 
outcome must be only through the intermediate phenotype, and the instrument must 
be independent from the confounders of the intermediate phenotype-outcome 
association (Davey Smith & Hemani, 2014). Overall, instruments should be 
carefully selected, and instruments located in genes with well-known function 
should be preferred (D. M. Evans & Davey Smith, 2015). Many of the pitfalls of 
the MR studies relate to poorly selected instruments, including the use of weak 
instruments with modest association with the intermediate phenotype, or the use of 
pleiotropic instruments affecting the outcome through a pathway other than the 
intermediate phenotype (D. M. Evans & Davey Smith, 2015). With proper use, MR 
is a useful method to survey causal relationships in human health and disease and 
in development of potential medications (Holmes, Ala-Korpela, & Smith, 2017). 

As examples of studies using the MR method, Holmes et al. concluded that 
triglyceride levels have a causal effect on coronary heart disease risk, whereas a 
causal role for HDL-C remained less certain (Holmes et al., 2015). Likewise, based 
on the MR method, Würtz et al. reported causal effects of obesity on multiple 
cardio-metabolic risk factors across the metabolic profile in adolescents and young 
adults (Würtz et al., 2014). Ahmad et al. found evidence of both T2D and fasting 
glucose level being causal factors of coronary heart disease (Ahmad et al., 2015). 
These studies are supportive for MR being a suitable method in assessing causal 
inferences between complex metabolic traits. 

Systems approaches to metabolic health 

The common metabolic diseases are considered multi-factorial as they do not have 
a single cause, but rather the disease risk is influenced by multiple genes in 
combination with several lifestyle and environmental factors, such as dietary 
factors and physical activity. To obtain phenotypic information that is as complete 
as possible, integration of multiple omic technologies is helpful in the study of the 
related molecular mechanisms. Integration can occur on multiple levels (Shah & 
Newgard, 2015): at the simplest levels, genetics is combined with biomarker data, 
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such as metabolomics, to provide improvements for diagnostic or risk prediction 
models. In MR settings, where genotypes function as proxies for exposures, 
metabolomics data can serve as intermediate phenotypes to screen causal effects. 
At a more complex level, multiple omics platforms can be integrated to evaluate 
global interaction maps between biological systems, including genes, proteins, or 
metabolites. These holistic approaches provide methods for both describing and 
modelling the interactions at various levels of biological organization (Dunn, 
Broadhurst, Atherton, Goodacre, & Griffin, 2011; Nicholson, 2006). Interactions 
between biological systems can be complex, generating analytical challenges for 
the study of multi-omics data. 

Data produced using multiple omics platforms facilitate making temporally 
diverse observations. In principle, the genome is the same in all the cells of a living 
organism and also fairly stable over time. Thus, genes and genetic risk scores may 
be especially useful in evaluating the likelihood of future incidents. On the other 
hand, transcriptome, proteome, and metabolome are more dynamic, and always 
related to the specific tissue type and the time of measurement. In particular, the 
metabolome is determined by both genetic and environmental factors and thus is 
reflective of both endogenous and exogenous events providing a detailed snapshot 
into what is currently taking place in the biological system (Wishart, 2016). As 
metabolic dysregulation is a key component in the pathogenesis and progression of 
multiple common diseases, metabolomics approaches can provide valuable 
observations of comprehensive perturbations in relation to health outcomes 
(Newgard, 2017). Recognizing the fundamental role of the genome in the 
production of the functional endogenous units, integration of genomics and 
metabolomics approaches can be especially useful in the studies focusing on 
metabolic disorders (Ala-Korpela, Kangas, & Inouye, 2011). 
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3 Aims of the study 
This thesis focuses on metabolic syndrome-related health issues and utilises 
methods of molecular epidemiology in order to add understanding of the related 
molecular mechanisms. More specifically, the present work aims to 

I  compare the metabolomic effects of HMGCR inhibition by statins versus 
genetic inhibition of PCSK9, 

II  evaluate metabolomic association profiles of fatty liver versus four NAFLD 
risk increasing genotypes, and 

III  assess genetic determinants of 16 circulating inflammatory markers in Finnish 
population cohorts. 
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4 Methods 

4.1 Study populations 

4.1.1 Descriptions of the study cohorts, genotyping and 
metabolomics platforms, and inflammatory marker 
quantifications 

The analyses included in this thesis use data from ten population cohorts from 
Finland, the United Kingdom and China. Study characteristics are described below, 
and an overall summary of the study populations is presented on page 55. In Studies 
I and II, pregnant women and individuals on lipid lowering medication were 
excluded from all the analyses where applicable. 

NFBC1966 and NFBC1986 (Studies I and III) 

The Northern Finland Birth Cohorts 1966 and 1986 (NFBC1966 and NFBC1986) 
were introduced to study factors affecting preterm birth, low birth weight, and 
subsequent morbidity and mortality in the two northernmost provinces of Finland 
(www.oulu.fi/nfbc). The NFBC1966 comprises 96% of all births during 1966 in 
the region (Rantakallio, 1978). Altogether, 12 058 children were live-born into the 
cohort, and the follow ups occurred at the ages of 1, 14, 31, and 46 years (Rautio 
et al., 2017; Sabatti et al., 2009). The NFBC1986 covers 99% of all the deliveries 
in the region during July 1985-June 1986 with the number of live born children 
being 9 432 (Järvelin, Hartikainen, & Rantakallio, 1993). The original data have 
been supplemented at the ages of 7, 8 and 15-16 years. The research protocols have 
been approved by the Ethics Committee of the Northern Ostrobothnia Hospital 
District, Finland, and all participants have given their written informed consent. 

The Study I uses data from both NFBC1966 and NFBC1986. Among the 
participants of NFBC1966 31 years follow-up, altogether 4 705 individuals had 
NMR-based metabolomics and genotype information available. In NFBC1986, a 
total of 3 216 participants of the data collection at 15-16 years of age had NMR 
metabolomics and genotype data available. Metabolic profiling of serum samples 
was conducted using the NMR-based metabolomics platform by Nightingale 
Health Ltd (2016 quantification version) in both studies. 
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In the Study III, data from the NFBC1966 31 years follow-up were used. 
Genotype data, body mass index, and inflammatory phenotypes were available for 
altogether 5 284 individuals. The total of 16 inflammatory phenotypes were 
quantified from plasma samples using Bio-Rad’s Bio-Plex 200 system (Bio-Rad 
Laboratories Inc., CA, USA) with Milliplex human chemokine/cytokine and 
CVD/cytokine kits (Cat# HCYTOMAG-60K-12 and Cat# SPR349; Millipore, St 
Charles, MO, USA). 

FINRISK97 and FINRISK07 (Study I) 

The FINRISK cohorts are cross-sectional population surveys conducted to evaluate 
the risk factors of chronic diseases and health behaviour in the Finnish working age 
population (25-74 years) (Borodulin et al., 2017). The surveys are carried out every 
five years since 1972. The present Study I uses data from surveys conducted in 
1997 and 2007. The studies have been approved by the Coordinating Ethical 
Committee of the Helsinki and Uusimaa Hospital District, Finland. 

The data from the FINRISK97 survey utilized in the Study I is from 6 643 
individuals who had both metabolomics and genotype information available. The 
FINRISK07 data comprises metabolomics and genotype information from 3 875 
individuals. NMR metabolomics was measured from fasting serum samples using 
the Nightingale Health Ltd 2016 quantification version. Genotypes were 
determined by 670k Illumina HumanHap arrays in FINRISK97 and by Illumina 
Cardio-MetaboChip in FINRISK07. 

ALSPAC children and mothers (Study I) 

The Avon Longitudinal Study of Parents and Children (ALSPAC) was established 
to study the influence of genetic and environmental factors on health and 
development in parents and children (Fraser et al., 2013). The study recruited 
13 761 pregnant women from a defined area in the South West of England with an 
expected date of delivery between April 1st 1991 and December 31st 1992. These 
mothers have been followed up over two decades. The children born to the birth 
cohort have been followed up since the age of seven years (Boyd et al., 2013). The 
studies have been approved by the ALSPAC Law and Ethics Committee and the 
UK National Health Service Research Ethics Committee. Parents have provided 
written informed consent, and the main caregiver has initially provided consent for 
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child participation until the age of 16 since when the children themselves have 
provided informed written consent. 

In the Study I, data from 3 054 women were analysed. These women 
participated to the follow-up clinic assessment during 2009-2011 (17-19 years after 
the index pregnancies) and they had both metabolomics and genotype information 
available. Also, the data of 4 459 children collected in the follow-up at 7 years of 
age, and data of 849 children who participated in the follow-up at 15 years of age, 
but not at age of 7, were included in the study (total N for children 5 308). NMR-
based metabolomics was measured using the Nightingale 2014 version of the 
experimental setup from EDTA plasma samples. The women attended after an 
overnight fast for those attending in the morning or a minimum 6h fast for those 
attending in the afternoon. The children were not required to fast prior to sample 
collection. 

INTERVAL (Study I) 

During the years 2012-2014, the INTERVAL study recruited approximately 50 000 
participants at 25 National Health Service Blood and Transplant blood donation 
centres across England with an aim to find the optimum interval for which it is safe 
for different donors to give blood (Di Angelantonio et al., 2017; Moore et al., 2014). 
The participants of this prospective cohort are predominantly healthy adults, since 
people under 18 years of age or those with recent illness, infection, or major disease, 
such as myocardial infarction, stroke, or cancer, are ineligible for donation. Basic 
lifestyle and health-related information has been collected using online 
questionnaires. The study has been approved by the Cambridge (East) Research 
Ethics Committee and UK Biobank has been approved by the North West Multi-
centre Research Ethics Committee. All the participants gave an informed consent. 

The present Study I uses data from 40 972 participants. NMR metabolomics 
was conducted during 2014-2015 by Nightingale Health Ltd (Helsinki, Finland) for 
EDTA plasma samples using the 2014 quantification version. Glycine, glycerol, 
and pyruvate were not quantified due to the EDTA signal overlapping with the 
NMR signals. Also, glucose and lactate were omitted from the analyses due to post 
sample collection glycolysis progression detected in automated quality control 
analysis. DNA was extracted at LGC Genomics (UK) using the Kleargene method 
and samples with sufficient concentration and purity were genotyped at Affymetrix 
using the Biobank Axiom array.  
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China Kadoorie Biobank (Study I) 

The China Kadoorie Biobank (CKB) was set up to study the genetic and 
environmental causes of common chronic diseases in the Chinese population. The 
baseline survey of CKB took place in 10 localities across China during 
June 2004 - July 2008 (Chen et al., 2011; L. Li et al., 2012). Five urban and five 
rural localities were chosen from China’s nationally representative Disease 
Surveillance Points system to retain geographic and social diversity. Altogether 1 
801 200 residents thought to be aged 35 to 74 years were invited to attend clinics. 
512 869 residents participated, and the actual baseline age range was 30-79 years. 
The study was approved by the Oxford University Tropical Research Ethics 
Committee and the Chinese Center for Disease Control and Prevention Ethical 
Review Committee. All participants provided written informed consent. 

The present Study I uses data from 4 412 individuals with metabolomics and 
genotype information available. NMR metabolomics was measured from non-
fasting EDTA plasma samples using the Nightingale Health Ltd 2016 quantification 
version. DNA extraction and genotyping was performed by BGI laboratory 
(Shenzhen, China) using the Illumina Golden Gate platform. 

PROSPER (Study I) 

The PROspective Study of Pravastatin in the Elderly at Risk (PROSPER) trial is a 
double-blind, randomized placebo-controlled trial investigating the benefit of 
pravastatin (40 mg/day) in elderly individuals at risk of CVD (Shepherd et al., 
1999). Altogether 5 804 individuals aged 70-82 years old were recruited from three 
centres in Glasgow (Scotland), Cork (Ireland) and Leiden (the Netherlands) 
between December 1997 and May 1999. At baseline all participants had cholesterol 
concentrations of 4.0-9.0 mmol/L. Additionally, 50% of the participants had 
symptoms of vascular disease i.e. physician diagnosed stable angina, stroke, 
transient ischaemic attack or myocardial infarction. The remaining 50% of the 
participants were at high risk of vascular disease due to having either hypertension, 
diabetes, or being smokers. Individuals with congestive heart failure were excluded. 
The investigation conforms with the principles outlined in the Declaration of 
Helsinki. The institutional ethics review boards of all three European centres 
approved the study protocol, and all participants provided a written consent to 
participate in the study and for long-term follow-up. 
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Fasting venous blood samples were collected at baseline and at 3-month 
intervals and biobanked at -80°C. For the present Study I, data from 6-month post-
randomization samples were used: metabolic profiles were quantified for 5 359 
samples (2 659 on pravastatin) from previously unthawed samples by NMR 
metabolomics (Nightingale Health Ltd, Helsinki, Finland; 2014 quantification 
version) (Delles et al., 2018). Some metabolic measures are missing due to EDTA 
plasma (glycine, glycerol, pyruvate) or post-sample draw glycolysis progression 
(glucose, lactate) flagged by the automated quality control analyses of the 
metabolite quantification. The characteristics of the PROSPER trial participants is 
given in Table 3. 

Table 3. Characteristics of participants in the PROSPER trial (Study I). 

Characteristics Pravastatin Placebo 

Number of individuals 2 659 2 700 

Male (%) 48,3 48,3 

Age (year) 75.4 ± 3.3 75.3 ± 3.4 

BMI (kg/m2) 26.8 ± 4.1 26.8 ± 4.3 

Triglycerides (mmol/L) 1.5 ± 0.7 1.5 ± 0.7 

Total cholesterol (mmol/L) 5.7 ± 0.9 5.7 ± 0.9 

HDL cholesterol (mmol/L) 1.3 ± 0.4 1.3 ± 0.3 

Friedewald LDL cholesterol (mmol/L) 3.8 ± 0.8 3.8 ± 0.8 

The cardiovascular risk of Young Finns (Study II) 

The Cardiovascular risk in Young Finns Study (YFS) is a population-based follow-
up study started in 1980. In 2011, altogether 2 046 individuals aged 34-49 years 
participated in ultrasound imaging of the liver (Acuson Sequoia 512, Acuson, 
Mountain View, CA, USA). Fatty liver was diagnosed in 372 of the participants 
(18.6%). A more detailed description of the population and ultrasound imaging is 
given in the publications by (Kaikkonen et al., 2017) and (Suomela et al., 2015). 
Lipid and metabolite quantification of serum samples was done using the 
Nightingale Health Ltd’s NMR metabolomics platform. Pregnant women and 
individuals using lipid lowering medication or oral contraceptives were excluded, 
thus the total number of individuals included in Study II was 1 810 (Nfatty liver=338). 
Basic population characteristics are given in Table 4. The Ethics Committee of the 
Hospital District of Southwest Finland approved the study and all the participants 
gave a written informed consent. 
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Table 4. Characteristics of the YFS population (Study II). 

Variable Fatty liver No fatty liver Total population 

N 338 1 472 1 810 

Male (%) 237 (70.1) 630 (42.8) 867 (47.9) 

Age, years 43.0 ± 4.7 41.6 ± 5.0 41.9 ± 5.0 

BMI, kg/m2 30.5 ± 5.3 25.5 ± 4.3 26.4 ± 4.9 

Smokers (%) 55 (16.3) 198 (13.5) 253 (14.0) 

Alcohol consumption per day* 2.13 ± 1.8 1.87 ± 1.6 1.92 ± 1.6 

Values are mean ± sd, or absolute N count and corresponding percentage. 

* One unit equals to 12g of alcohol. 

YFS, Young Finns Study 
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4.2 Descriptions of SNPs used in metabolic profiling of lipid-
lowering therapies and NAFLD 

4.2.1 Genetic instruments used as proxies for LDL-C lowering 
therapies (Study I) 

PCSK9 encoding the target protein of PCSK9 inhibitors is located on the short arm 
of chromosome 1. PCSK9 rs11591147-T (R46L) is a loss-of-function allele 
associated with both lower LDL-C level and lower CVD risk (J. C. Cohen et al., 
2006; Ference et al., 2016). The allele frequency is low being <1% in the 1000 
Genomes database, where it occurs only in American and European populations 
with respective allele frequencies of 1.6% and 2.1% (The 1000 Genomes Project 
Consortium, 2015). The LDL-C lowering effect is relatively large, estimated to be 
roughly -15% or -0.5 mmol/l in T allele carriers as compared to the G allele carriers 
in the Atherosclerosis Risk in Communities (ARIC) study participants aged 45-64 
years (J. C. Cohen et al., 2006). Previous evidence advocates that the single loss-
of-function allele makes an appropriate proxy for PCSK9 inhibition: in the study 
by Ference et al., the magnitude of the risk of coronary heart disease associated 
with rs11591147-T was similar to the effect of a gene score comprised of multiple 
PCSK9 variants (Ference et al., 2016). 

HMGCR encoding the enzyme targeted by statins locates to the long arm of 
chromosome 5. The association of HMGCR rs12916-T with lower LDL-C or lower 
CVD risk has been replicated in multiple studies (Ference et al., 2016; Swerdlow 
et al., 2015; Würtz et al., 2016). It is a common variant located on the 3’untranslated 
region (UTR) with the LDL-C lowering allele (T) frequency of 58% in the 1000 
Genomes database (The 1000 Genomes Project Consortium, 2015). The effect of 
rs12916-T on the LDL-C level has been estimated to be approximately -0.073 
standard deviations (SD) in the large metabolomics GWAS (Global Lipids Genetics 
Consortium et al., 2013) corresponding roughly to a reduction of 0.035 mmol/l. 
The LDL-C lowering effect arises due to lower hepatic HMGCR expression 
associated with the rs12916-T (Swerdlow et al., 2015). This allele has been used as 
a genetic proxy in studies estimating the impact of HMGCR inhibition on the risk 
of T2D and bodyweight (Swerdlow et al., 2015) or determining metabolomic 
effects of statin use (Würtz et al., 2016). 
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4.2.2 Risk alleles used for metabolic profiling of molecular pathways 
in NAFLD (Study II) 

The four alleles used for metabolic profiling of molecular pathways in NAFLD in 
the Study II were identified in the so far largest GWAS on hepatic steatosis: these 
alleles were found to be associated with both computed tomography defined 
steatosis and NAFLD involving lobular inflammation and fibrosis (Speliotes et al., 
2011). The discovery GWAS was performed in 7 176 individuals of European 
descent from four population cohorts. The validation of the identified SNPs was 
tested in 592 individuals with biopsy-proven NAFLD from the United States using 
two different control populations of 1 405 and 3 212 individuals. The identified 
NAFLD risk alleles are described in the following text and tabulated in Table 6. 

Patatin-like phospholipase domain containing 3 (PNPLA3) rs738409-G is the 
strongest genetic risk factor for NAFLD (Anstee & Day, 2013) having an odds ratio 
of 3.24 for histologic NAFLD (Speliotes et al., 2011). A meta-analysis on 2 937 
individuals with biopsy-proven NAFLD estimated that the GG genotype increases 
the hepatic triglyceride content by 73% in comparison to the reference CC genotype 
(Sookoian & Pirola, 2011). The rs738409-G allele is a common variant with a 
frequency of 26% in the 1000 Genomes worldwide sample (The 1000 Genomes 
Project Consortium, 2015). The PNPLA3 gene locates to the long arm of 
chromosome 22. Its expression is strongest in liver, and weaker expression is 
detected in skin, transformed fibroblasts, and subcutaneous adipose tissue 
(Lonsdale et al., 2013). 

Glucokinase regulator (GCKR) rs1260326-T is another well-established 
genetic risk factor for NAFLD (Anstee & Day, 2013). The combined effects of 
PNPLA3 rs738409-G and GCKR rs1260326-T explain approximately one third of 
the liver fat content in obese children (Santoro et al., 2012). In the study by 
Speliotes et al., the GCKR risk allele shows an OR of 1.18 for histologic NAFLD 
(Speliotes et al., 2011). The GCKR gene is in the short arm of chromosome 2; it is 
expressed predominantly in liver, and to a lesser extent in ovarian tissue, adrenal 
gland, testis and stomach (Lonsdale et al., 2013). The NAFLD risk allele is a 
common variant with an allele frequency of 29% in the 1000 Genomes global 
sample (The 1000 Genomes Project Consortium, 2015). 

The NAFLD risk allele Neurocan (NCAN) rs2228603-T reported to have an 
OR of 1.90 on histologic NAFLD in the study by Speliotes et al. is in LD with 
Transmembrane 6 superfamily member 2 (TM6SF2) rs58542926-T. The TM6SF2 
allele has been suggested to be the functional variant in the NCAN/TM6SF2 locus 
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explaining the association with NAFLD (Holmen et al., 2014; Kozlitina et al., 
2014). The same allele has recently been associated with early onset NAFLD 
(Goffredo et al., 2016) and is suggested to be one of the major determinants of inter-
individual variation in liver fat (Dongiovanni, Romeo, & Valenti, 2015). Compared 
with the common alleles in PNPLA3 and GCKR, the frequency of TM6SF2 
rs58542926-T is lower, being 7% in the 1000G global sample (The 1000 Genomes 
Project Consortium, 2015). TM6SF2 locates in the short arm of chromosome 19. In 
addition to being expressed in the liver, TM6SF2 shows high expression in the small 
intestine (Lonsdale et al., 2013). 

Among the four variants identified in the NAFLD GWAS by Speliotes et al., 
the function of Lysophospholipase like 1 (LYPLAL1) rs12137855-C is the least 
known. Its OR on histologic NAFLD was reported to be 1.21 (Speliotes et al., 2011), 
but there are no other studies providing replication for this finding. LYPLAL1 
rs12137855-C has a high allele frequency being 84% in the 1000G global sample 
(The 1000 Genomes Project Consortium, 2015). LYPLAL1 locates in the long arm 
of chromosome 1 and is expressed in multiple tissues (Lonsdale et al., 2013). 

Table 6. Description of NAFLD risk increasing genotypes. 

  NAFLD GWAS (Speliotes et al., 2011)  Metabolomics GWAS 

(Kettunen et al., 2016)  

Gene SNP-EA Locus OR for histologic 

NAFLD (95% CI) 

EAF  EAF 

PNPLA3 rs738409-G 3.24 (2.83-3.72) 0.23  0.23 

NCAN rs2228603-T 1.90 (1.55-2.34) 0.07  0.07 

* TM6SF2 rs58542926-T NA  0.06 

LYPLAL1 rs12137855-C 1.21 (1.02-1.43) 0.79  0.74 

GCKR rs780094-T 1.18 (1.05-1.34) 0.39  0.37 

* GCKR rs1260326-T NA  0.36 

Table 6 is modified from (Sliz, Sebert, et al., 2018). The studied variants were associated with computed 

tomography characterized steatosis and biopsy-proven NAFLD involving liver inflammation and fibrosis 

by Speliotes et al. (Speliotes et al. 2011). The functional variants explaining the NAFLD associations of 

the NCAN and GCKR loci are denoted separately (*). To achieve coherency, the NCAN locus is referred 

to as TM6SF2 throughout the text. SNP, single nucleotide polymorphism; EA, effect allele; OR, odds 

ratio; NAFLD, non-alcoholic fatty liver disease; EAF, effect allele frequency; NA, not available. 
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4.3 Statistical analyses 

4.3.1 Metabolic effects of pravastatin and PCSK9 rs11591147-T 
(Study I) 

The effects of pravastatin (40 mg/day) on the 228 metabolic measures in the 
PROSPER trial were assessed six months post randomization: the differences 
between the placebo and pravastatin groups in the metabolic measure means were 
quantified using linear regression with each of the metabolic measures as outcome 
and treatment status as predictor, adjusted for age and sex. The metabolic measures 
were scaled to standard deviation (SD) units prior to the analyses, to enable 
comparison of measures with different units and across varying ranges of metabolic 
measure levels. 

The effect of genetic inhibition of PCSK9 on the corresponding 228 metabolic 
measures was assessed separately in regression models with metabolic measures as 
outcomes and rs11591147 genotype as predictor. Here, rs11591147 was encoded 
by 0, 1 and 2 representing the number of LDL-C lowering alleles (T). The genetic 
analyses assumed an additive effect and were adjusted for age, sex, and the first 
four genetic principal components. As for analyses of PROSPER, all metabolic 
measures were scaled to SD units. Each of the eight cohorts was analysed separately, 
and the results were combined using inverse variance-weighted fixed effect meta-
analysis. 

The significance of differences in the effect estimates between statin therapy 
and PCSK9 inhibition was determined using the formula below, and the 
corresponding p-values were derived from the normal distribution: 

= ( − ) − ( − ) 

The overview of the study setting in the Study I is provided in Fig. 5. All the 
analyses were performed in R version 3.2.2. The statistical significance was 
considered at p<0.0003 (0.05/3/54) to account for the three sets of analyses 
conducted (pravastatin, PCSK9, and difference in their effects) and 54 independent 
tests. The number of independent tests was estimated by taking the average number 
of principal components explaining 99% of the variation in the metabolic measures 
within each of the cohorts. 
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Fig. 5. Study setting in Study I (modified from (Sliz, Kettunen, et al., 2018)). 
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As a replication study, the effects of the pravastatin in the PROSPER trial were 
compared with the recent results from the PREVEND-IT trial that used the same 
NMR metabolomics platform for metabolomic characterization of pravastatin 
(40 mg/day) in 195 individuals on treatment (Kofink et al., 2017). Moreover, 
genetic tests using HMGCR rs12916 as a predictor were performed to provide 
further support for the use of a genetic proxy to mimic the metabolic effects of 
PCSK9 inhibition. The overall resemblance in the metabolic effects between 
pravastatin and genetic inhibition of PCSK9 was estimated using the linear fit of 
153 metabolic measures, encompassing all metabolic measures except lipoprotein 
lipid ratios and five polar metabolites that were excluded from PROSPER data due 
to technical reasons. 

4.3.2 Metabolic association profile of fatty liver (Study II) 

In Study II, linear regression models were fitted to study the cross-sectional 
associations between fatty liver with 123 metabolic measures in the YFS population. 
The data processing and analysis model corresponded to those of (Kettunen et al., 
2016) in order to enable the comparison of the cross-sectional and genetic effect 
estimates. The metabolic measures were adjusted for age, sex and ten first genetic 
principal components preceding the analysis, and the resulting residuals were 
transformed to a normal distribution by inverse rank-based normal transformation. 
The adjusted and transformed metabolic measures were used as outcomes in the 
equations, and fatty liver served as a categorical variable (fatty liver vs. no fatty 
liver). 

Secondary analyses were conducted with additional adjustment for alcohol 
consumption or BMI to evaluate the possible contribution of alcoholic fatty liver 
and obesity to the metabolic changes. 

The analyses were done using R version 3.2.2. The statistical significance was 
considered at p<0.0004 (0.05/5/22), where five is the number of analyses conducted 
(fatty liver and four NAFLD risk alleles) and 22 is the number of principal 
components explaining 95% of the variation in the metabolomics data (Kettunen et 
al., 2016) used as an estimate for the number of independent tests. 

4.3.3 GWAS on inflammatory markers in circulation (Study III) 

Study III is a GWAS study on circulating levels of markers of systemic 
inflammation. To facilitate comparison between the present results and a previously 
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published GWAS (Ahola-Olli et al., 2017), the data processing and analysis model 
used in Study III were identical to those of Ahola-Olli et al. Prior to the association 
testing, inflammatory marker levels were adjusted for age, sex, BMI and the ten 
first genetic principal components to control for population stratification. The 
resulting residuals were inverse-rank transformed to normality, and the adjusted 
and transformed residuals were used as phenotypes in the GWA tests. The tests 
were performed using snptest_v2.5.1 software (Marchini & Howie, 2010; Marchini, 
Howie, Myers, McVean, & Donnelly, 2007). Allele effects were estimated using an 
additive model (-frequentist 1) and the option to centre and scale the phenotypes 
was disabled (-use_raw_phenotypes). The GWAS results were filtered to include 
markers with model fit info > 0.8 and minor allele count > 10 in the meta-analyses. 

Meta-analyses for the ten markers available in the previous GWAS (IL1β, 
IL1ra, IL4, IL6, IL8, IL17, IP10, MCP1, TNFα and VEGF) were performed using 
METAL software (v.2011-03-25) (Willer, Li, & Abecasis, 2010). Genomic control 
correction was enabled to account for population stratification and cryptic 
relatedness. 

Statistical significance was considered at p<3.1x10-9, where the standard 
genome-wide significance level p<5x10-8 was corrected for the 16 inflammatory 
phenotypes tested. 

Supplemental genome-wide tests in NFBC1966 

Individuals having a C-reactive protein (CRP) level > 10 mg/l or self-reported fever 
at the time of the blood sampling were excluded from the supplementary genome-
wide tests performed in the NFBC1966 population. Aside from exclusion of the 
individuals showing symptoms of an acute infection, the analysis models were as 
above. 

Conditional tests and variance explained 

To evaluate whether the significant loci harbour multiple independent association 
signals, conditional analyses were conducted by further adjusting the models with 
the locus-specific lead variants. The conditional tests were performed within a 2Mb 
window around the lead variant for the inflammatory phenotypes studied in the 
NFBC1966 population only. For the meta-analysed markers, a method proposed by 
Yang et al. enabling conditional analyses of GWAS summary statistics was applied 
(J. Yang et al., 2012; J. Yang, Lee, Goddard, & Visscher, 2011). In these tests, 
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NFBC1966 was used as a reference sample to estimate LD correction. The 
proportion of variance explained was calculated for all independent variants using 
the following formula:  = (  2  (1 − ))  

Complementary association tests on soluble adhesion molecule levels 

In order to evaluate the effect of the ABO blood groups on the soluble adhesion 
molecule levels, complementary association tests for sE-selectin, sICAM-1 and 
sVCAM-1 were conducted within a 2 Mb window by adjusting the models further 
with the ABO blood group or rs507666 genotype tagging the A1 subtype. In 
addition, effect estimates of ABO blood groups and ABO blood groups stratified 
by rs507666 genotype on sE-selectin, sICAM-1 and sVCAM-1 levels were 
determined in linear models, where adjusted and transformed soluble adhesion 
molecule concentrations were as outcomes and ABO blood group as categorical 
variables (A versus non-A, B versus non-B, etc.). 

4.4 Analysis of data from published studies 

4.4.1 Metabolic effects of NAFLD risk alleles 

Effect estimates of PNPLA3 rs738409-G, GCKR rs1260326-T, GCKR rs780094-T, 
TM6SF2 rs58542926-T, NCAN rs2228603-T and LYPLAL1 rs12137855-C on the 
metabolic measures were derived directly from a GWAS performed using 14 
European cohorts in up to 24 925 individuals (Kettunen et al., 2016). The mean 
ages of the participants per cohort ranged from 23.9-61.3 years, and the mean BMI 
ranged from 23.1-28.2 kg/m2 with the whole sample mean age being 46.3 years and 
mean BMI 26.0 kg/m2. 

To facilitate comparison of the metabolic effects of the risk alleles relative to 
NAFLD risk increase, the effects and related 95% confidence intervals were scaled 
with respect to the log(odds ratio) on histologic NAFLD associated with the 
corresponding locus in the large-scale NAFLD GWAS (Speliotes et al., 2011). 
Scaling the metabolic associations with respect to a common factor allows 
evaluation of the effect similarities regardless of the magnitude of the absolute 
effects, which can be helpful when the study interest is on the metabolic pathways 



62 

involved rather than in the absolute effects. The same principle has been applied in 
a study comparing metabolic effects of statin treatment versus genetic inhibition of 
HMGCR, where the large difference in the absolute effects of statins and rs12916-T 
genotype was overcome by scaling the metabolic effects to the magnitude of 
LDL-C lowering (Würtz et al., 2016). 

4.4.2 The summary statistics of a GWAS on inflammatory 
phenotypes in three Finnish population cohorts 

The results of the GWAS conducted in NFBC1966 for IL1β, IL1ra, IL4, IL6, IL8, 
IL17, IP10, MCP1, TNFα and VEGF were meta-analysed with the summary 
statistics from a previous GWAS including up to 8 293 individuals from The 
Cardiovascular Risk in Young Finns Study (YFS) and FINRISK (Ahola-Olli et al., 
2017; Borodulin et al., 2017; Raitakari et al., 2008). Data from up to 13 577 
individuals were studied in the present meta-analyses as described in the Chapter 
4.3.3. 

YFS is a population-based follow-up study that was started in 1980 with 
randomly chosen individuals from Helsinki, Tampere, Kuopio, Oulu and Turku. 
The GWAS by Ahola-Olli et al. examined data from 2 019 individuals who 
participated in the follow-up in 2007 and who had both inflammatory phenotype 
and genotype data available (Ahola-Olli et al., 2017). 

FINRISK surveys are conducted every five years to monitor chronic diseases 
and their risk factors in the Finnish population. The surveys comprise independent, 
random and representative samples from different geographical areas of Finland. 
The GWAS by Ahola-Olli et al. included data of participants of the 1997 and 2002 
surveys (Ahola-Olli et al., 2017). 

670k Illumina HumanHap arrays (Illumina Inc., CA, USA) were used for 
genotyping in these studies and the subsequent imputation was based on the 1000 
Genomes reference panel. The quantification of the inflammatory phenotypes was 
completed using Bio-Rad’s premixed Bio-Plex Pro Human Cytokine 27-plex Assay 
and 21-plex Assay, and Bio-Plex 200 reader with Bio-Plex 6.0 software (Bio-Rad 
Laboratories Inc., CA, USA). Samples were serum in YFS, EDTA plasma in 
FINRISK1997, and heparin plasma in FINRISK2002 (Ahola-Olli et al., 2017). 
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4.4.3 Comparisons of SNP effects on inflammatory phenotypes 
versus cardiovascular traits 

Inflammation plays a major role in the cardiovascular biology and previous 
evidence suggests that the risk of CVD is associated with elevation in the 
circulating concentration of inflammatory markers (Hwang et al., 1997; Ridker, 
Hennekens, Buring, & Rifai, 2000). A comparison of the genetic effects can inform 
on how genotypes at the loci associating with inflammatory phenotypes in the 
present Study III relate to other cardiovascular traits. To compare the genetic effects, 
open-access summary statistics provided by CARDIoGRAM (Nikpay et al., 2015), 
MEGASTROKE consortium (Malik et al., 2018), and Global Lipids Genetics 
Consortium (Global Lipids Genetics Consortium et al., 2013) were studied. 
Comparisons of the data were performed using gwas-pw, a tool that enables 
genome-wide searches of loci influencing pairs of traits (Pickrell et al., 2017). The 
gwas-pw estimates a probability if a given locus harbours variants influencing one 
of the studied traits (models 1 and 2), if the same variant influences both of the 
traits (model 3), or if separate variants within a locus influence the two traits (model 
4). The summary statistics for risk of coronary artery disease (CAD), risk of 
ischaemic stroke, and LDL-C, HDL-C, total cholesterol, and total triglyceride 
concentrations were compared with the summary statistics of all the inflammatory 
phenotypes showing significant association in the present Study III. 
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5 Results 

5.1 Metabolomic effects of PCSK9 and HMGCR inhibition (Study I) 

In the Study I, metabolomic effects of PCSK9 genetic inhibition were compared 
with the metabolomic effects of HMGCR inhibition by statin therapy. PCSK9 
rs11591147-T was used as an instrument in the analyses that were conducted in 
72 185 individuals from eight population cohorts. The effect allele frequency was 
2.2% in the study sample with the number of effect allele carriers being 3 135. 

5.1.1 Pravastatin therapy and HMGCR genetic inhibition show highly 
matching metabolic effects 

The overall metabolic effects of pravastatin in PROSPER were found to be highly 
concordant also to the effects of HMGCR rs12916-T (R2=0.95, Fig. 6) in the same 
study population that was used for determining the metabolic effects of PCSK9 
rs11591147-T. This suggests that genetic proxies serve as suitable tools to evaluate 
metabolic effects of corresponding pharmacotherapies. 

Fig. 6. Consistency of metabolic effects of HMGCR rs12916-T and pravastatin therapy 
in the PROSPER trial. Effect sizes of each metabolic measure are given with 95% 
confidence intervals in grey error bars. The red dashed line indicates the linear fit 
between the effects. The goodness-of-fit denoted by R2 has been estimated for a subset 
of 153 metabolic measures, excluding lipoprotein lipid ratios and five metabolites that 
were not available for the PROSPER trial (pyruvate, lactate, glucose, glycine, and 
glycerol). Fig. 6 is modified from (Sliz, Kettunen, et al., 2018). 
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5.1.2 The metabolic effects of PCSK9 inhibition and pravastatin are 
generally similar 

The overall resemblance of the metabolic effects of pravastatin in the PROSPER 
trial and genetic inhibition of PCSK9 by rs11591147-T are compared in Fig. 7. The 
high concordance (R2=0.88) demonstrates highly comparable metabolic changes 
induced by statin therapy and genetic inhibition of PCSK9. However, some 
discrepancies, primarily for VLDL particles and related lipids, were observed 
between pravastatin and PCSK9 genetic inhibition. 

Fig. 7. The correspondence of the overall metabolic effects of PCSK9 rs11591147-T and 
pravastatin (modified from (Sliz, Kettunen, et al., 2018)). For each metabolic measure, 
the effect estimate is given together with 95% confidence intervals as grey error bars. 
The dashed line denotes the linear fit for the consistency of the metabolic effects. The 
goodness-of-fit denoted by R2 has been estimated for a subset of 153 metabolic 
measures, excluding lipoprotein lipid ratios and five metabolites that were not available 
for the PROSPER trial (pyruvate, lactate, glucose, glycine, and glycerol). Colour coding 
for the metabolic measures shows the statistical significance for heterogeneity between 
PCSK9 rs11591147-T and pravastatin. C, cholesterol; FA, fatty acids; HDL, high-density 
lipoprotein; IDL, intermediate density lipoprotein; LDL, low-density lipoprotein; PL, 
phospholipids; PUFA, polyunsaturated fatty acids; TG, triglycerides; VLDL, very-low-
density lipoprotein. 
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5.1.3 Lipoprotein lipid lowering promoted by PCSK9 genetic 
inhibition and pravastatin 

The effects of pravastatin and genetic inhibition of PCSK9 on lipoprotein lipids are 
shown in Fig. 8. When scaled to the lowering effect on LDL-C (%LDL-C), the effects 
on total and IDL cholesterol were similar for both pravastatin and PCSK9 
rs11591147-T. However, PCSK9 rs11591147-T was less efficient at lowering 
VLDL cholesterol (VLDL-C) compared with statins (54%LDL-C vs. 77%LDL-C, p for 
heterogeneity (Phet)=2x10-7). The lipoprotein subclass particle concentration 
showed a pattern where the lowering effect was similar in all three LDL 
subfractions, while PCSK9 rs11591147-T lowered the concentrations of small, 
medium-sized and large VLDL particles to a lesser extent as compared with 
pravastatin. 

For both statin therapy and genetic inhibition of PCSK9, the lowering effects 
on triglyceride measures were modest compared to those observed for cholesterol 
in the same lipoprotein subfractions (Fig. 8). The most evident lowering of 
triglycerides was observed for IDL and LDL particles. Compared with statin 
therapy, PCSK9 rs11591147-T showed a weaker effect on lowering total, VLDL 
and HDL triglycerides (16%LDL-C vs. 37%LDL-C, Phet=3x10-6 for total triglycerides, 
8%LDL-C vs. 30%LDL-C, Phet=2x10-6 for VLDL triglycerides, and 17%LDL-C vs. 
45%LDL-C, Phet=9x10-10 for HDL triglycerides, respectively). 

In line with the observed discrepancies for lowering of the largest VLDL 
subfraction particles, PSCK9 rs11591147-T associated with a modestly larger 
VLDL particle size, whereas statin therapy had no effect on this measure. The 
lowering effects on apolipoprotein concentrations were similar, albeit a slightly 
larger decrease was seen for statin therapy on the apoB to A-I ratio (Fig. 8). 

5.1.4 Fatty acids and non-lipid metabolites 

Absolute concentrations of all fatty acids were lowered, with the most 
pronounced lowering for concentrations of linoleic acid, an omega-6 fatty acid 
commonly bound to cholesteryl esters in LDL particles (Fig. 9). For the same 
lowering of LDL-C, the effects of pravastatin and PCSK9 rs11591147-T were 
broadly similar, albeit with the lowering of total fatty acids being stronger in the 
case of pravastatin (67%LDL-C vs. 50%LDL-C; Phet=2x10-4). The effects on the fatty 
acid ratios were generally modest, both for statin therapy and PCSK9 rs11591147-
T. A pronounced discrepancy between these was observed for the overall degree of 
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fatty acid unsaturation (16%LDL-C reduction for PCSK9 vs. 26%LDL-C increase for 
pravastatin; Phet=4x10-20). 

Fig. 8. Effects of statin treatment and genetic inhibition of PCSK9 on lipoprotein and 
lipid levels (modified from (Sliz, Kettunen, et al., 2018)). The corresponding 95% 
confidence intervals are indicated with error bars. 
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Fig. 9. Effects of statin treatment and genetic inhibition of PCSK9 on fatty acids and 
fatty acid ratios (modified from (Sliz, Kettunen, et al., 2018)). The corresponding 95% 
confidence intervals are indicated with error bars. 

Statin therapy showed only minor effects on non-lipid measures (Fig. 10); the 
strongest lowering effects were observed for the inflammation marker GlycA 
(17%LDL-C) and amino acid isoleucine (7%LDL-C). The effects of PCSK9 
rs11591147-T were also very close to null for these measures, including for 
glycolysis related metabolites and markers of insulin resistance. Of note, the 
PROSPER trial lacks information on glucose, lactate, and pyruvate due to 
glycolysis progression after sample collection. 

5.1.5 Pravastatin effects in PROSPER trial versus PREVEND-IT trial 

Recently published results of the PREVEND-IT trial provided a chance for 
replication of the pravastatin effects, as the same NMR metabolomics platform was 
used in the study by Kofink and colleagues (Kofink et al., 2017). The pravastatin 
effects in the two trials were highly concordant (R2=0.96; data available in the 
supplement of the original publication (Sliz, Kettunen, et al., 2018)). 
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Fig. 10. Effects of statin treatment and genetic inhibition of PCSK9 on non-lipid 
metabolites (modified from (Sliz, Kettunen, et al., 2018)). The corresponding 95% 
confidence intervals are indicated with error bars. 

5.2 Metabolic profiling of fatty liver and four risk alleles for non-
alcoholic fatty liver disease (Study II) 

In Study II, metabolic effects of fatty liver in the YFS population (N=1 810, 
Nfatty liver=338) were compared with the metabolomic effects of four NAFLD risk 
increasing genotypes in GCKR, LYPLAL1, PNPLA3 and TM6SF2 acquired from a 
metabolomics GWAS in 24 925 Europeans (Kettunen et al., 2016). 
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5.2.1 Metabolic changes associated with cross-sectional fatty liver 

Altogether 84 metabolic measures showed association (p<0.0004) with ultrasound-
ascertained fatty liver when adjusted for age, sex, and 10 first genetic principal 
components (Fig. 11, panel 1). Lipoprotein subclasses showed an association 
pattern where the largest VLDL particles were robustly associated with fatty liver, 
while the effect size got smaller when the particle size decreased and again larger 
for medium and small LDL particles. HDL particle subclasses showed 
heterogenous associations with fatty liver: concentration of very large and large 
HDL particles showed negative association with fatty liver, while the association 
with small HDL particle concentration was positive. Fatty liver associated with 
larger VLDL particle diameter and with reduced LDL and HDL particle diameters. 
Fatty liver showed positive association with the apoB concentration. Fatty liver 
associated also with increased serum total triglycerides and increased triglycerides 
in all lipoprotein subclasses except triglycerides in very large HDL particles. 
Concentrations of circulating total fatty acids, PUFA, MUFA, and omega-7, -9 and 
other saturated fatty acids were increased in association with fatty liver, while its 
association with fatty acid length was negative. Fatty liver showed association also 
with multiple non-lipid measures: associations with glucose, lactate, pyruvate and 
glycerol, as well as with amino acids alanine, isoleucine, leucine, valine, 
phenylalanine and tyrosine were positive, while association with glutamine was 
negative. 

A supplementary analysis further adjusted for alcohol consumption resulted in 
a practically identical association profile with the primary analysis (data available 
in the supplement of the original publication (Sliz, Sebert, et al., 2018)). 
Adjustment for BMI attenuated the effect estimates, as expected, but the overall 
association pattern was similar to the primary analysis. 

5.2.2 NAFLD risk alleles in GCKR and LYPLAL1 tend to increase 
levels of circulating lipids 

The association profile of GCKR rs1260326-T was comparable in many aspects to 
the fatty liver associations (Fig. 11, panel 2). However, some dissimilarities were 
evident. Glucose concentration showed a slight decrease in association with GCKR 
rs1260326-T, while it was increased in association with fatty liver. GCKR 
rs1260326-T did not show robust associations with concentrations of amino acids 
phenylalanine and tyrosine, both of which were increased in association with fatty 
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liver. Lipoprotein association profiles of the GCKR rs1260326-T differed in terms 
of very large and large HDL particle subfraction concentrations and lipid 
composition: the particle concentration of the two HDL subfractions together with 
all lipids except triglycerides in these subfractions showed only tenuous reduction 
in association with GCKR rs1260326-T but were highly decreased in association 
with fatty liver (data available in the supplementary material of the original 
publication, (Sliz, Sebert, et al., 2018)). The concentration of apoA-I was increased 
in association with GCKR rs1260326-T while it showed a small reduction in 
association with fatty liver. In addition, GCKR rs1260326-T showed a positive 
association with concentrations of all the studied fatty acids, including omega-3 
fatty acids, docosahexaenoic acid, omega-6 fatty acids and linoleic that showed no 
association with fatty liver. 

The metabolic association profile of LYPLAL1 rs12137855-C was highly 
similar to that of GCKR rs1260326-T in terms of highly correlated effect estimates 
of the two risk alleles (R2=0.71, Fig. 13 A). However, the effects of the LYPLAL1 
variant were statistically less robust and the effect magnitudes were weaker than 
for the GCKR variant (Fig. 11, panel 3). The high correlation of the metabolic 
effects suggests that LYPLAL1 may function on a related biological pathway with 
GCKR. 

5.2.3 The strongest genetic risk factor for NAFLD, PNPLA3 
rs738409-G, does not show robust associations with 
circulating lipids and metabolites 

PNPLA3 rs738409-G did not show robust associations with any of the studied 
metabolic measures (Fig. 11, panel 4). When compared with the fatty liver effects, 
the NAFLD risk scaled metabolic effects of PNPLA rs738409-G were much closer 
to zero, and the confidence intervals for effect estimates of cross-sectional fatty 
liver and PNPLA3 rs738409-G were clearly separated. 

5.2.4 NAFLD risk allele in TM6SF2 associates with cardioprotective 
metabolic changes 

TM6SF2 rs58542926-T showed robust associations in particular on the lipoprotein 
lipid traits (Fig. 11, panel 5). However, the effect estimates were negative indicating 
lower concentrations of the lipids and metabolites in relation to higher NAFLD risk. 
The TM6SF2 allele associated with lower concentrations of all the VLDL, IDL and 
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LDL particle subclasses and all the lipid species in these subclasses. Furthermore, 
the variant showed inverse association with serum total triglycerides and 
triglycerides in all the lipoprotein subfractions including the HDL particles. The 
variant associated with smaller VLDL particle diameter, while it did not show an 
effect on LDL nor HDL particle size. The TM6SF2 rs58542926-T associated with 
a lower concentration of the apoB but did not show an effect on apoA-I. It showed 
inverse association also with concentrations of all the fatty acids, while the 
qualitative measures were not influenced by this variant. In addition, the T-allele 
associated with lower levels of glycerol and inflammation marker GlycA (Ritchie 
et al., 2015). 

5.2.5 Resemblance of the metabolic effects 

The overall correspondence between the metabolic effects of the risk alleles and 
cross-sectional fatty liver is shown in Fig. 12. Among the four risk alleles, the 
metabolic effects of the GCKR rs1260326-T was the most similar to the metabolic 
association profile of fatty liver (R2=0.77, Fig. 12 C). For the other risk alleles, the 
coefficients of determination were R2=0.67 for the LYPLAL1 allele (Fig. 12 D), 
R2=45 for the TM6SF2 allele (Fig. 12 B), and R2=0.30 for the PNPLA3 allele 
(Fig. 12 A). 

Pairwise comparisons of the risk allele association profiles showed highly 
similar metabolic effects of the GCKR rs1260326-T and LYPLAL1 rs12137855-C 
(R2=0.71, Fig. 13 A). An inverse correlation was observed for the metabolic effects 
of TM6SF2 rs58542926-T with the effects of both GCKR rs1260326-T and 
LYPLAL1 rs12137855-C (R2=0.66 and R2=0.50, respectively; Fig. 13 C and 
Fig. 13 E). The remaining correlations were weaker (0.19≤R2≤0.24; Fig. 13 B, D, 
and F). 

To control for intercorrelation of the lipoprotein lipid traits, supplementary 
tests were completed to evaluate the correlations of the metabolic effects using a 
subset of metabolic measures that represented independent clusters (k=29) 
identified in the YFS metabolomics data. The magnitudes of the coefficients were 
somewhat smaller than those obtained with the full data as expected, but supported 
the findings of the main analyses (data available in the supplementary material of 
the original publication, (Sliz, Sebert, et al., 2018)). 
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Fig. 11. Cross-sectional associations of fatty liver with lipoprotein particle subfraction 
concentrations, lipoprotein particle diameter, apolipoproteins, triglycerides, fatty acids, 
fatty acid saturation, beta-oxidation and glycolysis related metabolites, amino acids, 
and inflammation marker GlycA, and the corresponding associations with four NAFLD 
risk alleles. To enable comparison of the metabolic effects relative to NAFLD risk 
increase, the genetic effect estimates are scaled with respect to the log(OR) on 
histologic NAFLD associated with the corresponding locus in a large-scale GWAS on 
hepatic steatosis (Speliotes et al., 2011). The figure is modified from (Sliz, Sebert, et al., 
2018). 
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Fig. 12. The overall match between the metabolic effects of the NAFLD risk alleles and 
fatty liver (modified from (Sliz, Sebert, et al., 2018)). 
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Fig. 13. The overall match between the metabolic effects of the four NAFLD risk alleles 
(modified from (Sliz, Sebert, et al., 2018)). 
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5.3 Genetic factors in inflammation (Study III) 

Genetic determinants of 16 inflammatory phenotypes were studied in 5 284 
participants of NFBC1966 using an additive genetic model and adjusting for age, 
sex, BMI and ten first genetic principal components. Descriptive statistics of the 
inflammatory phenotypes are shown in Table 7. A subsequent meta-analysis on 10 
markers available in a published GWAS (Ahola-Olli et al., 2017) was conducted 
which increased the total number of individuals in the study up to 13 577. Seven 
novel and six previously reported genetic associations with one or more of the 
studied markers were detected using a threshold of p<3.1x10-9 for statistical 
significance (standard genome wide significance level 5x10-8 corrected for the 16 
markers tested). The combined Manhattan plots are shown in Fig. 14 and the 
significant loci are tabulated in Tables 8 and 9. The regional plots around 1Mb of 
the lead variant for each of the novel loci are shown in Figures 15 and 17-22. 

Table 7. Descriptive statistics of the concentrations of the 16 inflammatory phenotypes. 

Phenotype N Mean SD Median IQR 

Inter-

assay 

CV % 

Intra-

assay 

CV % 

sE-selectin (ng/ml) 5100 33.39 15.56 31.56 18.61 28.0 7.5 

sICAM-1 (ng/ml) 5100 145.35 60.49 134.81 53.70 15.9 8.3 

sVCAM-1 (ng/ml) 5100 1644.40 396.67 1609.73 481.99 13.9 7.9 

VEGF (pg/ml) 4941 222.96 2840.43 62.77 164.39 20.6 7.5 

IL17 (pg/ml) 4974 77.68 1331.38 21.86 40.76 8.4 2.5 

IL1α (pg/ml) 4917 77.81 690.51 7.17 41.88 11.0 4.0 

IL1β (pg/ml) 4971 7.48 87.60 0.72 5.34 9.5 3.0 

IL1ra (pg/ml) 4864 85.02 1088.30 10.78 34.15 13.0 4.6 

IL4 (pg/ml) 4962 49.16 912.08 2.36 19.45 10.4 3.0 

IL6 (pg/ml) 4966 17.85 124.09 2.45 8.85 7.7 2.6 

IL8 (pg/ml) 4974 46.20 454.39 16.33 24.99 7.6 2.2 

IP10 (pg/ml) 4975 442.61 433.54 364.51 231.40 8.3 4.5 

MCP1 (pg/ml) 4975 309.68 128.31 294.46 143.97 6.7 3.1 

sCD40L (pg/ml) 4970 567.59 975.28 395.33 339.14 14.9 3.7 

TNFα (pg/ml) 4971 10.99 97.63 5.94 4.06 7.2 2.6 

PAI-1 (ng/ml) 5100 20.99 28.43 11.58 17.73 18.6 6.8 

SD, standard deviation; IQR, interquartile range; CV, coefficient of variation. 
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Fig. 14. Combined Manhattan plots for the inflammatory markers studied in NFBC1966 
(A) and for the markers that were meta-analysed with results from a previous GWAS (B). 
Novel loci are highlighted with red font and replicated loci are labelled with black font.
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5.3.1 Cell adhesion molecules 

Previous GWA studies on cell adhesion molecule levels have focused on sE-
selectin (Paterson et al., 2009) and sICAM-1 (Paré et al., 2008, 2011) as well as sP-
selectin (Barbalic et al., 2010) that was not studied in the present work. In the 
GWAS Catalog, there are currently (Feb 20th, 2019) no records of GWA studies on 
the sVCAM-1 level. The present results suggest three novel loci associating with 
the sVCAM-1 level and one novel locus associating with the sE-selectin level. In 
addition, two loci previously associated with the sE-selectin or sICAM-1 levels are 
replicated (Paré et al., 2008; Paterson et al., 2009). 

sVCAM-1 and rs8176746 near ABO 

A novel effect of rs8176746-T in the ABO locus in 9q34.2 on sVCAM-1 level 
(effect size 0.26 SD) was detected in the NFBC1966 population (Fig. 15). The same 
locus showed robust association also with sE-selectin and sICAM-1 levels as 
previously reported (Karakas et al., 2012; Paré et al., 2008; Paterson et al., 2009). 
However, the lead variant for sE-selectin and sICAM-1 associations (rs2519093) 
was different from the lead variant for sVCAM-1 association (rs8176746). The 
former variant was found to be in LD (r2=1 in NFBC1966) with rs507666 tagging 
the ABO blood group subtype A1 whereas the latter variant tags the blood group B 
(Paré et al., 2008). 

To estimate if the ABO blood groups comprise the molecular mechanism 
driving the association between the ABO locus and soluble adhesion molecule 
levels, additional association tests further adjusted for ABO blood group or 
rs507666 genotype indicative of A1 subtype were completed. When adjusted for 
the rs507666, the associations of this locus with sE-selectin and sICAM-1 level 
became statistically insignificant (p-values from 4.48x10-305 to 1.59x10-07 for 
sE-selectin and from 7.43x10-48 to 2.31x10-05 for sICAM-1), whereas the 
association with sVCAM-1 level remained proximate to the original strength 
(p-value from 5.06x10-19 to 4.98x10-15). On the contrary, adjustment for the ABO 
blood type abolishes the sVCAM-1 association (p=1.37x10-07) while the 
associations with sE-selectin and sICAM-1 remain significant (p-values 3.40x10-123 
and 3.43x10-17, respectively). 
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Fig. 15. The association of sVCAM-1 level with rs8176746 near ABO. 

The effect estimates of the ABO blood groups and the ABO blood groups 
stratified by the rs507666 genotype on the soluble adhesion molecule levels were 
determined. The blood type A showed a negative association with the levels of all 
the three adhesion molecules and the association was the most robust with 
sE-selectin (Fig. 16). However, when stratified for the rs507666 genotype 
indicative of the A1 subtype with higher glycosyltransferase activity, major 
discrepancies in the effect directions are seen within the blood group A: having one 
or two copies of the rs507666-A allele showed robust negative association with 
sE-selectin level, whereas having zero copies of this allele associate with highly 
increased sE-selectin level. In line with the GWAS findings, the blood group B 
seemed to attribute predominantly to sVCAM-1 level, while the blood group B 
effect on sE-selectin or sVICAM-1 did not reach statistical significance. 
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Fig. 16. The effect estimates of the ABO blood groups or ABO blood groups stratified 
according to the number of allele copies of the rs507666-A allele on the soluble 
adhesion molecule levels. 

sVCAM-1 and rs117238625 near HSP90B1 

A novel association with sVCAM-1 levels was detected in chromosome 12 in the 
NFBC1966 sample (Fig. 17). The lead SNP in this locus, rs117238625, is in LD 
with rs117468318 (r2=1 in NFBC1966) which locates in the 5’UTR region of 
HSP90B1 (Heat shock protein 90kDa beta member 1) and, according to 
RegulomeDB (Boyle et al., 2012), is likely to affect transcription factor binding 
providing evidence for a possible regulatory mechanism. Variants in this locus have 
been previously associated with stem cell growth factor beta levels (Ahola-Olli et 
al., 2017) and corneal structure (Lu et al., 2013). 
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sVCAM- 1 and rs112001035 near ABCA8 

Another novel association was detected between sVCAM-1 level and a locus in 
chromosome 17 near ABCA8 (ATP binding cassette subfamily A member 8) in the 
NFBC1966 population (Fig. 18). The lead variant for the association, rs112001035, 
is an eQTL for ABCA8 in multiple tissue types (Lonsdale et al., 2013) suggesting a 
possible regulatory mechanism for the detected association. Other studies have 
identified associations in this locus with HDL and LDL cholesterol levels (Global 
Lipids Genetics Consortium et al., 2013; Spracklen et al., 2017; Surakka et al., 2015; 
Teslovich et al., 2010), breast cancer risk (Michailidou et al., 2017), and heart 
electrical cycle related traits (Arking et al., 2014; D. S. Evans et al., 2016; van der 
Harst et al., 2016). 

sE-selectin and rs11220471 near ST3GAL4 

For sE-selectin, a novel small effect variant rs11220471 was identified in 
chromosome 11 in the region of ST3GAL4 (ST3-beta-galactoside alpha-2,3-
sialyltransferase 4) in the NFBC1966 (Fig. 19). Other studies have associated other 
variants in this region with mean platelet volume and platelet count (Astle et al., 
2016), LDL cholesterol levels (Global Lipids Genetics Consortium et al., 2013; 
Spracklen et al., 2017) or pleiotropic associations with LDL cholesterol and C-
reactive protein (Ligthart et al., 2016), blood protein levels (Suhre et al., 2017) and 
liver enzyme levels (Chambers et al., 2011). In addition, a suggestive signal with 
sE-selectin level was identified in 3q12.1 near ST3GAL6 (ST3 beta-galactoside 
alpha-2,3-sialyltransferase 6), but the association was not significant after multiple 
correction (p=1.75x10-08). 

ICAM-1 and rs117960796 near ICAM1 

The previously reported association for the sICAM-1 level in 19p13.2 near ICAM1 
(intracellular adhesion molecule 1) was replicated (Paré et al., 2008; Suhre et al., 
2017). When the primary association test was conditioned for the lead variant 
another significant association was detected in this locus (rs74428614, 
p=1.14x10-16), This suggests that more than one variant contribute independently 
to the sICAM-1 level in the ICAM1 locus. 
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Fig. 17. The association of sVCAM-1 level with rs117238625 near HSP90B1. 

Fig. 18. The association of sVCAM-1 level with rs112001035 near ABCA8. 



 

86 

Fig. 19. The association of sE-selectin level with rs11220471 near ST3GAL4. 

5.3.2 Vascular endothelial growth factor 

In the GWAS Catalog (accessed on Feb 20th, 2019), altogether three studies 
reported genome-wide significant associations with circulating VEGF levels in 
seven loci (Ahola-Olli et al., 2017; Choi et al., 2016; Debette et al., 2011). The 
present study replicated the findings near VEGFA and VLDLR (Ahola-Olli et al., 
2017). In addition, a novel association was identified, as described in the following. 

VEGF and rs186725382 near STK32B 

In meta-analyses, a novel locus in 4p16.2 with a large effect on VEGF (β=-2.38 SD) 
was identified (Fig. 20). The association signal is near genes EVC (EvC ciliary 
complex subunit 1), EVC2 (EvC ciliary complex subunit 2), and STK32B 
(serine/threonine kinase 32B). Mutations in this locus have been associated 
previously with Celiac disease (Östensson et al., 2013), coronary heart disease 
(Slavin, Feng, Schnell, Zhu, & Elston, 2011), essential tremor (Müller et al., 2016), 
and Ellis van Creveld syndrome, a rare recessive disorder characterized with 
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congenital defects such as short ribs, postaxial polydactyly, growth retardation, and 
ectodermal and cardiac defects (Jayaraj, Maheswaran, Suresh, & Ganapathy, 2012; 
Temtamy et al., 2008). 

Fig. 20. The association of VEGF level with rs186725382 near STK32B. 

5.3.3 Pro-inflammatory cytokines 

Of the five pro-inflammatory cytokines studied, the GWAS Catalog contains 
reports of statistically significant (p<5x10-8) associations for IL6 and IL17 (Ahola-
Olli et al., 2017; Ayele et al., 2012). The present results suggest novel associations 
for TNFα and IL1β. 

TNFa and rs17074575 near DLEU1 

A novel large-effect (β=2.13 SD) variant was found to be associated with TNFa 
level in locus 13q14.3 (Fig. 21). The association signal is near DLEU1 and DLEU7 
(Deleted in Lymphocytic Leukemia 1 and 7) genes. Previous GWAS findings in 
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this locus include associations with reticulocyte related traits (Astle et al., 2016) 
and tooth development (Fatemifar et al., 2013). 

IL1β and rs6917603 in the HLA locus 

At last, a small effect variant on IL1β was identified in 6p22.1 in the human 
leukocyte antigen (HLA) locus (Fig. 22). After conditioning the association for the 
rs6917603 genotype, another independent signal was identified. The same locus 
and the same lead variant rs6917603 showed also a suggestive effect on IL4 level, 
but the meta-analysed result was not significant after multiple corrections 
(p=5.56x10-09). Variants in this region have been associated previously with 
multiple immune system related traits such as white blood cell count (Astle et al., 
2016), but also several other traits, including lipid metabolism phenotypes 
(Kettunen et al., 2012), schizophrenia (Goes et al., 2015), and lung cancer (McKay 
et al., 2017). 

5.3.4 Chemokines 

Previously reported associations in 1q23.2 near CXCL10 (C-X-C motif chemokine 
ligand 10) and ACKR1 (atypical chemokine receptor 1) with IP10 and MCP1 levels 
were replicated in the present study (Ahola-Olli et al., 2017). Previous reports have 
identified associations with the MCP1 level additionally in chromosome 3 (Ahola-
Olli et al., 2017; Benjamin et al., 2007; Kauwe et al., 2014; Naitza et al., 2012; 
Veenstra et al., 2017; Voruganti et al., 2012). 

5.3.5 Comparisons of SNP effects on inflammatory phenotypes 
versus other traits 

To evaluate how genetic variants associating with inflammatory marker levels 
relate with other traits, the gwas-pw method (Pickrell et al., 2017) was applied to 
perform the pairwise scans of the summary statistics from the present Study III and 
open-access sources (Global Lipids Genetics Consortium et al., 2013; Malik et al., 
2018; Nikpay et al., 2015). 
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Fig. 21. The association of TNFα level with rs17074575 near DLEU1. 

Fig. 22. The association of IL1β level with rs6917603 in the HLA locus. 
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Altogether 56 loci showed strong evidence for harbouring genetic variants 
influencing one or more of the inflammatory phenotypes and at the same time one 
or more of the other cardiovascular traits studied (posterior probability greater than 
0.99 for gwas-pw model 3). The ABO locus was one such loci: here, the genetic 
effects on sE-selectin, sICAM-1 and sVCAM-1 levels had a tendency to show 
negative linear relationships with risks for CAD and ischaemic stroke as well as 
circulating cholesterol measures (Fig. 23) with the exception of a weak positive 
correlation observed between genetic effects on the sVCAM-1 level and HDL-C 
concentration. The scatter plots for the remaining comparisons will be made 
available in the supplementary material of the original publication. 

Fig. 23. The correlations (Pearson’s r) of the genetic effects in the ABO locus on soluble 
cell adhesion molecule levels in the present Study III, and risk of coronary artery 
disease (CAD) and ischaemic stroke as well as circulating concentrations of LDL-C, 
HDL-C, total cholesterol (TotC), and triglycerides (TG) as reported in open-access 
sources (Global Lipids Genetics Consortium et al., 2013; Nikpay et al., 2015; Traylor et 
al., 2012). The correlation statistics were estimated using a set of SNPs that were 
located in the ABO locus (defined as the LD block (Berisa & Pickrell, 2015) containing 
the ABO gene in the gwas-pw (Pickrell et al., 2017) analyses) and that were available in 
both the present Study III and the open-access data sets. Correlations with p≥0.05 are 
left blank. 
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5.3.6 The supplemental genome-wide tests in NFBC1966 

Altogether 236 individuals showing symptoms of an acute infection (CRP>10 mg/l 
and/or self-reported fever) were excluded from the supplemental genome-wide 
tests performed in NFBC1966. The results of the supplementary analyses were 
highly congruent with the original findings (data will be made available in the 
supplementary material of the original publication). 
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6 Discussion 

6.1 PCSK9 inhibition is less efficient in lowering VLDL lipids 
compared to statins (Study I) 

The Study I compared comprehensive metabolic effects that accompanied LDL-C 
lowering due to statin therapy or PCSK9 inhibition. The effects of pravastatin 
(40 mg/day) on 228 circulating metabolic measures were determined in 5 359 
participants of the PROSPER trial. These effects were compared with the metabolic 
effects of genetic inhibition of PCSK9 studied in 72 185 individuals from eight 
population cohorts. Despite the highly matching overall metabolic effects, the 
present results suggest that, compared with statins, PCSK9 inhibition is less 
efficacious at lowering VLDL lipids per equivalent lowering of LDL-C. If VLDL 
particles have independent causal effects on CVD risk as has been suggested 
(Dewey et al., 2017; Nordestgaard & Varbo, 2014; White et al., 2016), the observed 
discrepancy could potentially contribute to differences in CVD risk reductions. 

6.1.1 The high match between the metabolic effects of pravastatin 
and HMGCR genetic inhibition support the validity of using 
genetic proxies for molecular characterization of drug targets 

The metabolomic effects of HMGCR genetic inhibition by rs12916-T were 
estimated in the same study population of 72 185 individuals used for estimation 
the metabolomic effects of PCSK9 inhibition. The metabolomic effects of HMGCR 
rs12916-T were found to be highly concordant with metabolomic effects of 
pravastatin: this supports the validity of using trait-modifying genotypes as proxies 
for the corresponding pharmacotherapies when estimating the related on-target 
metabolomic effects. Furthermore, the close match between the effects of 
pravastatin and HMGCR genetic inhibition suggest that the reported pravastatin 
effects can likely be generalized to other statin types. 

6.1.2 The present results on metabolic effects of statins and PCSK9 
inhibition validate the results from previous reports 

Pravastatin effects observed in the present Study I are in line with the findings in 
previous studies investigating statin effects on detailed metabolic profiles in a small 
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randomized trial or longitudinal cohorts (Kofink et al., 2017; Würtz et al., 2016). 
In these studies, the effect on lipoprotein subfractions showed a pattern where the 
lowering effect was the most robust on LDL and IDL subfractions and gradually 
decreased for VLDL subfractions as the particle size increased, being again slightly 
stronger for the largest VLDL subfraction. The same association pattern was 
captured also in the present Study I. The results on the minimal effects on non-lipid 
metabolites are also congruent in all the studies, including the small lowering effect 
on inflammation marker GlycA. 

Likewise, the observed effects of PCSK9 genetic inhibition are in agreement 
with the previous studies examining the lipoprotein association profiles of PCSK9 
rs11591147-T (Verbeek et al., 2017; Würtz et al., 2013). In addition, the present 
results provide supportive evidence for the results of two small trials that have 
examined the effects of PCSK9 inhibition by alirocumab and evolocumab on 
lipoprotein metabolism (Koren et al., 2015; Toth et al., 2018). In line with the 
present results, both of these trials reported lowering effect on small and medium-
sized VLDL particles whereas there was no significant effect on the large VLDL 
particle subfraction. In addition, PCSK9 rs11591147-T did not show major effects 
on amino acids or glucose metabolism-related traits, congruent with previous 
reports (Schmidt et al., 2017; Würtz et al., 2013). 

6.1.3 Minor discrepancies in metabolomic effects between statins 
and PCSK9 inhibition may contribute to differences in the 
efficacy to lower CVD risk 

Both statins and PCSK9 inhibitors contribute to the number of cell-surface LDL 
receptors capturing LDL particles from the circulation (Chang & Robidoux, 2017; 
Park et al., 2004). Consistent with this LDL-C-lowering mechanism, both statins 
and PCSK9 genetic inhibition showed matching metabolic effects across the 
studied metabolic measures. However, when the effect estimates were scaled to the 
lowering magnitude on LDL-C, subtle differences in the efficacy to lower VLDL 
particles and the related lipids were observed, where pravastatin therapy showed 
more robust lowering than genetic inhibition of PCSK9. Supportive of this notion, 
statins, but not PCSK9 inhibitors, are reported to improve the metabolism of 
triglyceride-rich lipoproteins when administered to normolipidemic men (D. C. 
Chan et al., 2018). 

There is a strong association between VLDL-C level and the risk of myocardial 
infarction (Holmes et al., 2018), and it has been suggested that VLDL-C may be 
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the underpinning factor explaining the association between triglycerides and CVD 
risk (Lawler et al., 2017; Nordestgaard & Varbo, 2014). Thus, the observed 
discrepancy in the efficacy of lowering VLDL-C could translate into a somewhat 
more potent CVD risk reduction for the equal LDL-C lowering for statins than for 
PCSK9 inhibition. 

It must be acknowledged, that the present Study I does not directly inform on 
the benefits regarding the CVD risk lowering. Also, the causal consequences of 
triglyceride-rich lipoprotein particles warrant further studies; it has been 
demonstrated that IDL and the smallest VLDL particles can penetrate the 
subendothelial space contributing to the development of an atherosclerotic plaque, 
while this might not be the case for larger VLDL particles (Nordestgaard & Varbo, 
2014; Öörni, Posio, Ala-Korpela, Jauhiainen, & Kovanen, 2005). However, 
potentially in accordance with the present findings, the results of the recent 
outcome trials suggest slightly weaker protection from cardiovascular end points 
for PCSK9 inhibitors than that reported for statins per unit reduction in LDL-C 
(Cholesterol Treatment Trialist Collaborators, 2005; Ridker et al., 2017; Sabatine 
et al., 2017). Explanations for the less-than-expected CVD event reduction have 
been proposed, including short trial durations, lack of anti-inflammatory effects, or 
that there may not be further cardiovascular benefit in achieving reductions in LDL-
C in patients on statins with potentially low LDL-C levels at baseline (Waters & 
Hsue, 2017). The present results suggesting slight discrepancies in metabolomic 
effects provide an alternative hypothesis for further investigation. 

6.2 NAFLD-related changes in circulating metabolites may vary 
(Study II) 

The Study II determines fatty liver-related metabolic changes in 1 810 young and 
middle-aged Finns using an NMR-based metabolomics platform covering 123 
circulating metabolic measures. The metabolic association profile of fatty liver was 
compared with metabolic signatures of four NAFLD risk alleles obtained from 
metabolomics GWAS summary statistics (Kettunen et al., 2016). Fatty liver and the 
studied NAFLD risk alleles showed remarkably dissimilar association profiles. The 
strongest NAFLD risk allele, PNPLA3 rs738409-G, showed a minimal effect on 
circulating lipids and metabolites. The association profile of GCKR rs1260326-T 
was similar in many aspects to the cross-sectional fatty liver associations, whereas 
TM6SF2 rs58542926-T displayed opposite metabolic associations compared to the 
fatty liver associations. The present results are in line with studies suggesting that 
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worsened metabolic features are associated with obesity-linked NAFLD, but not 
with NAFLD arising due to the risk alleles in PNPLA3 and TM6SF2 (Goffredo et 
al., 2016; Hyysalo et al., 2014). The higher-risk metabolic association profile of the 
NAFLD risk allele in GCKR underlines the central role of glucose metabolism in 
both liver and cardiovascular health. 

The heterogenous metabolic effects of the NAFLD risk alleles reflect the 
biological functions of the alleles and suggest that the distinct molecular pathways 
giving rise to fatty liver may have divergent effects on the circulating metabolome. 
The three pathways studied here are illustrated in Fig. 24. 

Fig. 24. Relation of the studied NAFLD risk alleles to the main pathways in the hepatic 
triglyceride partitioning (modified from (Sliz, Sebert, et al., 2018)). FA, fatty acid; GCKR, 
glucokinase regulator; LYPLAL1, Lysophospholipase like 1; PNPLA3, Patatin-like 
phospholipase domain-containing 3; TG, triglycerides; TM6SF2, Transmembrane 6 
superfamily member 3; TG, triglyceride; VLDL, very-low-density lipoprotein. 
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6.2.1 Pathway I – Excessive hepatic glucose levels and amplified 
lipogenesis 

GCKR rs1260326-T impairs the ability of GCKR to inhibit glucokinase, which 
results in enhanced hepatic glucose uptake, reduced fatty acid oxidation and 
increased hepatic lipogenesis (Beer et al., 2009). Hepatic fatty acids can be 
converted to triglycerides and subsequently stored in the hepatic lipid droplets or 
secreted into VLDL particles (Hodson & Frayn, 2011), where they can contribute 
respectively to the development of steatosis or to levels of circulating lipids. In line 
with the aforementioned, GCKR rs1260326-T increases the risk of fatty liver 
(Santoro et al., 2012; Speliotes et al., 2011) and elevates concentrations of the apoB 
containing lipoprotein particles and triglycerides in these particles, whilst the 
circulating glucose concentration is slightly reduced. GCKR rs1260326-T 
associates also with increased concentrations of glycolysis-related metabolites, 
circulating fatty acids and increased fatty acid saturation; this is in line with the 
findings suggesting that this variant promotes enhanced glycolytic and lipogenic 
activities (Beer et al., 2009; Rees et al., 2012; Santoro et al., 2015). The amino acid 
association profile of the GCKR rs1260326-T differs from that of fatty liver in 
terms of phenylalanine and tyrosine, concentrations of which are increased in 
association with fatty liver but unaltered by the GCKR allele. Previous findings 
suggest that phenylalanine associates with higher CVD risk (Würtz et al., 2015) 
while tyrosine is linked with the incidence of T2D (Tillin et al., 2015). The 
differences in the effects on the two amino acids as well as on the two largest HDL 
subclasses and their lipids may partially explain why GCKR rs1260326-T 
associates with increased circulating lipid levels but, unlike fatty liver, does not 
seem to increase the risk of cardiometabolic complications (Bi et al., 2010; 
Vaxillaire et al., 2008). 

The high correlation of the effect estimates suggest highly similar metabolomic 
effects of LYPLAL rs12137855-C and GCKR rs1260326-T with a note that the 
effects of the LYPLAL1 variant are statistically less robust. This finding suggests 
that LYPLAL1 may contribute to circulating and hepatic triglyceride levels by 
regulating hepatic glucose metabolism as does GCKR. This is supported by the 
discovery by Ahn et al. advocating that LYPLAL1 inhibition increases glucose 
production in human, rat and mouse hepatocytes (Ahn et al., 2016). 
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6.2.2 Pathway II – Reduced VLDL secretion 

TM6SF2 participates in VLDL secretion from the liver (Mahdessian et al., 2014). 
In Tm6sf2 knockout mice the hepatic triglyceride content is tripled while the level 
of circulating lipids is decreased (Kozlitina et al., 2014). In contrast, serum lipid 
levels are increased in mice overexpressing human TM6SF2 (Holmen et al., 2014). 
The NAFLD risk allele TM6SF2 rs58542926-T is a loss-of-function variant causing 
accelerated degradation of the TM6SF2 protein (Mahdessian et al., 2014). TM6SF2 
rs58542926-T variant carriers show a deficiency in polyunsaturated 
phosphatidylcholines that has been suggested to be the molecular mechanism 
leading to impaired lipidation, subsequent degradation and consequent reduction in 
secretion of VLDL particles (Luukkonen et al., 2017). 

The NAFLD risk allele in TM6SF2 associates with lower concentrations of 
multiple lipid species in the circulation whereas it shows no effect on qualitative 
measures of circulating lipids, such as fatty acid saturation. This allele shows 
negative associations with concentrations of all the circulating VLDL particle 
subfractions, lipid species within these particles, and apoB, which is supportive for 
TM6SF2 rs58542926-T disturbing both lipidation and secretion of VLDL particles 
in humans. This is contrary to the results obtained using Tm6sf2-/- mice, which 
suggest that mouse Tm6sf2 is required for lipidation of VLDL, but the lack of it 
has no effect on VLDL secretion (Smagris, Gilyard, BasuRay, Cohen, & Hobbs, 
2016). The present results are in line with the lipidomic effects of the TM6SF2 risk 
allele (Zhou et al., 2015) as well as with studies showing that this variant associates 
with a favourable plasma lipid profile and cardioprotective effect at the expense of 
increased risk for progressive NAFLD (Goffredo et al., 2016; Pirola & Sookoian, 
2015). The association between TM6SF2 rs58542926-T and the lower level of the 
inflammatory marker GlycA suggest that the cardioprotective effect of this allele is 
not limited only to lipoprotein lipid metabolism. However, its effect on 
cardiometabolic health is complicated, as the same allele has been associated with 
increased risk of T2D (Fuchsberger et al., 2016). 

6.2.3 Pathway III – Impaired triglyceride mobilization from hepatic 
storage 

The PNPLA3 protein locates in the endoplasmic reticulum and lipid droplet 
membranes in human hepatocytes and shows both acyltransferase and hydrolase 
activities on glycerolipids (He et al., 2010; Y. Huang, Cohen, & Hobbs, 2011; 
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Jenkins et al., 2004). In spite of intensive research, the exact molecular mechanism 
of how the common variant rs738409-G promotes NAFLD is yet unclear. Multiple 
studies suggest that the variant inhibits triglyceride hydrolysis (He et al., 2010; Y. 
Huang et al., 2011; Pingitore et al., 2014) that possibly occurs due to accumulation 
of inactive PNPLA3 on lipid droplets (BasuRay, Smagris, Cohen, & Hobbs, 2017; 
Smagris et al., 2015). Many studies have shown that this risk allele does not link 
with aberrations in blood lipid levels nor glucose homeostasis (Hyysalo et al., 2014; 
Romeo et al., 2008; Speliotes et al., 2010). Evidence from large-scale studies 
suggest that the rs738409-G associates with lower lipid levels and protection from 
CVD (D. J. Liu et al., 2017; Simons et al., 2017). The results of the Study II extend 
the previous findings from common blood lipid traits to detailed fatty acid, amino 
acid and lipoprotein subfraction measures confirming the minimal contribution of 
this key NAFLD risk allele on metabolic traits in circulation. These results are in 
line with Pnpla3148M/M knock-in mice showing no differences in levels of 
circulating lipids and glucose as compared with wild-type mice irrespective of the 
increase in liver triglycerides (Smagris et al., 2015). 

6.3 Genetics and inflammation (Study III) 

The Study III examines genetic determinants of circulating levels of 16 
inflammatory markers in 5,284 individuals from Northern Finland with a 
subsequent meta-analysis of 10 markers in three other Finnish populations adding 
up to total of 13,577 participants. Seven novel associations and replication of six 
previously reported loci were identified in this study. 

6.3.1 The link between the ABO locus and soluble CAM levels 

A novel association was detected between sVCAM-1 concentration and the ABO 
locus. This locus shows robust associations also with sE-selectin and sICAM-1 
levels compatible with previous reports (Karakas et al., 2012; Paré et al., 2008; 
Paterson et al., 2009). The present GWAS findings suggested two independent 
association signals at the ABO locus for sE-selectin and sICAM-1 levels versus 
sVCAM-1 level. This observation was supported by the supplementary analyses 
and, thus, the present results suggest that genetic variation at the ABO locus may 
contribute to soluble adhesion molecule levels by at least two different mechanisms: 
1) the A1 subtype tagged by rs507666 has a robust effect on sE-selectin and 
sICAM-1 levels, and 2) rs8176746 tagging the blood group B associates 
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predominantly with the sVCAM-1 level. Others have proposed that the lowering 
effect of the A1 subtype could arise from increased glycosyltransferase activity that 
might modify the shedding of the adhesion molecules from the endothelium and/or 
their clearance rate from circulation (Barbalic et al., 2010; Karakas et al., 2012; 
Paré et al., 2008). The underlying mechanism explaining the association between 
the blood type B and sVCAM-1 concentration warrants research. VCAM-1-
mediated adhesion involves interaction with galectin-3, a protein showing 
specificity for galactosides (Rao et al., 2007; Scott & Patel, 2013). The B antigen 
holds an extra galactose compared with the A and O antigens. Furthermore, 
galectins have been reported to be able to identify blood group antigens (Stowell et 
al., 2010). Thus, it is intriguing to speculate that the amount of unbound sVCAM-1 
in the circulation could be modified by a possible competitive binding of galectin-3 
with sVCAM-1 and the B antigen. 

The resemblance of the genetic effects on soluble adhesion molecule levels at 
the ABO locus was compared with the genetic effects on other cardiovascular 
health-related traits. The genetic effects on sE-selectin, sICAM-1 and sVCAM-1 
levels had a tendency to show a negative correlation with the genetic effects on 
CAD risk, stroke risk, and circulating cholesterol levels. In other words, the 
variants in the ABO locus associating with higher levels of the three inflammatory 
molecules were associated with lower total cholesterol or LDL-C levels as well as 
lower CAD and stroke risk. This was unexpected since previous evidence indicated 
that increased soluble adhesion molecule levels are linked with atherosclerosis 
progression and vascular outcomes (Güray et al., 2004; Hwang et al., 1997; 
Pradhan, Rifai, & Ridker, 2002). It has been suggested that the soluble adhesion 
molecules may compete with leukocyte adhesion to the endothelial molecules or 
that enhanced ectodomain shedding could contribute to reduced recruitment of 
leukocytes to the subendothelial space thereby protecting from CAD (Kiechl et al., 
2011). Moreover, the robust negative relationship between the genetic effects on 
soluble adhesion molecule and LDL-C and total cholesterol levels suggests that 
altered cholesterol metabolism might contribute to the CVD risk associated with 
this locus; the genetic effects of the corresponding SNPs on LDL-C or total 
cholesterol show positive correlation with the genetic effects on CAD and stroke 
risk. Nevertheless, further studies are warranted to understand the exact 
mechanisms. 
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6.3.2 Variation in genes involved in CAM ligand production 
contributes to soluble CAM levels 

The novel locus in chromosome 12 associating with sVCAM-1 levels in the 
NFBC1966 population is near HSP90B1 encoding heat shock protein gp96, a 
chaperone that is essential for assembly of 14 of 17 integrin pairs in the 
haematopoietic system (Staron et al., 2010). Integrin α4β1, also known as very late 
antigen (VLA)-4, is a key ligand of VCAM-1 (Elices et al., 1990). The lead SNP 
of this locus is in LD with rs117468318 (r2=1 in NFBC1966) that locates in the 5’ 
UTR region of HSP90B1. According to RegulomeDB (Boyle et al., 2012), 
rs117468318 is likely to affect transcription factor binding that could provide a 
possible regulatory mechanism for the observed association. If changes in the 
HSP90B1 expression influenced integrin α4β1 levels, it could have downstream 
effects modifying the level of unbound sVCAM-1 in circulation. 

The novel locus in chromosome 11 showing an effect on sE-selectin levels in 
the NFBC1966 population is near ST3GAL4. This gene encodes a member of the 
glycosyltransferase 29 family of enzymes involved in protein glycosylation. In 
mice, St3Gal4 is needed for the synthesis of functional selectin ligands (W. H. Yang, 
Nussbaum, Grewal, Marth, & Sperandio, 2012) and it likely contributes to 
chemokine C-C motif ligand 5 (Ccl5)-dependent myeloid cell recruitment to 
inflamed endothelium (Döring et al., 2014). Genetic variation in ST3GAL4 could 
alter the amount or structure of selectin ligands; this could further contribute to the 
levels of unbound sE-selectin in circulation and thus provides a biologically 
sensible mechanism for the GWAS signal. 

6.3.3 Effect of ABCA8 locus on sVCAM-1 

The novel locus in chromosome 17 having an effect on sVCAM-1 levels locates 
near ABCA8. The lead SNP rs112001035 is an eQTL for ABCA8 in multiple tissue 
types (Trigueros-Motos et al., 2017). Previous evidence suggests that ABCA8 
regulates levels of HDL cholesterol with a mechanism that likely involves 
interaction with ABCA1. If ABCA8 participates in regulation of HDL levels 
(Trigueros-Motos et al., 2017) and if plasma HDL levels contribute to VCAM-1 
expression (Cockerill, Rye, Gamble, Vadas, & Barter, 1995; Dimayuga et al., 1999), 
then altered expression of ABCA8 could have an effect on circulating levels of 
sVCAM-1 via modulating HDL particle concentration. However, the effect of this 
allele on HDL particle concentration is negligible in a large metabolomics GWAS 
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(β=-0.043 SD, p=0.049) (Kettunen et al., 2016), which does not provide support 
for the aforementioned hypothesis. A study suggests that ABCA8 may play a role 
in sphingolipid metabolism (Kim et al., 2013) and, in addition, it has been 
hypothesized that ABCA8 may be involved in formation of specific membrane 
domains during ApoA-I lipidation (Trigueros-Motos et al., 2017). Thus, 
speculatively speaking, the association between the ABCA8 locus and sVCAM-1 
level might be due to altered HDL lipid composition rather than the absolute 
particle composition, which could contribute to altered endothelial homeostasis. 
However, more evidence is warranted to draw such conclusions. 

6.3.4 STK32B may be involved in regulation of VEGF levels, possibly 
via a hedgehog signalling related mechanism 

The meta-analyses provided evidence for a novel large effect locus in chromosome 
4 associating with VEGF. This locus is near genes EVC (EvC ciliary complex 
subunit 1), EVC2 (EvC ciliary complex subunit 2) and STK32B (serine/threonine 
kinase 32B). Nearby mutations have been associated previously with celiac disease 
(Östensson et al., 2013), coronary artery disease (Slavin et al., 2011), and Ellis-van 
Creveld syndrome, a rare recessive disorder characterized with congenital defects 
such as short ribs, postaxial polydactyly, growth retardation, and ectodermal and 
cardiac defects (Jayaraj et al., 2012; Temtamy et al., 2008). The expression level of 
STK32B has been associated with clinicopathological features of oral cavity cell 
carcinoma including peritumoral inflammatory infiltration, metastatic spread to the 
cervical lymph nodes, and tumour size (Parris et al., 2014). STK32B may play a 
role in the hedgehog signalling pathway, which has been implicated in metastasis 
and angiogenesis in cancer (Parris et al., 2014) and downregulated in celiac disease 
(Liang, Hinds, Abud, & Cheng, 2013). The hedgehog signalling has been shown to 
be involved in regulation of VEGF expression during developmental angiogenesis 
in avian embryos (Moran, Myers, Lewis, & Krieg, 2012). Thus, comparison of the 
previous literature with the present results suggests that STK32B could regulate 
VEGF levels possibly via a hedgehog signalling related mechanism. 

6.3.5 Association signal near DLEU1 links cancer susceptibility, 
TNFa level, and NF-kB activity 

Another novel locus identified in the meta-analyses locates in chromosome 13 and 
shows a large effect on TNFa. The association signal is near DLEU1 and DLEU7 
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(Deleted in Lympholytic Leukemia 1 and 7). This region is frequently deleted in 
tumours and haematopoietic malignancies (Ouillette et al., 2008; Wolf et al., 2001). 
DLEU1 is a part of a transcriptionally coregulated gene cluster that modulates the 
activity of the NF-kB pathway (Garding et al., 2013), which is also modulated by 
TNFa (Schütze, Wiegmann, Machleidt, & Krönke, 1995). It is largely unknown 
how the gene cluster regulates NF-kB activity (Mao, Su, & Mookhtiar, 2017); the 
present result suggests that TNFa signalling could be involved in this mechanism. 

6.3.6 A novel effect of HLA locus on IL-1b 

At last, a novel small-effect locus on IL-1b was identified in chromosome 6 in the 
meta-analyses. This association signal is in the region encoding the human 
leukocyte antigen proteins, and further experimental evidence would be needed to 
identify the exact mechanism of how the locus contributes to IL-1b levels. 

6.4 Limitations 

Study I 

The motivation for the use of the PCSK9 loss-of-function variant as a proxy for 
PCSK9 inhibitors is due to a lack of NMR metabolomics data for a PCSK9 inhibitor 
trial. However, the highly similar metabolic effects of statin therapy and HMGCR 
rs12916-T supports the use of genetic proxies to mimic drug effects in randomized 
trial settings. The sample size of the present Study I is roughly five times larger 
compared to prior studies examining the effects of PCSK9 rs11591147-T on 
lipoprotein subclass profiles (Verbeek et al., 2017; Würtz et al., 2013) providing 
robust estimates for the metabolic effects of PCSK9 genetic inhibition. 

Due to post sample collection glycolysis progression in some of the samples, 
Study I has limited power to study effects on glycolysis-related metabolites. 
However, prior studies have reported minimal effects on fasting glucose for the 
PCSK9 rs11591147-T (Schmidt et al., 2017; Würtz et al., 2013), which is in line 
with the present results suggesting null effects on glycolysis-related metabolites for 
this SNP. 

The basic clinical characteristics of the study populations are considerably 
different, as the pravastatin effects are determined in older, high-risk patients of the 
PROSPER trial whereas the PCSK9 inhibition is studied in a younger general 
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population. This could potentially contribute the observed divergence in VLDL 
lipid lowering effects. However, the results obtained in the PREVEND IT trial 
(Kofink et al., 2017) are indicative of similar VLDL lowering effects in younger 
and lower-risk individuals as compared to PROSPER participants. The differences 
in the VLDL lowering effects are also observed when the effects of HMGCR 
inhibition are compared with PCSK9 inhibition in the same study population 
(supplementary material of the original publication). Moreover, the effect estimates 
are scaled to the lowering magnitude on LDL-C, which enables comparison of the 
metabolic effects irrespective the potential differences in the absolute lipid levels 
between the study populations. 

The metabolomics platform used is targeted on detailed lipoprotein 
subfractions and their lipid composition. Other lipidomics platforms may provide 
further information on the molecular effects of the two lipid-lowering therapies. 

Study II 

Multiple genetic determinants have been associated with NAFLD (Anstee & Day, 
2013; Hooper, Adams, & Burnett, 2011; Mancina et al., 2016), but the present 
Study II examines only a limited number of NAFLD risk alleles. However, these 
four alleles have been identified in the so far largest GWAS on hepatic steatosis 
(Speliotes et al., 2011) and are considered as important determinants of liver fat 
content (reviewed by (Anstee & Day, 2013)). Thus, the present study setting covers 
some of the fundamental pathways involved in NAFLD pathogenesis. Only the role 
of the LYPLAL1 variant as NAFLD risk allele is less well established than the other 
three alleles and warrants further studies. 

Regarding the cross-sectional associations, ultrasound has poor sensitivity to 
detect mild steatosis (Schwenzer et al., 2009) that likely leads to conservative 
association magnitudes. Despite the known deficiencies, the use of ultrasound is 
justified in liver screening of a large population sample. Also, the cross-sectional 
associations are determined in relatively young Europeans, and the findings would 
need to be confirmed in other demographic groups. 

A large-scale study on ∼300 000 individuals reported a small lipid-lowering 
effect for the PNPLA3 risk allele (D. J. Liu et al., 2017). It is likely that with a larger 
sample size the minimal effect could be detected also in the Study II. However, 
considering that the PNPLA3 variant is a major risk factor for NAFLD, its relative 
effect on the circulating metabolic measures is negligible. 
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The metabolomics panel used is primarily designed to measure detailed 
lipoprotein subfractions. A more detailed lipidomics platform or other alternative 
methods for metabolic profiling could show other biomarker changes associated 
with the four risk alleles studied here. The current metabolomics platform captures 
multiple known markers of cardiometabolic diseases (Soininen et al., 2015; Würtz 
et al., 2017) that show robust associations with fatty liver. The studied risk alleles 
show divergent effects on the corresponding measures underlining the 
heterogeneous molecular mechanisms involved in the fatty liver pathophysiology. 

Study III 

The main limitation of Study III relates to the quality measures of the inflammatory 
phenotypes. The inter-assay coefficient of variability measures for some of the 
markers, such as sE-selectin and VEGF, are notably larger than 15% that is 
considered to be the limit for acceptable values. However, the replications of the 
previously reported loci speaks for the data adequacy and lends confidence also for 
the novel findings. 

It was possible to conduct meta-analyses only for 10 out of 16 inflammatory 
phenotypes studied and thus the findings would need to be replicated in other 
populations. In particular, the associations of the novel rare, large-effect variants 
need to be interpreted with caution until the associations are validated in other 
populations. However, all the novel findings locate on genome regions with 
biologically relevant genes, which adds confidence to the detected associations. 

6.5 Utilization of open-access data in genetic epidemiology 

Naturally, data are a fundamental resource facilitating research in the field of 
biomedicine and health sciences. It is also recognized that often data are applicable 
to multiple purposes in addition to those for which they were originally collected. 
Open-access policies of journals or funders encourage researchers to share their 
data with the scientific community. Accessibility to data also facilitates replication 
of the findings in epidemiologic studies (Peng, Dominici, & Zeger, 2006). However, 
usually the original data contain sensitive information and, thus, multiple ethical 
questions and issues related to participant privacy and consents warrant attention 
already when designing the research and data sharing plans (Burton, Banner, Elliot, 
Knoppers, & Banks, 2017). As there is only little if any control over how the data 
is used once released, a system providing limited access allows data availability 
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without entirely giving up control (Peng et al., 2006). Furthermore, when it comes 
to large-scale data, proper technical facilities to store and distribute the data are 
necessary for convenient use. The same concerns apply to all large archives, such 
as biobanks, that serve as a great data reserve for biomedical studies. 

On the contrary, the problems regarding personal privacy do not apply for 
summary statistics, as in that case individual-level data are not released. Successful 
GWAS findings will provide a massive resource for numerous MR study settings. 
In two-sample MR, the methodology is applied to association results typically 
derived from published GWAS summary statistics in two non-overlapping sets of 
individuals (Hartwig, Davies, Hemani, & Smith, 2016). The present Studies II and 
III utilize open-access GWAS summary statistics in order to evaluate metabolomic 
effects of NAFLD risk alleles or to compare how the genotypes showing effect on 
markers of systemic inflammation relate to other cardiovascular traits. In particular, 
Study II is an exemplar of how to identify novel aspects to biological phenomena 
by re-analyzing existing GWAS summary statistics. It would be of great value that, 
as a norm, research groups would provide free access to summary level data. 

6.6 Future perspectives 

RCT serves as a gold-standard for clinical trials. However, drug trial failures are 
common, which has an unfavourable consequence on drug prices. During 
2013-2015, insufficient efficacy was the primary reason accounting for 55% of 
failures in phase III trials (Harrison, 2016). As demonstrated in the present Study I, 
integration of genetics and metabolomics data can provide an option for efficient 
screening of on-target metabolic effects of pharmacotherapies prior to the trial 
phase, and thus potentially improve the statistics of trial failures. Furthermore, 
identification of genetic variants mimicking or antagonizing the desired drug 
effects could accelerate development of novel therapies. 

As stated in the Limitations section 6.4., the current Study II examines only a 
few genetic pathways contributing to hepatic lipid accumulation, while multiple 
other pathways have been associated with NAFLD risk (Anstee & Day, 2013). 
Using the same open-access data-based methodology, upcoming studies could 
evaluate the metabolomic effects of other identified NAFLD risk genotypes. This 
could further help in understanding the heterogeneity of the molecular mechanisms 
involved in fatty liver and, eventually, possible identification of NAFLD subtypes 
that could benefit from specific treatments in terms of management of both steatosis 
and potential dyslipidemia. In addition, the novel finding about the similar 
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metabolomic effects of the NAFLD risk alleles in GCKR and LYPLAL1 may direct 
the focus of future studies aiming to better characterize the function of LYPLAL1. 

The results of Study III could be further applied in MR study settings to 
evaluate causal inferences between inflammatory phenotypes and disease end 
points. Inflammation is known to play a role in the pathogenesis of multiple human 
disorders and, thus, this methodology could be applied in numerous fields of 
research, including cardiovascular, cancer or autoimmune diseases, and many 
others. The study setting could also be reversed in order to determine the causal 
effects of other traits, such as adiposity (Würtz et al., 2014), on the inflammatory 
phenotypes. 
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7 Conclusions 
The projects included in this thesis complement the understanding of the molecular 
mechanisms involved in metabolic and inflammatory deviations. The aim of 
Study I was to compare the metabolomic effects of HMGCR inhibition by statins 
versus genetic inhibition of PCSK9. The present results suggest highly similar 
metabolic effects for the two lipid-lowering approaches. However, the detailed 
metabolic phenotyping allowed identification of subtle differences in the effects on 
VLDL lipids, where PCSK9 inhibition showed weaker lowering effects than 
pravastatin per a unit decrease in LDL-C. As recent evidence suggests that these 
VLDL subfractions may have independent causal effects on CVD risk 
(Nordestgaard & Varbo, 2014), this could translate into slightly weaker CVD risk 
reductions by PCSK9 inhibitors as compared to statins. Overall, Study I 
demonstrates the utility of large-scale metabolomics combined with genetics and 
randomized trial data in evaluation of the potential differences in the molecular 
mechanisms of the related therapeutics. 

The aim of Study II was to compare metabolomic association profiles of fatty 
liver and four NAFLD risk increasing genotypes. The observed divergence in the 
metabolic effects of fatty liver and the four NAFLD risk alleles suggests that 
different molecular pathways leading to hepatic lipid accumulation may have 
alternate effects on metabolic measures in circulation. The minimal metabolic 
effect of the major genetic determinant of NAFLD, PNPLA3 rs738409-G, and the 
cardioprotective metabolic effect of the TM6SF2 rs58542926-T on circulating 
lipids and inflammatory marker GlycA suggest that hepatic steatosis by itself does 
not necessarily promote metabolic aberrations increasing the risk of 
cardiometabolic complications. The robust cross-sectional metabolic associations 
with fatty liver are likely to be due to lifestyle-related aspects, namely dietary 
factors, excess energy intake or sedentary lifestyle. Dietary lipids and sugars as 
well as adipose tissue derived fatty acids supply the fatty acid pool upstream from 
the lipid storage and secretion pathways (Hodson & Frayn, 2011), and thus 
overnutrition could contribute to both development of fatty liver and altered 
metabolic profile. The nutritional factors modify also the genetic risk for NAFLD, 
as adiposity has been shown to enhance the effect of the NAFLD risk alleles in 
PNPLA3, TM6SF2 and GCKR (Stender et al., 2017). 

In Study III, the aim was to assess genetic determinants of 16 inflammatory 
markers in Finnish population cohorts. The multiple loci associating with 
circulating levels of inflammatory phenotypes provide novel information on 
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genetic mechanisms contributing to the inflammatory load. The evident role of the 
ABO locus in the regulation of the soluble adhesion molecule levels likely 
encompasses at least two distinct mechanisms influencing sE-selectin, sICAM-1 
and sVCAM-1 levels. The results further suggest that higher soluble adhesion 
molecule concentrations per se may not be a risk factor for cardiovascular outcomes. 
At the ABO locus in particular, genetic variation associating with increased sE-
selectin, sICAM-1 or sVCAM-1 level seem to be linked with lower risk of CAD 
and stroke as well as lower circulating cholesterol level. 

This thesis work provides examples of how to couple genomics and 
metabolomics approaches for examining detailed molecular mechanisms in human 
cardiovascular health. Improved understanding of the pathogenic pathways is 
fundamental for the development of novel approaches for treatment and prevention 
of metabolic syndrome and related co-morbidities. The increasing availability of 
suitable data for large-scale molecular epidemiology settings is likely to accelerate 
discoveries that take healthcare towards improved treatment efficacy and patient 
safety. It remains yet to be seen when multi-omics screening will reach clinics to 
advance the era of precision medicine. 
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