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Abstract
Cardiovascular diseases are the leading cause of death worldwide and type 2 diabetes is reaching
a global epidemic. Epidemiological studies have identified numerous risk factors and
pharmacotherapies in relation to these cardiometabolic diseases. However, the detailed molecular
mechanisms of these risk factors and drug therapies generally remain incompletely understood.
Elucidating the underlying molecular effects would be essential for better understanding of the
disease pathogenesis and also for discovering new therapeutic targets. Quantitative serum
metabolomics, which allows for simultaneous quantification of multiple circulating metabolic
measures, provides a hypothesis-free approach to systematically inspect the metabolic changes in
response to endogenous and exogenous stimuli. Metabolomics thus presents a valuable tool to
study the detailed molecular effects of disease risk factors and drug therapies. However, current
metabolomics studies are mostly conducted in small cross-sectional studies and the causal
relations of the risk factors on the metabolic measures are generally unclear, providing limited
public health impact. The present thesis serves as a proof-of-concept to illustrate that welldesigned observational studies can be used to infer causality. With the exemplars of assessing
molecular effects of two risk factors (body mass index and sex hormone-binding globulin) and two
drug therapies (statins and oral contraceptives), the thesis demonstrates that an improved causal
inference can be achieved in observational studies via the combination of multiple study designs,
including cross-sectional, longitudinal and Mendelian randomization analysis. This robust study
design approach together with metabolomics data can be also extended to study the molecular
effects of other risk factors and drug therapies. With an improved molecular understanding of a
wide range of risk factors and therapies, better understanding of disease pathogenesis is ensured.

Keywords: biomarkers, body mass index, cross-sectional analysis, longitudinal analysis,
Mendelian randomization analysis, metabolites, metabolomics, nuclear magnetic
resonance, oral contraception, sex hormone-binding globulin, statins

Wang, Qin, Seerumin kvantitatiivisen NMR-metabolomiikan epidemiologiset
sovellukset. Havaintotutkimukset ja kausaalisuus
Oulun yliopiston tutkijakoulu; Oulun yliopisto, Lääketieteellinen tiedekunta
Acta Univ. Oul. D 1408, 2017
Oulun yliopisto, PL 8000, 90014 Oulun yliopisto

Tiivistelmä
Sydän- ja verisuonitaudit ovat johtava kuolinsyy maailmassa ja tyypin 2 diabetes on saavuttamassa globaalin epidemian mittasuhteet. Epidemiologiset tutkimukset ovat löytäneet useita riskitekijöitä ja lääkehoitoja edellä mainituille yleisille taudeille. Tyypin 2 diabetekseen ja sydänja verisuonitauteihin liittyvät yksityiskohtaiset molekylaariset mekanismit ymmärretään kuitenkin puutteellisesti. Molekylaaristen yksityiskohtien tarkempi ymmärtäminen olisi siten erittäin
merkittävää sekä tautiprosessien ymmärtämiseksi että lääkehoitojen kehittämiseksi. Seerumin
kvantitatiivinen metabolomiikka mahdollistaa useiden metabolisten suureiden samanaikaisen
määrittämisen verenkierrosta ja tarjoaa siten hypoteesittoman lähestymistavan sekä sisäisten että
ulkoisten ärsykkeiden aiheuttamien metabolisten muutosten systemaattiseen tutkimukseen.
Metabolomiikka on siten arvokas työkalu yksityiskohtaisten molekylaaristen mekanismien tutkimuksessa, olipa kyseessä taudin riskitekijät tai lääkehoito. Metabolomiikkatutkimuksia on kuitenkin pääasiassa tehty pienissä poikittaistutkimuksissa ja riskitekijöihin liittyvien metabolisten
suureiden syy- ja seuraussuhteet ovat yleisesti epäselviä, josta johtuen metabolisten suureiden
kansanterveydellinen sovellettavuus on ollut heikkoa. Tämä väitöskirja esittelee tutkimuskonseptin hyvin suunniteltujen havaintotutkimuksien soveltamiseksi syy- ja seuraussuhteiden arvioinnissa. Työ sisältää esimerkit kahden riskitekijän (painoindeksi ja sukupuolihormoneja sitova
globuliini) ja kahden lääkehoidon (statiinit ja ehkäisypillerit) molekylaaristen vaikutusten
kausaalisista tutkimuksista. Tulokset havainnollistavat, että kausaalisten johtopäätösten luotettavuutta voidaan parantaa yhdistämällä useita tutkimusasetelmia, kuten poikittais- ja pitkittäistutkimuksia sekä Mendelististä satunnaistamista. Esitettyjä luotettavia tutkimusasetelmia, yhdessä
metabolomiikkadatan kanssa, voidaan laajentaa muiden riskitekijöiden ja lääkehoitojen molekylaaristen vaikutusten tutkimuksiin. Parantunut molekyylitason ymmärrys useista riskitekijöistä ja
lääkehoidoista johtaa myös parempaan tautiprosessien ymmärtämiseen.

Asiasanat: biomarkkerit, ehkäisypillerit, Mendeliaaninen satunnaistaminen,
metaboliitit, metabolomiikka, painoindeksi, pitkittäistutkimus, poikittaistutkimus,
statiinit, sukupuolihormoneja sitova globuliini, ydinmagneettinen resonanssi
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1

Introduction

Cardiovascular diseases (CVD) are the leading cause of death worldwide [1].
Type 2 diabetes (T2D) contributes to the risk of cardiovascular diseases and is
also the major cause of years lived with disability [2, 3]. Observational, genetic
and interventional studies have identified numerous risk factors and
pharmacotherapies in relation to these cardiometabolic diseases (CVD and T2D)
[2, 4, 5]. Yet the detailed molecular mechanism linking these risk factors and
therapies to the disease endpoints are largely unknown. Elucidating the
underlying molecular mechanisms would be essential for better understanding of
the disease pathogenesis and also for identification of novel targets for disease
prevention. Metabolic dysregulations are implicated in the pathogenic pathways
of the cardiometabolic diseases [5]. Detailed metabolic characterization of the risk
factors via novel biomarkers and fine-grained molecular phenotypes is thus
important in providing an advanced molecular understanding of the risk factors
and also helps in gaining insights into the underlying molecular mechanisms
leading to cardiometabolic diseases. With the current advances in metabolic
profiling technologies, such as nuclear magnetic resonance (NMR) spectroscopy
and mass spectrometry (MS), it is now possible to quantify a few hundred
circulating metabolic measures across a wide range of metabolic pathways in a
single experiment [6, 7].
The high-resolution and multi-factorial nature of metabolic profiling has
generated a substantial interest in epidemiological studies [6, 8, 9]. The
comprehensive panel of circulating biomarkers provides a sensitive and dynamic
approach to systemically inspect the metabolic responses to endogenous and
exogenous stimuli [10]. However, current metabolomics studies are mostly
conducted in small cross-sectional studies [6]. In these studies, the causal
relations of the risk factors on the circulating metabolites are generally unclear,
conveying limited clinical or public health impact. Randomized controlled trials
(RCTs) are considered the ‘gold standard’ in assessing the causality in health
sciences, however potential ethical issues, their impracticability regarding some
risk factors, and in general the high-cost and long-lead time restricts its general
use. Leveraging the most robust causal inference possible from observational
studies therefore becomes essential. With the proliferation of large-scale genomewide association studies (GWASs), Mendelian randomization analysis (MR) has
become a common method for assessing causality in observational studies [11,
17

12]. In the event that MR is not applicable, the best available causal inference
relies on well-designed longitudinal studies.
The aim of the present study is to employ multiple study designs in largescale population-based cohorts to assess the molecular effects of cardiometabolic
risk factors and drug therapies. The metabolic measures are primarily quantified
via a high-throughput serum NMR metabolomics platform, including lipoprotein
subclasses and lipids, fatty acids, amino acids, ketone bodies and glycolysisrelated measures [6, 13]. The specific applications featured in this thesis are in
two parts: 1) metabolic characterization of cardiometabolic risk factors, including
body mass index (BMI) and sex hormone-binding globulin (SHBG), and 2)
metabolic assessment of drug therapies, including statin therapies and combined
oral contraceptives (COCs). In each work, multiple study designs including crosssectional, longitudinal and MR analysis will be applied whenever possible to seek
causal inference of the risk factors and pharmacotherapies on a wide range of
metabolic measures. These applications here serve as a proof-of-concept to
illustrate that well-designed observational studies can be used to infer causality of
the risk factors on systemic metabolism. This concept can be readily applied to
many other risk factors and common therapies, and the molecular measures could
be further extended to those assessed with different analytical technologies, such
as mass spectrometry. With the improved molecular understanding of the
established and novel risk factors, and the expansion of the molecular measures
assessed from NMR to MS, from serum to urine and faeces, and from metabolites
to other biomarkers, an improved understanding of the disease aetiology is
ensured and novel therapeutic targets are likely to be identified.

18

2

Systems epidemiology

Systems epidemiology is emerging as an important approach to study the
molecular mechanisms underlying common chronic diseases, such as CVD and
T2D [14]. The rationale of this approach develops from the understanding that
complex diseases are multifactorial, where multiple causes and multiple effects
interact with each other during the course of disease development [10, 15]. The
concept of systems epidemiology therefore moves beyond studying individual
molecules. Rather, it integrates data from diverse biological datasets, including
the genes, epigenetic modifications, ribonucleic acids (RNA), proteins,
metabolites, environmental inputs, clinical variables, and other factors, which
together provide an analytic snapshot into normal and dysregulated biological
function [14, 16].
The integration of various molecular data in epidemiology has been largely
driven by the development of high-throughput molecular technologies [16]. It is
currently possible to measure millions of genetic variants for thousands of
individuals in a short period via genotyping microarray. Microarrays have also
advanced the ability to measure a larger and more comprehensive set of RNA
transcripts and microRNAs. In particular, emerging sequencing technologies are
able to expand the data generated from deoxyribonucleic acids (DNA) and RNA
even further. Technologies for high-throughput epigenetic profiling are also
evolving. At the same time, the advances in NMR and MS methods have enabled
comprehensive profiling of proteins and metabolites in body fluids and tissues.
The advancing technologies are generating an unprecedented volume of data on
tens of thousands of individuals, generating immense promise for a deeper
understanding of human health and diseases. Ideally, it is most powerful to use
the systems epidemiology approach at the most comprehensive level to elucidate
all-stage molecular mechanisms of complex diseases; however, we also face the
greatest challenges in analysing and interpreting the multi-omics data. At a
simpler level, the integration of metabolomics with genetics, and other
biomarkers or clinical variables have already led to great advances in biomarker
screening, disease prediction and identifying novel biological pathways and
disease mechanisms [6, 16-18]. This chapter will focus on the current era of
metabolomics and its applications in epidemiology together with a short summary
of genetic concepts and applications.
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2.1

Metabolomics

Metabolomics, also termed as metabolic profiling, refers to the simultaneous
quantification of multiple metabolites in a biological sample [19]. The metabolites
can be lipids, sugars, nucleic acids, amino acids, vitamins and minerals [20].
These diverse metabolic measures represent different metabolic pathways at a
single snapshot, providing a comprehensive understanding of an individual’s
metabolic status. Metabolites fall in the downstream of the cellular process
(Figure 1) [10, 14]. They are the products of a series of consequences of genetic,
transcriptomic, proteomic, and environmental variations [21]. Compared to other
‘omics’, metabolomics offers an important advantage, as it represents a close
biological proxy to the phenotypes in many cases [22]. Given the rapid metabolic
responses to endogenous (e.g. hormonal variations) and exogenous (e.g. drugs)
stimuli, comprehensive metabolic profiling provides a sensitive approach to
detect changes related to health status. The dynamic and sensitive nature of
metabolomics has led to its wide application in the study of human health and
diseases, including disease pathophysiology and biomarker screening [6, 9, 23],
drug discovery and development [8, 24], as well as environmental and genetic
factors [6, 25]. In the following sections, the basic concepts in human
metabolomics studies, key analytical technologies in this field and the
epidemiological applications of metabolomics will be introduced.

Fig. 1. The conceptual relationship of the genome, transcriptome, proteome and
metabolome. Figure is reprinted with the permission from Macmillan Publishers Ltd:
Nature 2008, 451:949-52, copyright 2008.
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2.1.1 Human metabolome
Human metabolomics is the study of the comprehensive set of metabolites found
in the human body. The human metabolome database currently lists over 40 000
metabolites detected or expected in the human body, although only approximately
8000 metabolites are experimentally verified [20]. Metabolites can be considered
as the reactants, intermediates or products of enzyme-mediated biochemical
reactions [10]. They are functionally different from genes, transcripts and
proteins, although the clear division is often ambiguous [10]. Genes, transcripts
and proteins are generally more chemically homogenous, as genes and transcripts
are composed of the nucleotides while proteins are made of amino acids. In
contrast, metabolites represent a wide range of chemical diversities, from small
hydrophilic sugars to large hydrophobic lipids [10]. Metabolites also largely differ
in their concentrations, with abundant metabolites measurable at the millimolar
level while low abundant ones are only detectable in the picomolar range [26].
Human metabolome consists of both endogenous and exogenous compounds.
Endogenous metabolites are the molecules produced by the enzymes encoded by
the genome or by microfloral genomes, and exogenous metabolites are ‘foreign’
chemicals obtained from food, drinks, drugs or other ‘consumables’ [20]. The
human metabolome thus largely fluctuates over time and reflects the influences of
diet, exercise, medication and other lifestyle factors [6].
The study of the human metabolome can involve the collection, extraction
and analysis of a diverse range of sample types. These include blood serum (or
plasma), urine, cerebrospinal fluid, breath, tears, saliva, faeces and a variety of
tissues [10]. Each of the sample types has a specific metabolome, where the
number and identity of the metabolites differ significantly [10, 20]. Of these,
blood serum (or plasma) and urine are the most frequently investigated samples
[22]. This is largely due to their sampling techniques being simple and minimallyinvasive (or non-invasive). Also, these biofluids integrate the metabolic
information from diverse organs and tissues, providing a comprehensive snapshot
of an individual’s metabolic status in a single sample. The present thesis focuses
on serum metabolomics and a brief discussion of serum metabolome will be
introduced below.
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2.1.2 Serum metabolome
Blood is a biofluid that circulates the body to deliver necessary substances to the
cells while also removes waste products, reflecting an instant metabolic state of
an individual. Blood is composed of two parts: blood cells (e.g. red and white
blood cells) and plasma where metabolites such as amino acids and lipoprotein
particles are dissolved [26]. Plasma is obtained from unclotted blood, while serum
is collected from clotted blood [26]. The metabolic composition of plasma and
serum is generally similar, although differences may appear in the compounds
involved in the clotting process, for example, serum does not contain fibrinogen
[10]. The human serum metabolome database currently catalogues over 4200
metabolites [26]. Most of these detected metabolites are hydrophobic lipid-like
molecules, including diglycerides, triglycerides, phospholipids, fatty acids,
steroids and steroid derivatives [26]. Other metabolites found in high abundance
in serum include amino acids, glucose, lactate and several waste or catabolic
byproducts, such as urea and creatinine [26]. As serum and plasma contain
detailed information on lipids and glucose that are essential for determining
cardiovascular risks [27], these biofluids are largely used in metabolomics studies
and are particularly suitable for research related to cardiometabolic diseases [9,
23].
2.1.3 Analytical technologies
Simultaneous identification and quantification of multiple metabolic measures in
serum requires advanced metabolic profiling techniques. A number of analytical
technologies have been applied, including gas (GC) or liquid (LC)
chromatography coupled to MS, capillary electrophoresis-MS, NMR
spectroscopy, infrared and Raman spectroscopies, and direct infusion MS [22].
However, no single analytical technique is capable of detecting and quantifying
the complete set of metabolites in a biological sample due to the challenging
differences in terms of metabolite concentrations and the remarkable
physiological and chemical diversities [26]. Integrating the data from multiple
analytical technologies therefore has been recognized as an appropriate strategy
for increasing metabolite coverage [22]. Among them, NMR spectroscopy and
chromatography-MS are the most frequently applied metabolic profiling
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techniques [22]. The characteristics of NMR spectroscopy and MS spectrometry
are summarised in Table 1 [8-10, 22, 28-31].
NMR spectroscopy is non-destructive, highly reproducible and quantitative
[9]. The fundamental principle of NMR spectroscopy relies on the fact that the
nuclei of many isotopes (e.g. 1H and 13C) have a characteristic spin and when
placed in a magnetic field they absorb radiation and resonate at a specific
frequency, the so-called Larmor frequency [9]. Depending on the targeted atom
nuclei, different types of metabolomics data are produced. In the study of
biological origin, 1H NMR spectroscopy is most frequently applied, given the
natural abundance of hydrogen in a biological sample and high inherent
sensitivity of 1H. NMR spectroscopy requires minimal sample preparation and it
universally detects all the metabolites containing hydrogen in a biological sample.
NMR is however limited by its low sensitivity, as it can only detect medium to
high abundant metabolites, typically within the millimolar to micromolar range.
In the present thesis, NMR refers to 1H NMR spectroscopy unless otherwise
indicated.
MS features high-resolution and high-sensitivity [9]. MS separates the
compounds in a biological sample based on their mass to charge ratios. To
generate a spectra of mass to charge ratios, the compounds in the biological
sample need to be ionized. MS can measure molecules at very low
concentrations, with modern instruments being able to quantify compounds down
to the femtomolar level [29]. MS is typically coupled to gas or liquid
chromatography. The preceding chromatography significantly reduces the
complexity of the biological samples and allows MS analysing different sets of
molecules at different time [30]. This compartmentalising process can simply the
resulting MS spectrum and thereby increase MS resolution. The appealing
features of high-sensitivity and high-resolution have generated substantial
applications of MS in lipidomics, a subfield of metabolomics, where the focus is
on complete characterization of lipid species in a biological sample [27, 32-34].
Depending on the MS platforms, hundreds to thousands of lipid species can
nowadays be identified in a serum sample. MS platforms are however often
challenged by high-throughput and large-scale applications, as the complex
sample preparation and additional separation methods (often required by MS) can
be time-consuming, costly, and raise issues of reproducibility.
To be suitable for epidemiological studies, the metabolic profiling platforms
should ideally have high-throughput, be cost-effective and quantitative, and offer
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comprehensive metabolite coverage [6, 8, 18, 22, 35]. Both MS or NMR
metabolomics platforms have advanced towards these features during the past
decade [6, 8, 18, 22, 35]. In studies of human metabolic status, medium-to-largescale epidemiological studies are commonly required in order to take into account
the substantial diversity observed in physiology, metabolic status and lifestyle in
general human populations [22]. In addition, metabolic changes are typically
subtle and diverse, therefore large sample sizes are important to provide sufficient
statistical confidence [22]. The analysis of thousands or even hundreds of
thousands of biological samples requires the analytical platform being highthroughput and cost-effective. However, high-throughput often comes at the cost
of decreased metabolite coverage [35]. Quantification of metabolites in absolute
concentration units (mmol/L) is another important feature required for
epidemiological studies. The quantitative metabolomics data facilitates biological
interpretation and also allows for the integration of the quantified metabolic
measures with any other quantitative traits, such as clinical variables and genetic
data [6]. In addition, any standard epidemiological methods, such as regression
analysis, meta-analysis and covariate adjustment can be readily applied on these
quantified measures. This is in contrast to spectroscopy-based metabolomics
studies, where the biological interpretation is not straightforward, and statistical
replication or large-scale meta-analysis across multiple platforms and multiple
cohorts would be difficult [6]. In the present thesis, a quantitative serum NMR
metabolomics platform is applied for the epidemiological studies [6, 13]. This
platform has been developed and refined with the aim to take into account all the
important factors discussed above and it becomes a widespread tool in
epidemiological studies [6, 13]. In the following section, this platform will be
briefly introduced.
Table 1. Characteristics of mass spectrometry and NMR spectroscopy.
Characteristics

Mass spectrometry

NMR spectroscopy

Metabolites

Mass to charge ratio of ionized analytes.

Magnetic resonance shift of hydrogen

detected through

Since the samples are ionized, they cannot

nuclei, the chemical environment of

be recovered for further analyses.

which is different in each metabolite.

Number of detected From dozens to thousands of metabolites

From dozens to a few hundred

metabolites

metabolites.

depending on sample preparation, applied
separation technique and MS analyser.
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Characteristics

Mass spectrometry

NMR spectroscopy

Identification and

Metabolites can be identified based on

Libraries are used to identify the

quantification

internal standards or established libraries. A

metabolites based on chemical shift

molecule class specific standard is always

and/or coupling patterns. Metabolite

needed for accurate quantification. In an

specific regression models or other

untargeted MS experiment, a large portion of signal area determination techniques
peaks can not be identified or quantified.

are applied to obtain the
concentration units. Basically all
peaks can be identified and
quantified.

Type of detected

Dependent on the sample preparation and

A universal detector for all

metabolites

separation methods. For example, GC-MS is metabolites containing hydrogen.
specific to volatile compounds in a biological
sample.

Detection limit

MS can detect metabolites in the low

NMR normally detects medium to

picomolar, or even the femtomolar range.

high abundance metabolites, e.g.
millimolar to micromolar range.

Sample volume

Low. For example, typically 10-100 μL serum Relatively high, often 100-600 μL
samples are required.

Sample preparation Sample preparation generally includes

serum samples.
Minimal sample preparation typically

deproteinization, freeze drying, and chemical involves adding solvent, pH buffer

Hyphenation

derivatization for GC-MS and reconstitution

and a chemical shift reference to the

for LC-MS.

sample.

MS is commonly coupled to gas or liquid

Typically not required.

chromatography.
Advantages

Disadvantages

High resolution and high sensitivity. E.g. one Non-destructive, highly reproducible
MS platform is currently able to detect over

and quantitative, excellent chemical

1000 lipids across 13 classes in one serum

specificity. High-throughput in both

or plasma sample, of which over 700 lipids

experimentation and metabolite

are quantifiable.

quantification.

MS typically requires complex sample

Low sensitivity. Peak overlap affects

preparation processes and additional

metabolite quantification accuracy.

separation techniques, which result in MS
experiments being time consuming and
costly. Drift in the measured response (batch
effect) occur during the analysis time, as
samples are in direct contact with
chromatography and detector.
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Quantitative serum NMR metabolomics platform
The quantitative serum NMR metabolomics platform has been developed by the
Computational Medicine team at the University of Oulu and the University of
Eastern Finland [6, 13]. This platform has to date been used to profile around 150
epidemiological cohorts and biobanks, and has been widely applied in various
large-scale epidemiological studies [6]. The platform provides quantitative
metabolomics data for over 200 metabolic measures (mostly in units of mmol/L),
covering a wide range of metabolic pathways (Figure 2). The key metabolic
measures include 14 lipoprotein subclasses, their lipid concentrations and
compositions, apolipoprotein A-I and B, multiple cholesterol and triglyceride
measures, albumin, various fatty acids as well as numerous low-molecular-weight
metabolites, such as amino acids, glycolysis related measures and ketone bodies.
To allow high throughput, this platform utilizes automated liquid handlers
and robotic sample changers to automate NMR experiments. The annual
throughput of this metabolomics platform is close to 100 000 serum samples per
NMR spectrometer [6]. The high throughput of this platform is further enabled by
fully automated data-processing and quantification schemes for the over 200
metabolic measures. The high throughput in both experimentation and data
quantification permits this platform to be competitively low cost [6]. This
platform is proven to be accurate and reproducible; the coefficients of variation
(CVS) for the majority of the metabolic measures are below 5%, as assessed
across thousands of samples [36]. Serum and plasma samples of either 100 or 350
µL volume can be analysed, yielding the same panel of metabolic measures, both
for fasting and non-fasting samples. The above-listed features, particularly the
features of being high-throughput, cost-effective and quantitative, enables this
serum NMR metabolomics as an important and suitable tool for large-scale
epidemiological studies.
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Fig. 2. Metabolic

measures

quantified

by

the

high-throughput

serum

NMR

metabolomics platform. Coefficients of variation are below 5% for more than 75% of
the metabolic measures, as assessed over thousands of samples [36]. VLDL, verylow-density lipoprotein; LDL, low-density lipoprotein; HDL, high-density lipoprotein;
ApoA-I,

apolipoprotein A1;

ApoB, apolipoprotein B. Figure is reprinted with

permission from Wolters Kluwer Health Inc.: Circ Cardiovasc Genet 2015, 8:192–206.
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2.1.4 Epidemiological application of metabolomics
With the advances in high-throughput and absolute quantification, metabolomics
emerges as an important method for studying human health and diseases [6, 9, 18,
23]. Simultaneous quantification of hundreds of metabolites facilities the
hypothesis-free approach in the search for novel disease biomarkers and helps to
establish a comprehensive molecular understanding of disease aetiology [14, 23].
The extensive metabolite coverage and rapid response to endogenous and
exogenous stimuli also support metabolomics as a plausible approach to assist in
drug discovery and development [8]. The applications of metabolomics are
numerous and widespread; here a few studies and findings in relation to
cardiometabolic diseases are highlighted.
Cardiometabolic diseases, such as heart diseases and diabetes, have a strong
metabolic basis [8]. The high-resolution and systemic nature of metabolic
profiling thus provides an excellent hypothesis-generating approach in studying
these diseases [8]. With increasing epidemiological applications of metabolomics
data, various novel metabolic biomarkers have been identified, for example,
branched-chain and aromatic amino acids, fatty acids, and ketone bodies for type
2 diabetes [37-39], phenylalanine, saturated and monounsaturated fatty acids for
cardiovascular diseases [34, 40, 41], as well as glycoprotein acetyls (GlycA) for
all-cause mortality [42, 43]. Metabolomics has also been applied in the study of
various disease surrogate markers, such as atherosclerosis [44, 45], insulin
resistance [46, 47], hyperglycemia [37, 48], and metabolic syndrome [47]. The
newly identified disease-associated metabolites are important as they are
reflective of the disease risks, thus representing potential biomarkers for disease
risk assessment, diagnosis and prognosis. Specially, if some of these novel
biomarkers are proven to be on the causal path, they may also represent potential
therapeutic targets.
In addition to the study of disease endpoints and surrogate markers,
metabolomics has also been extended to examining the metabolic context of
established cardiometabolic risk factors, such as obesity, lack of physical activity
and menopause [49-51]. Comprehensive metabolic profiles improve the molecular
understanding of these risk factors and also provide important insights into the
underlying molecular mechanisms linking the risk factors to diseases. The
application of metabolomics in drug development is also attracting, as the highresolution and rapid metabolic responses would provide a comprehensive and
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cost-effective approach to systemically investigating the molecular effects of drug
therapies and thus potential side effects [8]. However, the current metabolomics
studies of risk factors and drug therapies are primarily limited to small studies
with cross-sectional settings [6, 8]. The causal role of the risk factors and drugs on
the metabolite profile thus generally remain elusive. The present thesis serves as
an example case to demonstrate that large-scale population-based studies together
with multiple established epidemiological study designs can help the causal
assessment of the risk factors and drug therapies on a wide range of circulating
metabolites. The common study designs in epidemiology and their characteristics
are discussed in Chapter 3. Among these study designs, MR analysis, which
utilizes genetic information to assess the causal inference, is becoming
increasingly popular [12].
2.2

Genetics

Genetics is the study of genes, heredity and variation in living organisms [31, 52].
In epidemiology, genetics aims to study which genetic variants contribute to
health and disease in a population and what is the underlying mechanism or
causal gene responsible for the association. Here, the structure and variation in
human genome will be briefly introduced and then the discussion will be centred
on genome-wide association studies, which are often used to identify genetic
variants for common diseases and quantitative traits [53, 54].
2.2.1 Genomic structure and variation
The human genome describes the complete set of hereditary material for human
beings [52]. It consists of a double helix of DNA where the sequence of DNA
contains the biological code. Most of the human genome is packed into 23
chromosome pairs in cell nuclei, while a small portion is stored in mitochondria.
There are around 3 billion base-pairs in the 23 human chromosomes, of which
only about 1.5% codes for proteins [52]. This part of the human genome, which
accounts for over 20 000 protein coding genes, is often termed as the exome [52].
A gene is broadly defined as ‘a union of genomic sequences encoding a coherent
set of potentially overlapping functional products’ [55], and a gene varies in size
from a few hundred base-pairs to more than 2 million base-pairs.
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Variation in DNA can be an upstream determinant of gene expression, protein
concentration, and subsequently metabolite levels (Figure 1). DNA as well as
environmental factors play an important role in defining an individual’s
phenotype, which can be anything from a disease risk to a physical property, such
as height. No two genomes are the same, even for monozygotic twins [31].
Genetic variations can be in the form of a one nucleotide change to another, or
more diverse genetic modifications such as inversion, insertion, duplication, and
deletion. A single nucleotide polymorphism (SNP) is a single base-pair change in
the DNA sequence that has more than 1% allele frequency in population. SNPs
account for approximately 90% of human genetic variation [31]. Due to the
relatively easy measurement of SNPs in large sample materials with current array
technologies, they are often the targets of genetic studies.
2.2.2 Genome-wide association studies
The concept of genome-wide association studies
GWAS is a hypothesis-free approach used to identify genetic variants, mostly
SNPs, in the genome that are associated with a specific trait or phenotype in a
large number of individuals, which nowadays tends to be tens or hundreds of
thousands of individuals [53, 54]. GWASs are often applied to studying complex
diseases and quantitative traits, such as type 2 diabetes, cardiovascular diseases
and body mass index, which are influenced by multiple genes [56-59]. These
complex traits are different from Mendelian traits, where one or few genes
dominate the phenotype and the underlying genes have often been revealed by
other forms of genetic analyses, such as linkage mapping [54].
The understanding of the genetic architecture of complex traits has been
largely advanced since the application of GWASs in the last decade. So far, the
National Human Genome Research Institute GWAS Catalog has listed the
findings from 2457 studies with over 21 000 unique SNP-trait associations
(https://www.ebi.ac.uk/gwas/home, accessed in 2016-06-12). Previously, GWASs
focused on the study of common genetic variants, which typically have a minor
allele frequency (MAF) over 5% due to constraints set by the HapMap2
imputation reference panel. Currently, with the deeper imputation reference
panels and advances in sequencing technologies, genetic analyses are also
extending to low-frequency (0.5% ≤ MAF < 5%) and rare (MAF < 0.5%)
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variants, which are often considered to have more obvious functional
consequences [60-64]. With increasing sample sizes and sequencing or imputation
to a more comprehensive panel, more novel genetic variants in the form of either
common variants or low and rare variants are likely to be discovered in the near
future [57, 58, 63, 65-67].
Statistical conduction of genome-wide association studies
The analyses of GWASs are often conducted via regression analyses. Depending
on the phenotypes, logistic regression is often used to assess the association of a
SNP and a dichotomous trait and linear regression is applied for quantitative
traits. Since millions of associations are tested, the significant threshold is
necessary to be corrected for multiple testing in the prevention of type I error.
Commonly, a threshold of 5×10-8 is used in GWASs [68, 69].
The correlation structure of the genetic variants is an important topic in
GWASs [70]. The genetic correlation structure allows the intelligent selection of
marker subsets, which reduces the number of variants needed to tag a haplotype
and facilitates the design of genome-wide SNP microarrays [71]. As the number
of genetic markers directly genotyped by the SNP chips typically only account for
a small fraction of variants in the genome, imputation becomes essential in this
field. The goal of imputation is to predict the genotypes that are not directly
genotyped in the study samples. The imputation facilitates a meta-analysis of
studies with different genotyping technologies and also offers fine-mapping of
genetic architecture [72, 73]. Genotype imputation is often carried out by
statistical methods that combine the directly genotyped data together with a
specific reference panel, with the idea that haplotypes of the individuals over
short stretches of sequences will be related to each other by being identical by
descent [72].
Epidemiological application of genome-wide association studies
One central goal of GWASs is to uncover disease mechanisms and provide
potential therapeutic targets. GWASs have revealed many risk loci for complex
diseases [58, 59]. The number of identified disease-associated loci are
continuously increasing as more highly powered GWASs and meta-analyses are
conducted. However, the discovered loci generally account for a small fraction of
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heritability, and the functional biology underlying the associated loci is often
lacking [53]. To gain further insights into disease mechanisms, the focus of
GWASs has extended beyond the study of disease endpoints to the study of
disease risk factors [74], for example, obesity [58], glucose [75], triglycerides
[76], cholesterol [76], testosterone [77] and sex hormone-binding glycoprotein
(SHBG) [78]. The study of quantitative risk factors generally has stronger
statistical power than that of dichotomous diseases and using risk factors as
proxies for complex diseases may further uncover novel loci that cannot be easily
identified via mapping the endpoints [74]. This theory has also been applied to
metabolomics [17, 25, 36, 79, 80], as metabolites are close biochemical proxies to
the diseases. The genetic study of hundreds or thousands of specific biochemical
proxies provides a holistic approach to uncovering novel molecular pathways
underlying diseases [70, 81]. The metabolomics GWASs have so far identified
around 150 associations between genetic variants and metabolites in human
biofluids [25].
The numerous GWASs with disease endpoints, risk factors and metabolites
have provided an enormous resource for epidemiological studies to assess the
causal relations between these components via MR analysis [11, 82]. For
example, genetic variants associated with a risk factor identified in a GWAS can
be used as the instrument to assess the causal role of this risk factor on circulating
metabolites and disease endpoints. Since the proliferation of GWASs and
increasing public availability of GWAS summary statistics, variants identified in
GWASs are increasingly used in MR studies [12, 83]. However, it is important to
note that the variants identified from sequencing analyses or the candidate gene
approach can also be utilized in MR [83]. Moving from association to causation is
an important step to improve understanding of disease aetiology and identify
potential intervention targets. In Chapter 3, the characteristics of MR analysis and
its pros and cons are introduced.
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3

Study designs and causal inference in
epidemiology

Epidemiology studies the patterns, causes and effects of health-related conditions
in a defined population. A key goal of epidemiology is to identify the risk factors
contributing to a disease, and eventually to control the risk factors and prevent the
disease. To better understand the molecular mechanism underlying the risk
factors, the present thesis aims to investigate the associations of established
cardiometabolic risk factors and common therapies with a wide range of
circulating metabolites. Here the metabolites serve as the molecular intermediates
between the risk factors and disease endpoints. Various epidemiological designs
can be used to study the relationships between exposures (risk factors) and
outcomes (metabolites). It is however important to understand the characteristics
of each study design and their strengths and limitations, as different study designs
are exposed to different types of biases and thus yield different interpretations of
results. In this chapter, the focus is on observational study designs, the common
biases in observational studies, and the methods used in observational studies to
generate causal inference.
3.1

Study designs

Epidemiological study designs fall into two general categories (Figure 3):
experimental and observational, depending on whether the investigator assigns
the exposure or not [84, 85]. Experimental studies can be further grouped into two
as follows: randomized and non-randomized controlled trials. Observational
studies can either be analytical or descriptive. Analytical studies allow for an
assessment of associations, whereas descriptive studies do not [84]. Within
analytical studies, longitudinal (prospective) studies track people forward in time
from exposure to outcome. In contrast, case-control studies track backwards in
time from outcome to exposure. Cross-sectional studies however measure
exposure and outcome at a single time-point.
The present thesis focuses on making causal inference from observational
study designs, thus further details on observational study designs including crosssectional and longitudinal studies are discussed. Case-control studies are not
included in further discussion, as they are often used to compare risk factors
between patients with a specific disease and those without [84]. It is therefore not
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an optimal study design to investigate the relationship of a specific exposure (e.g.
a risk factor) and a wide range of outcome measures (e.g. metabolites). In
addition, an experimental study design in the form of the randomized controlled
trial is also introduced, as RCTs are generally considered to be the ‘gold standard’
for making causal inferences in health sciences. Results from RCTs thus can be
used as a reference to assess the challenges and possibilities for making causal
estimates via observational studies.

Fig. 3. Epidemiological study designs. Figure is adapted with permission from
Elsevier: The Lancet 2002, 359:57-61.
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3.1.1 Cross-sectional study: a snapshot in time
A cross-sectional study takes a snapshot of both exposures and outcomes at a
particular time. It is a type of observational study where investigators monitor
what is happening without attempting to intervene. The purpose of the study is to
examine the state of health outcomes and the state of exposures at a particular
time. In a simple design, the characteristics of the people with or without a
disease can be compared to identify the risk factors associated with the disease.
Cross-sectional studies are generally easy and cheap to perform [86]. There
will be no loss to follow-up since participants are interviewed or examined only
once [86]. However, a cross-sectional study is prone to non-response bias, where
participants who consent to taking part in the study differ from those who do not,
resulting in a sample that is not representative of the population. In a crosssectional study, it is possible to record multiple risk factors and study their
relationships to many outcomes. However, this type of study design is often
limited for drawing causal inferences, as both exposure and outcomes are
ascertained at the same time and thus it is unclear whether exposure occurs before
or after the onset of the disease [84, 86].
3.1.2 Longitudinal study: tracking forward in time
A longitudinal study is an observational study setting that involves repeated
observations of the same study participants over time. Investigators often identify
a group with an exposure of interest and another group without the exposure. The
investigators then follow the exposed and unexposed groups forward in time to
determine outcomes. If the exposed group develops a higher incidence of the
outcome than the unexposed, then the exposure is associated with an increased
risk of the outcome. When the outcome is a continuous variable, measuring
changes in levels of exposure over time alongside changes in outcome measure
gives an insight into the dose-response relationship between exposure and
outcome.
In longitudinal studies, exposure is typically identified at the beginning,
therefore one may assume that the exposure precedes the outcome. In addition,
longitudinal studies track the same individuals before and after an exposure, thus
providing more accurate results than those from cross-sectional studies where
different individuals with and without an exposure are compared. However, in the
case of rare diseases or diseases that take years to develop, this type of research
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design can be slow to yield results and thus are prohibitively expensive [84].
Another challenge of longitudinal studies is loss to follow-up, particularly for
studies that continue for decades. Differential losses to follow-up between
exposed and the unexposed can bias results [87].
3.1.3 Randomized controlled trials: gold standard
An randomized controlled trial is a type of experimental study, where the study
participants are randomly allocated to receive one of several interventions. Wellconducted RCTs are considered to be the gold standard for making causal
inferences in health sciences, as this is the only known approach that eliminates
the biases to the minimum [84, 88]. The hallmark of RCTs is assignment of
participants to interventions purely by the play of chance [89]. Randomization
minimizes the differences between treatment groups at the outset of the trials and
ensures the known and unknown confounding factors are equally distributed
across the intervention arms, thus avoiding the risk of confounding. Proper
blinding of the study participants, caregivers and outcome assessors from the
assigned intervention could further ensure that participants in different arms are
equally treated during the trial, therefore minimizing information bias.
However, RCTs generally focus on volunteers who pass through a specific
inclusion criterion and those who volunteer for trials often tend to be different
from those who do not; for example, their health might be better. Thus, to what
extent the trial results can be generalized to a general population might be a
problem. Another limitation is that a randomized controlled trial cannot be used
for harmful or unethical exposures, such as toxins, bacteria, or other noxious
exposures. RCTs are expensive, resource intensive, and sometimes can involve a
long-lead time, particularly for disease prevention trials [88].
Overall, different study designs have different advantages and limitations. For
making causal inference, RCTs are obviously the most reliable study design.
However, as described above it is not always possible to conduct an RCT. In
general, trials are expensive and time-consuming, and they should be only
conducted when there is good evidence from observational studies. Thus,
obtaining the most possible causal inference from observational studies becomes
essential. To properly conduct an observational study and correctly interpret the
results, it is important to first understand what types of biases observational
studies are generally exposed to.
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3.2

Bias in observational studies

Observational studies, such as cross-sectional and longitudinal studies, investigate
the associations between exposures and outcomes. However, an association does
not imply causation. For example, numerous observational studies showed that
women taking combined hormone replacement therapy (HRT) had a lower risk of
coronary heart disease, leading many post-menopause women taking this regimen
for the prevention of cardiovascular diseases [90]. However, RCTs later
demonstrated that the use of HRT does not prevent chronic diseases and instead
may cause higher risk of CVD and other adverse outcomes [91]. Similarly, many
observational studies suggested that higher levels of HDL cholesterol is
associated with lower risk of cardiovascular risk, where RCTs later have
repeatedly shown that therapeutically raised HDL cholesterol does not reduce
cardiovascular events [92-94]. The reason for these disputed findings from
observational studies is that they are often prone to various types of biases. Bias is
a systematic error, and it can occur at any stage of a study, e.g. during the
recruitment of participants, the measurement of their risk factors and outcomes, or
when reporting the results. Observational studies are often considered to be
vulnerable to three types of biases: selection bias, information bias, and
confounding [95-97].
Selection bias occurs when there is a systematic difference between patients
recruited to the study and those who are not recruited, meaning that the sample is
not representative of the study population [96-98]. Selection bias results in poor
external validity—that is, the extent to which the study results can be generalized
to the population that the sample is meant to represent. For example, longitudinal
studies are prone to loss of follow-up, and both cross-sectional and longitudinal
studies are likely to be affected by non-response bias. These biases would occur if
those individuals who do not accept the invitation or dropout during the follow-up
are systematically different from those who accept the invitation or those who
remain in the study.
Information bias is a type of bias that occurs during data collection. It would
occur if the measures of risk factors or the outcomes are systematically distorted.
Such bias can be unconscious or otherwise, and can come from the investigators
or participants [96, 97]. For example, in a personal interview participants may
have under-reported their weight or sexual behaviour due to embarrassment.
Conversely, the recording of data could be influenced by the attitudes or past
experiences of the interviewers.
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Confounding is a bias that occurs when a researcher attempts to relate an
exposure to an outcome but actually measures an effect of a third factor. The third
factor is termed the confounding factor [95]. A confounding factor is associated
with the exposure and it affects the outcome, but it is not an intermediate factor in
the chain of causation between exposure and outcome [95]. In the example of
HRT, re-analysis of the observational studies revealed that confounding by life
course socioeconomic position is likely to explain part of the protective
associations between HRT and coronary heat diseases in the observational studies
[90]. Similarly, the inverse associations between HDL cholesterol and CVD risk
in observational studies are also likely to be confounded; for example, HDL
cholesterol may be merely a reflector of apolipoprotein-B particles rather than a
causal factor in itself [94].
When selection bias or information bias exists in a study, irreversible damage
can be caused [95]. By contrast, bias by confounding can be corrected for
measured confounders, using common statistical techniques such as multivariate
adjusting, matching and stratification [95]. However, these techniques are fallible,
given the generally limited range of the measured confounders and the inevitable
and substantial degree of measurement error in assessing both the exposure and
the confounders [11]. In the following section, common methods that tackle both
measured and potentially unmeasured or unknown confounding factors in
observational studies are discussed.
3.3

Causal inference in observational studies

In the last decade, various methods for improving causal inference have been
developed in observational studies. These include maternal–paternal comparisons
[99], within–sibling comparisons [99], cross–cohort comparisons [100] and MR
analysis [11]. The former two methods are often applied in assessing the causative
role of intrauterine effects while the third, cross-cohort comparison, requires
certain prior knowledge of the confounding structure of the different populations,
e.g., socioeconomic position relates differently to relevant developmental
exposures in cohorts from the UK compared with those from Brazil or South
Africa [100]. With the proliferation of large-scale GWASs as well as the
increasing number of large population-cohorts and biobanks, Mendelian
randomization has become a common method in making causal inference in
epidemiological studies. MR analysis uses genetic variants as the instrument to
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assess the unconfounded causal effect estimates of the exposure on the outcome
[11]. This general method will be a central focus of this thesis and the
methodology will be discussed in detail below. In addition, to justify the
reliability of the causal inference, the conventional criteria of causal judgement
may be considered, e.g. Bradford Hill’s criteria [101, 102].
3.3.1 Bradford Hill’s criteria
In 1965, Sir Austin Bradford Hill proposed a series of criteria to help with
assessing the evidence of causation, which is commonly referred to, as the
‘Bradford Hill criteria’. These criteria have been applied in examining the
evidence in several areas of epidemiology, for example, alcohol consumption and
cardiovascular diseases [103], maternal serum vitamin D levels and neonatal
outcomes [104], and sugar-sweetened beverage consumption and the obesity
epidemic [105].
The list of the criteria is as follows [101, 102, 106]:
1.
2.

3.

4.
5.
6.

7.
8.
9.

Strength (effect size): A weak association does not mean that there is not a
causal effect. Although the larger the association, the more likely it is causal.
Consistency (reproducibility): Consistent findings observed by different
people in different places with different samples reinforce the likelihood of a
true cause.
Specificity: Greater specificity is often viewed as more compatible with
causality – for example, when an exposure is associated with a single
outcome as opposed to multiple outcomes.
Temporality: The exposure must precede the outcome.
Biological gradient (does-response relationship): A greater change in the
exposure usually leads to a greater change in the outcome.
Plausibility: A plausible biological mechanism between cause and effect is
helpful (but Hill noted that knowledge of the mechanism is generally limited
by current knowledge).
Coherence: The cause-and-effect interpretation of an association should fit
with the known facts of the natural history and biology of the disease.
Experiment: Evidence from interventional trials.
Analogy: Effects exist for similar factors.
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The checklist facilitates examination of the available evidence. Bradford Hill did
not use these criteria as rules that must be fulfilled before an association can be
judged as causal, but as ways of examining whether cause and effect is the
reasonable inference [106, 107]. None of Bradford Hill’s criteria alone is
sufficient to establish causality — for each criterion there are situations in which
the lack of satisfaction of the criterion may be causal while satisfaction of the
criterion may be non-causal [107, 108]. Temporality, the requirement that the
exposure must precede the effect, is the only ironclad criterion for a causal
relation [95]. Grimes and Schulz have commented that some of Bradford Hill’s
criteria are less useful or are impractical, and recommend that the criteria that
include temporal sequence, association strength, consistency, and evidence of a
dose-response effect are useful in lending support to a causal link [95].
3.3.2 Mendelian randomization
Mendelian randomization is an approach that uses genetic variants that are
robustly associated with a modifiable exposure or intermediate phenotype to
make the causal inference between these variables and a medically relevant
outcome free from the influence of confounding [11, 88, 109, 110]. The origin of
this approach can be traced back over half a century, although the first formal
presentation was made just over a decade ago [11]. Since its formal introduction,
it has become a widely utilised methodology in epidemiological studies, with
publications covering numerous exposures (e.g. biomarkers and lifestyle factors)
and major endpoints (e.g. CVD, cancer and all-cause mortality) [12, 83].
Mendelian randomization that has clear implication for pharmacotherapies are
also becoming increasingly common [12, 111]. In the following, a brief discussion
looks at the MR concept, its core assumptions and its strengths and limitations
[11, 88, 109, 110].
The concept of Mendelian Randomization
Mendelian randomization refers to the random distribution of genotypes from
parents to their offspring and provides a method of using genetic variations in
observational studies to make causal inference of a modifiable exposure on an
outcome [11]. MR studies have being suggested as a ‘natural’ RCT (Figure 4)
[112]. RCTs randomly allocate the study subjects to different treatment arms so
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that the distribution of known and unknown confounders is evenly balanced
across the treatment arms. Assuming that the trial is conduced competently and
compliance is perfect, differences in the outcomes between the treatment groups
at the end of the trial can only be due to the different treatments received,
enabling investigators to assess the causal effect of the treatment on the outcome
[84, 109]. In MR, the random segregation of alleles during meiosis is analogous to
the randomization process in RCTs.
The principle of the MR framework is that, if genetic variants either alter the
level of or mirror the biological effects of a modifiable exposure that itself alters
diseases, then these genetic variants should be related to disease risk to the extent
predicted by their influence on the modifiable exposure [11]. There are several
reasons for using genetic variants as proxies for exposure variables rather than
using the exposures themselves [88, 109, 110]. First, genetic variants are
randomly allocated from parents to offspring. Thus, when using genetic variants
as the instrumental variable of the exposure, alleles are generally unrelated to
those confounding factors (e.g. socioeconomic status and lifestyle factors) that
commonly distort the observational association between exposure and outcome.
This is supported by an empirical study, which shows that 96 phenotypes
(behavioural, socioeconomic and physiological factors) display a substantial
amount of inter-correlation, whereas 23 genetic variants illustrate no associations
with each other or with the 96 nongenetic factors [113]. Second, associations
between genetic variants and heath outcomes cannot be affected by reverse
causation since an individual’s germline phenotypes precede the disease
processes. Lastly, genetic variants that are related to a modifiable exposure will
generally be related to it throughout life and they are measured with a high degree
of precision.
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Fig. 4. Mendelian randomization analysis in analogy to randomized controlled trials.

MR analysis also has limitations. The population-based setting of MR studies
makes them susceptible to distorting factors such as population stratification [88].
In MR, the randomization at conception also means these studies may be biased
by developmental compensations (canalization) [88]. The other limitations of MR
studies include the lack of genetic instruments, weak instruments, low power,
pleiotropy, and linkage disequilibrium. These limitations are related to the
violation of the core assumptions of the MR framework [88, 109], which will be
introduced below.
The core assumptions of Mendelian randomization
The use of the genotype to provide causal inference for the effect of a modifiable
exposure on the disease outcome is an application of the general theory of
instrumental variable (IV) analysis [88]. An IV is a variable associated with an
outcome only through its robust association with an exposure variable. To be a
valid instrument, a genetic variant (or a combinational score of such variants)
must satisfy three core assumptions listed as follows.
Core assumptions for Mendelian randomization analysis [88]:
1.
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the instrument is robustly associated with the exposure

2.
3.

the instrument is independent of the confounding factors that confound the
observational associations of the exposure and the outcome
the instrument is associated with the outcome only through its association
with the exposure variable.

These assumptions are illustrated in the directed acyclic graph shown in Figure 5.
The first assumption can be assessed via the strength of the association
between the genetic instrument and the exposure (e.g. F statistic). The genetic
instrument can be a single genetic variant or multiple variants in the form of a
weighted or unweighted gene score to increase statistical power [114].
Importantly, each of those genetic variants contributing to a gene score must fulfil
the core assumptions of IV analysis [114]. The genetic variants used in the IV
analysis do not have to be a true functional variant that produces a downstream
effect on the exposure; rather, it needs only to be a marker in linkage
disequilibrium with a functional variant [109].
The second assumption is hard to assess since not all the confounders of the
observational associations are known and therefore it is impractical to test the
associations of a genetic instrument throughout the possible confounders.
However, it is often recommended to examine the associations of a genetic
instrument with each of those measureable or known confounders [101, 109]. The
consistent absence of associations with known confounders adds our confidence
in the qualification of the genetic instrument regarding the second assumption.
The third assumption is the most difficult one to verify since it can never be
proven for certain that there are no other biological pathways that the genetic
instrument might affect and thereby modify the disease risk [83, 109]. To
minimize this possibility, a promising strategy is to use genetic variants in genes
where the functions of genes and their relationship to the exposure are well
understood [109]. If the exposure is a protein, then the best strategy is to use those
genetic variants in the protein-coding gene [115-117]. When multiple genetic
variants are available, it is also useful to form multiple instruments [101, 109]. If
different instruments yield heterogeneous estimates of the causal effect, then this
suggests that the third core assumption has been violated, and genetic pleiotropy
is likely to be an issue [109]. Methods such as MR-Egger, which allows for
invalid instruments, could be used as a sensitivity test for causal assessment [118].
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Fig. 5. Directed acyclic graph illustrating the core assumptions of the Mendelian
randomization analysis. An example is given for the MR analysis that uses a genetic
instrument composed of 32 BMI-associated genetic variants to assess the causal role
of BMI on multiple circulating metabolites. To be a valid instrument, the gene score for
BMI must be associated with BMI (assumption 1, denoted as a solid line); must not be
related to the confounders of the observational associations between BMI and
metabolites, including both the measured confounders (e.g. sex, age and smoking)
and non-measured ones (assumption 2, demonstrated as a lack of a solid line); and
must be related to the outcome only through its effect on the exposure (assumption 3,
displayed as an absence of solid lines from the gene score to metabolites except for
the one that passes through BMI).

Estimating causal effects
The three assumptions listed above are sufficient for a simple statistical test to
evaluate whether modifiable exposure is causally linked to the outcome.
However, in most epidemiological studies it is more informative to obtain a
precise estimate of the causal effect than a simple test for a null hypothesis [88,
101]. This is because the simple test cannot tell whether a negative test result
represents a true finding or is simply due to a lack of power [88, 101]. A key aim
of MR studies is thus to provide an estimate of causal effects with a reliable
confidence interval. Estimating the causal effects requires additional assumptions;
in the case of continuous exposures and outcomes, the absence of statistical
interactions between the exposure and the confounders is requested [88]. Under
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these assumptions, the simplest way to estimate the causal effect of the exposure
on the outcome ( ) is via the ratio estimator, as per the formula below:
=

(1)

is the coefficient for the regression of the outcome on the
where
is the coefficient for the regression of
instrument variable, and
exposure on the instrument variable. Standard errors of the causal estimates can be
calculated in a variety of ways, including delta method or bootstrapping [109, 119].
Several other methods of IV estimation are also available, including two-stage least
squares which is useful when multiple genetic instruments are fit simultaneously to
the data, limited information likelihood which may have advantages if the
investigators can use only weak instruments [109], and two-sample Mendelian
randomization which allows efficient evaluation of causal effects based on publically
available summary data without requiring individual-level data [119, 120].
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4

Exemplar risk factors and therapies

The thesis studies the molecular effects of risk factors and pharmacotherapies via
the application of metabolomics data. Two disease risk factors (body mass index
and sex hormone-binding globulin) and two common therapies (statins and
combined oral contraceptives) serve as the exemplars. In this chapter, the key
publications related to these risk factors and therapies in the context of
cardiometabolic condition will be briefly reviewed.
As discussed in Chapter 3, a variety of study designs can be applied to
studying the associations between exposures (e.g. risk factors and drug therapies)
and outcome measures (e.g. metabolites, biomarkers and disease endpoints).
However, various study designs provide different levels of evidence in the
assessment of causality. Thus, when reviewing the literature, it is important to pay
attention to the study designs and to remain critical when judging the quality of
the evidence. With proper implementation, the quality of causal inference with
each study design is often in the following order (ranking from high to low):
randomised controlled trial, Mendelian randomization analysis, longitudinal
(prospective) analysis, and cross-sectional analysis. It is obvious that RCTs would
provide the most reliable causal inference, however the results of RCTs are
generally limited due to the high cost and practicability. Similarly, it is not always
possible to conduct an MR analysis, as it requires a genetic instrument that is
robustly associated with the exposure. In the case that neither an RCT nor MR is
feasible, the best available causal inference would rely on longitudinal studies.
Table 2 summarizes the possible study designs for the two risk factors and two
therapies, and evidence from these study designs will be briefly discussed in
sections below. In addition, it is important to note that these studies are primarily
focused on studying the effects of risk factors (or therapies) on the disease
endpoints and routine biomarkers (e.g. standard lipids and glucose). The
information on how these risk factors and therapies affect the systemic metabolic
profiling remains generally elusive.
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Table 2. Applicable epidemiological study designs in assessing the effects of risk
factors on biomarkers and disease endpoints.
Study designs

Randomized

Risk factors

Pharmacotherapies

BMI

SHBG

Statins

COCs

Yes

Not available

Yes

Not available

Yes

Yes

Yes

Not available

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

controlled trial
Mendelian
randomization
analysis
Longitudinal
(Prospective)
analysis
Cross-sectional
analysis

4.1

Risk factors

In the thesis, a lifestyle risk factor (such as BMI, a coarse measure of adiposity)
and a circulating biomarker (such as SHBG) are used as the examples to illustrate
the applications of metabolomics with risk factors. To assess the effects of BMI
on circulating biomarkers and disease endpoints, the best available causal
inference is from RCTs of weight loss (either by lifestyle or surgical
interventions) and MR analysis (Table 2). Recently, the largest GWAS metaanalysis has identified approximately 100 BMI-associated genes, providing a rich
source for MR analysis [58]. In the case of SHBG, it is however not applicable to
assess the causal effects of SHBG via RCTs (Table 2), since the results from
observational and genetic studies are not yet clear enough to inform RCTs and
there are no ready therapeutics specifically targeting SHBG. In this field, the best
available causal inference relies on MR analysis. In particular, a recent GWAS
study has identified over 10 genes that are robustly associated with SHBG,
facilitating the application of MR analysis [78]. Below, the epidemiological
context of BMI and SHBG is introduced and the results from various study
designs are briefly reviewed.
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4.1.1 Body mass index
Adiposity is a composite risk factor for cardiometabolic diseases. Body mass
index is typically used as a surrogate measure of adiposity, calculated as weight
divided by height squared. Although BMI is a course marker of adiposity, it
predicts the risk of relevant complications and is relevant for large populationbased studies. In adults, overweight is defined as a BMI of 25.0 to 29.9 kg/m2;
obesity is defined as a BMI ≥ 30 kg/m2 [121]. Through the use of BMI, the
prevalence of overweight and obesity has increased from about 30% to 40% in
adults between 1980 and 2013 worldwide [122]. The high prevalence of
overweight and obesity together with the substantial global distribution shifting
towards higher BMI represents a major threat to public health worldwide.
Large prospective population studies have shown that excess body weight, as
assessed by BMI, are associated with the risk of CVD, T2D and all-cause
mortality [123-125]. However, confounding, reverse causation, and other issues
with conventional observational studies can seriously impair the possibility of
making causal inferences [124, 126]. For example, a large number of prospective
studies have shown a U-shape association of BMI and mortality, whereas other
studies have demonstrated that the adverse associations between low BMI and
risk of mortality is confounded, at least partly, by smoking and existing diseases
[124, 126-128]. To circumvent potential confounding and reverse causation, MR
analysis can be applied to assess the causal effects of BMI on various
cardiometabolic traits [129-133]. MR studies so far have supported a causal role
of adiposity on dyslipidaemia, hypertension, insulin resistance and type 2 diabetes
[130-132, 134, 135]. Consistently, meta-analyses of RCTs have also found that
lifestyle interventions aimed at weight loss improves the glycaemic traits and
lipid profile and lowers blood pressure and the risk of T2D [136, 137]. However,
the causal role of BMI on CVD remain elusive, as MR analyses have yielded
conflicting results [131, 132, 135, 138] and RCTs of weight loss indicate
apparently weak effects [139].
Mediation analyses have suggested that the increased morbidity and mortality
linked with adiposity are partly attributed to its effects on glucose and lipid
metabolism as well as hypertension [125, 134]. Detailed metabolic profiling
studies have further revealed that a global metabolic perturbations are associated
with obesity [49, 140, 141]. For example, cross-sectional studies have shown that
obese individuals displayed a distinctly higher concentration of branch-chain and
aromatic amino acids than the normal-weight controls [49, 140]. Longitudinal
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studies provide further evidence that obese individuals displayed a pronounced
reduced concentration in these amino acids following a 10-kilogram weight loss
due to gastric bypass surgery [141]. Recently, the branched-chain and aromatic
amino acids are reported to be predictive of T2D and CVD [39, 142]. The
metabolic profiling studies are of great importance in providing novel insights
into the molecular effects of obesity; however they are generally conducted in
small observational studies where there are large differences in body composition.
It remains unclear how and to what extent excess body weight perturbs the
systemic metabolism within the non-obese range in a continuous manner (BMI <
30 kg/m2). The arrival of high-throughput metabolomics now makes it possible to
assess the effects of BMI on the circulating metabolites in large-scale populationbased cohorts across entire BMI distribution (Study I). Further, with the robust
genetic instruments identified in GWAS [58, 143], it is also feasible to assess the
unconfounded causal effects of BMI on the circulating metabolites via MR
analysis (Study I).
4.1.2 Sex hormone-binding globulin
SHBG is a glycoprotein synthesized mainly in the liver that transports sex steroid
hormones in the circulation [144]. SHBG has a key role in regulating the
bioavailability of the sex hormones via the fluctuations of the SHBG
concentration and the competition of the sex hormones for binding sites. Since
SHBG binds the androgen (testosterone and dihydrotestosterone) with higher
affinity than estrogen, SHBG also affects the balance of bioavailable estrogen and
androgen [144]. For a long time, SHBG has been considered as a passive sexhormone transporter, however recent findings suggest that SHBG may have other
biological functions and it may also be involved in T2D pathogenesis [145, 146].
A large number of cross-sectional and longitudinal studies have reported that
lower SHBG is associated with hyperglycaemia, greater insulin resistance and
higher incidence of T2D [145-148]. Although the temporal relation of SHBG
alteration preceding onset of T2D could be argued following the results of
longitudinal studies, these observational studies are still prone to confounding. In
particular, observational and experimental studies have shown that SHBG
synthesis in the liver is influenced by multiple metabolic and hormonal factors
including sex hormones, thyroxin, prolactin, insulin and monosaccharides [144].
Further, lifestyle intervention studies aimed at weight loss have shown increased
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SHBG levels, indicating that obesity can also causally influence SHBG [149].
Therefore, it is possible that observed associations between lower levels of SHBG
and incident diabetes are secondary to the effects of perturbed hormones,
increased insulin resistance, and excess obesity instead of SHBG alteration as
such.
No intervention trials have been conducted to assess the causal role of SHBG
on the T2D risk. However, genetic studies have provided evidence that SHBG
contributes to the pathogenesis of T2D [146, 150, 151]. Two MR analyses
consistently suggested that a lower concentration of SHBG is causally related to
higher T2D risk [146, 150]. Although a third study did not find a significant
association, the direction of the association is however in accord with the
previous studies [151]. To understand the underlying molecular mechanism of
SHBG, Perry et al. further studied the associations of a genetic variant in the
SHBG gene with multiple glycaemic traits; however they found that this variant
was not associated with any of the glycaemic traits, including fasting glucose and
insulin resistance [150]. The lack of associations with the glycaemic traits is in
contrast with the causal role of SHBG for T2D, given that insulin resistance and
hyperglycaemia are often the pathogenic causes of T2D. Prospective studies have
reported that circulating fatty acids and amino acids are predictive of the
incidence of future T2D [39, 152]. These emerging T2D biomarkers may provide
further insights into the molecular mechanism of SHBG underlying the risk of
T2D. In the present thesis, comprehensive metabolic profiling covering a wide
range of established or novel T2D-associated biomarkers (e.g. lipids, fatty acids,
amino acids) will be used to study the causal molecular effects of SHBG via MR
analysis (Study II).
4.2

Pharmacotherapies

In the thesis, statin therapy and combined oral contraceptives are used as the
example cases to illustrate the applications of metabolic profiling in the molecular
characterization of pharmacotherapies. To study the effects of statins on
biomarkers and disease endpoints (Table 2), the most reliable causal inference
arises from RCTs, either by the comparison of statins to placebos or the
comparison of a higher intensity of statins interventions to lower intensity [153].
Further, the causal assessment can be evaluated by MR analysis, which uses
genetic variants in the gene encoding of the drug target (HMG-CoA reductase,
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HMGCR) as unconfounded proxies of the pharmaceutical action of statins. On
the other hand, it is however not applicable to conduct RCTs to compare the
effects between the use of the COCs to non-use, as few women would be
prepared to be randomized to placebo or non-hormonal contraception. Similarly,
it is impractical to assess the causal effects of COCs via MR analysis since
identification of genetic variants for estrogen and progesterone has to date proved
elusive [154, 155]. Furthermore, if such variants were identified they might not
necessarily mimic the pharmaceutical actions of exogenous hormones.
Longitudinal studies are therefore essential in providing the best causal estimates
in this field. The epidemiological background of the two drug therapies and the
findings from different study designs are briefly discussed below.
4.2.1 Statin therapy
Statin therapy is the first-line pharmacotherapy targeting CVD risk reduction.
Statins, also known as HMGCR inhibitors, reduce LDL cholesterol (LDL-C)
levels leading to proportionate reduction in cardiovascular risk [153, 156]. Statins
are the most widely prescribed drug class in managing dyslipidaemia and
cardiovascular risk worldwide, with nearly 30% of Americans aged 45 years and
older receiving statins from 2007 to 2010. Statin therapy is associated with a
global improvement in cardiovascular health; a meta-analysis of 27 RCTs
suggests that statins reduced the risk of major coronary events by 24% for each 1
mmol/L reduction in LDL-C, stroke by 15%, and coronary revascularization by
24% [153]. The magnitude of these benefits is similar between women and men,
in elderly and young people, between individuals with low and high risk of CVD,
between primary and secondary prevention, and across all levels of baseline
LDL-C [153, 156]. Although individual randomized trials and meta-analyses have
shown a small increase in the risk of developing diabetes with statin therapy [115,
157], the benefits of treatment in terms of vascular event reduction outweigh this
adverse effect [153, 158]. Statin therapy remains the foremost consideration in
preventing cardiovascular disease for both diabetic and non-diabetic individuals,
but the use of statins should be governed by individual patient risk [158].
Statins act by inhibiting the HMGCR to impair hepatocyte cholesterol
synthesis, leading to upregulation of hepatic LDL receptor expression and
reduction of circulation LDL cholesterol concentration. High-intensity statin
therapy on average lowers LDL-C by approximately 50%, moderate-intensity
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statin therapy lowers LDL-C by approximately 30% to up to 50%, and lowerintensity statin therapy lowers LDL-C by up to 30% [159]. Trials and genetic
studies have consistently shown a log-linear associations between LDL-C
lowering and CVD risk reduction [160-163]. However, statins have also been
suggested as having various beneficial pleiotropic properties, such as reducing
inflammation and improving endothelial function [164, 165]. It remains unclear
that whether such pleiotropic effects of statin would manifest in the systemic
metabolism. Given the widespread use of statins and the potential pleiotropic
effects, it would be important to systematically examine the molecular
consequences of statin therapy using metabolomics via a hypothesis-free
approach. However, this approach has not yet been studied in large
epidemiological studies and the causal role of statins on systemic metabolism
remains unclear. High-throughput metabolomics now makes it possible to
robustly analyse metabolic profiling for tens of thousands individuals across
multiple large-scale population-based cohorts in a short time span, providing
sufficient statistical power to assess the causal molecular effects of statins on a
comprehensive panel of circulating metabolites via MR analysis (Study III).
4.2.2 Combined oral contraceptives
Oral contraceptive pills, often referred to as birth control pills, are in widespread
use; more than 100 million of women worldwide are currently using oral
contraceptives, and around 80% of women from high-income countries have used
these pills [166, 167]. Despite the widespread use, various observational studies
have shown that use of combined oral contraceptives (containing both estrogen
and progestin) is associated with 3-7 times higher risk of venous thrombosis, and
around a 2-fold risk of myocardial infarction and ischemic stroke [168-172]. The
risk of venous thrombosis is suggested to be associated with both the estrogen
dose and the type of progestin, whereas the risk of arterial diseases appears to be
only related to estrogen dose [168-171]. Although the COC users have a
substantially higher risk of CVD compared to non-users, it is important to
recognize that the absolute risk for CVD events are generally low in COC users
given their young reproductive age, e.g. approximately 2 incidences of arterial
thrombosis and 7 incidences of venous thrombosis per 10 000 person years
among current users of a commonly prescribed COC preparation [168, 169]. It
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remains unclear whether the potential effects of accumulative exposure of COC
use at reproductive age impose a subsequent CVD risk at older age.
Given the long-term use (years or decades) of COCs among hundreds of
millions of women worldwide, it is important to evaluate the detailed molecular
consequences of COC use in the systemic metabolism. However, seeking
evidence via RCTs or MR analysis in this field is not applicable, due to the
problems in randomization and difficulties in identification of genetic
instruments. Longitudinal studies are therefore essential for determining the
molecular consequences of starting, stopping and continued use of COCs, and
also for providing the best estimates of causal effects. However, majority of the
previous studies have been cross-sectional and have only assessed a limited range
of traditional metabolic risk factors [173]. The few existing small longitudinal
studies have suggested that the effects of COCs on lipids and insulin resistance
tend to appear shortly after starting the use, and that the effects do not worsen
with continued use and that they reverse upon stopping [173-176]. Yet, it is still
unclear whether and to what extent COCs would affect a wide-range of
circulating markers (e.g. amino acids and fatty acids), which are of high relevance
for cardiovascular risk assessment [40, 49, 116, 117]. The metabolomics approach
with appropriate study designs conducted in the thesis provides an opportunity to
obtain detailed molecular understanding of the COC use (Study IV).
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5

Aims of the study

The aim of the present thesis is to study the effects of two disease risk factors
(body mass index and sex hormone-binding globulin) and two drug therapies
(statins and combined oral contraceptives) on a wide range of circulating
metabolic measures. These metabolic measures were primarily quantified by a
high-throughput serum NMR metabolomics platform, including 14 lipoprotein
subclasses and related lipids, fatty acids, amino acids, and other metabolites [6].
In each work, multiple study designs were conducted to seek causality and to
understand the influence of confounding.
The specific aims of the present thesis were:
1.
2.

3.
4.

To study the causal effects of body mass index on circulating metabolites via
cross-sectional, longitudinal and Mendelian randomization analysis (Study I).
To study the causal effects of sex hormone-binding globulin on circulating
metabolites via cross-sectional and Mendelian randomization analysis (Study
II).
To study the causal effects of statin therapy on circulating metabolites via
longitudinal and Mendelian randomization analysis (Study III).
To study the causal effects of combined oral contraceptives on circulating
metabolites via cross-sectional and longitudinal analysis (Study IV).
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6

Population cohorts and methods

6.1

Cohorts description

In the present study, data from 10 population-based cohorts from the United
Kingdom (UK) and Finland were analysed. All study participants provided
written informed consent, and study protocols were approved by the relevant
local ethics committees. Blood samples from all cohorts were profiled by NMR
metabolomics platform. Cohort characteristics are summarized in Table 3. In the
following, a brief description of the cohorts is given.
The Avon Longitudinal Study of Parents and Children (ALSPAC) – Mothers
Cohort: The ALSPAC cohorts were established to understand how genetic and
environmental characteristics influence health and development in parents and
children [177]. All pregnant women, who had an expected date of delivery
between 1st April 1991 and 31st December 1992 and lived in a defined area in the
South West of England, were eligible and 13 761 women were recruited. Data
from women who attended the two follow-up clinic assessments were used in the
thesis; the first occurring between 2009 and 2011 (response rate 50%) and the
second 2011–2012 (response rate 85%). NMR metabolomics data were measured
from plasma samples (minimal 6 hours fasting) for 4524 women in the first
assessment and 2749 women in the second assessment.
ALSPAC – Children Cohort: In the children cohort the recruitment sought to
enrol pregnant women in the Bristol area of the UK during the period 1990–92.
Of the 14 541 pregnancies originally enrolled there were 14 062 live births of
whom 13 988 were still alive at 12 months [178]. Additional recruitment of
children who were potentially in the birth cohort has initiated since the children
were aged 7. This has resulted in a further 706 participants. All eligible
participants have been invited to follow-up clinics since age 7 with recruitment
rates from 45–70%. In the thesis, data from 3176 adolescents with metabolomics
data from the 17-year field survey (2009–2010) were used.
Southall and Brent Revisited (SABRE): the SABRE study examined 4857
individuals in a tri-ethnic community-based cohort from North and West London
[179, 180]. Participants aged 40 to 69 at baseline (from 1988 to 1991) were
selected randomly from 5-year age- and sex-stratified primary care physician
lists. Participants included Europeans (48%), Indian Asians (47%) and a small
fraction of African-Caribbeans (5%). Study participants were invited for a follow57

up visit during 2008 and 2011. NMR metabolomics was measured for 3298
overnight-fasting serum samples at baseline and 1438 fasting serum samples at
follow-up.
Whitehall II Study (WHII): the Whitehall II study was established in 1985 to
investigate the importance of social class for health by following a cohort of
10 308 civil servants initially aged 35–55 years working in the London offices of
20 Whitehall departments [181]. NMR-based metabolomics data were measured
from 6204 fasting serum samples collected during the phase-5 clinical
examination in 1997–1999 and these data were used in the thesis.
British Women’s Heart and Health Study (BWHHS): the British Women’s
Heart and Health Study recruited 4286 females between 1999 and 2001, who
were randomly selected from 23 British towns and were aged from 60 to 79 years
at assessment [182]. NMR metabolomics data were measured for 3777 fasting
serum samples and the data from these individuals were used in the thesis.
Northern Finland Birth Cohort of 1986 (NFBC1986): The Northern Finland
Birth Cohorts of 1986 was initiated to study factors affecting preterm birth and
subsequent morbidity in the two northernmost provinces in Finland. For NFBC
1986, the number of deliveries in the birth cohort was 9362, which was 99% of
all the deliveries taking place in the area during the target period (July 1985–June
1986) [183]. Data collection in 2001–2002 for 6621 adolescents at age 15–16 was
used in the present thesis. NMR metabolomics data were measured for 5602
fasting serum samples.
Northern Finland Birth Cohort of 1966 (NFBC1966): The NFBC 1966
included 12 058 children into the cohort, comprising 96% of all births during
1966 in the two northernmost provinces in Finland [184, 185]. Data collection in
1997 for 6007 individuals at age 31 was used in the present study. NMR-based
metabolomics was measured for 5709 individuals with fasting serum samples.
The Cardiovascular Risk in Young Finns Study (YFS): the YFS study was
initiated to study the associations of childhood risk factors to cardiovascular
disease in adulthood [186]. The baseline study in 1980 included 3596 children and
adolescents aged 3–18 years. Participants who attended the three clinical followup assessments (years 2001, 2007 and 2011) and had overnight fasting serum
samples were analysed in the present thesis. NMR-metabolomics data were
measured for 2247, 2160 and 2040 fasting samples in the follow-up years 2001,
2007 and 2011, respectively.
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The FINRISK 1997 study was conducted to monitor the health of the Finnish
population among persons aged 25–74 at recruitment [187]. In total, 8444
individuals were recruited to represent the middle-aged population of five
locations across Finland. Samples were semi-fasting: participants were asked not
to eat 4 hours prior to blood sampling. The median fasting time was 5 h
(interquartile range 4–6 h). NMR metabolomics data were measured for 7610
participants with serum samples available.
The Pieksämäki cohort study consisted of 1294 individuals from the town of
Pieksämäki, Eastern Finland, born in 1942, 1947, 1952, 1957 and 1962. There
were 923 participants in the initial examination in 1997, and 690 of these attended
a follow-up survey 6.5-years later (2003–2004) [48, 188]. In the present study,
684 individuals with NMR-based metabolomics measured from fasting serum
samples at both time-points were analysed.
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in this study

Time

1966
1980

1997

NFBC1966

YFS

FINRISK

Pieksämäki

1997

1985–1986

NFBC 1986

1997

1999–2001

1985

BWHHS

WHII

SABRE

1988–1991

2003–2004

1997;

1997

Fasting serum

759

56%

56%;

52 [41–63]

46 [35–57];

iPLEX Sequeonom

(study I, II & III )

Illumina HumanHap 670k

(study I, II & III )

Illumina HumanHap 370k

(study I, II & III)

Illumina Cardio-Metabochip

(study III)

Illumina Cardio-Metabochip

BeadChip (study III)

Illumina IBC HumanCVD

(study III)

Illumina HumanHap 610K

(II); HumanHap 670k (III)

Illumina core-exome chip
923;

Illumina Human660WQuad BeadChip (study III)

(median = 5h)

48 [24–74]

42 [34–49]

38 [30–45];

32 [24–39];

31 [30–32]

16 [15–17]

69 [59–80]

55 [45–69]

70 [58–86]

52 [40–70];

18 [16–20]

51 [37–65]

48 [34–61];

Genotyping

MassARRAY (study I);

50%

54%

55%;

55%;

52%

50%

100%

26%

24%

14%;

52%

100%

100%;

[age span]

serum

7610

2040

2247;

5709

5602

3777

6204

1438

3298;

3176

2749

4524;

metabolic profiling (N)

2160;
Semi fasting

Characteristics of the data used in this study
Individuals with NMR Women (%) Mean age (Year);

2011

Fasting serum

Fasting serum

Fasting serum

Fasting serum

Fasting serum

Fasting serum

Fasting plasma

Fasting plasma

Blood sampling

2007;

2001;

1997

2001–2002

1999–2001

1997–1999

2008–2011

1988–1991

2009–2010

1991–1992

ALSPAC

children

2011–2012

2009–2011;

collection used

1991–1992

The time of the data

Cohort

Initiating

mothers

ALSPAC

Cohorts

Table 3. Characteristics of the cohorts used in this study.

6.2

Study populations

The study populations and the study designs of studies I-IV are summarized in
Table 4. A brief description is introduced below.
Study I aimed to investigate the causal effects of BMI on metabolic profile
via cross-sectional, longitudinal and MR analysis. Four population-based cohorts
in Finland were analysed in this study. Individuals aged 40 years old or above
were omitted from the present study; this age cut-off was applied so as to focus
on adolescent and young adults, thereby minimizing the influences of menopause
and aging-related disease on metabolites and BMI [51]. Pregnant women and
persons with diabetes or on anti-hypertensive or lipid treatment were also
excluded. In total, 12 664 adolescents and young adults with BMI measurements,
metabolic profiles and genotype data (32 BMI-correlated genetic variants) were
included. These individuals were analysed in the cross-sectional and MR analysis.
To assess the metabolic changes in response to changes in BMI over time,
longitudinal analysis was performed for a subset of 1488 individuals who had
BMI and metabolic profile measured again 6 year later.
Study II aimed to study the causal effects of SHBG on metabolic profile via
cross-sectional and MR analysis. Three population-based cohorts in Finland were
used in this study. Pregnant women and those using oral contraceptives were
excluded. For the cross-sectional analysis, 6475 young adults who had data on
SHBG concentration and metabolic profiles were analysed. For the Mendelian
randomization analysis, 10 895 individuals with both genotype data (11 SHBGcorrelated genetic variants) and metabolic profiling were analysed.
Study III aimed to assess the causal effects of statin therapy on the metabolic
profile via longitudinal and MR analysis. In longitudinal studies, the metabolic
changes associated with starting statin therapy were examined in four UK-based
and Finnish longitudinal cohorts with metabolomics data at both baseline and a
follow-up visit. Individuals on non-statin lipid-lowering monotherapy and
pregnant women were omitted from the analyses. Altogether 5590 individuals
with metabolic profile measured at both time points and free of statin medication
at baseline were included in the longitudinal analyses. For the MR analysis,
rs12916 in the HMGCR gene was analysed in eight population-based cohorts
from UK and Finland with metabolomics data. This genetic variant was known to
affect hepatic HMGCR expression and circulating LDL-C [115, 189]. Pregnant
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women and individuals on lipid-lowering treatment were excluded from analyses.
Altogether, 27 914 individuals with metabolomics data at a single time point and
rs12916 genotype information were available for the MR analyses.
Study IV aimed to study the causal effects of combined oral contraceptives
on metabolic profile via cross-sectional and longitudinal studies. Three
population-based cohorts in Finland were used in this study. Pregnant women and
women aged over 49 years old were excluded. In total, 5841 women who had
metabolic profiles and information on hormonal contraceptive use were analysed
in the cross-sectional analysis. To assess the metabolic changes in response to the
start, stop and consistent use of COCs, a longitudinal analysis was performed for
a subset of 869 women who had metabolic profiles measured again 6 year later.
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Primary cohorts

Exposure
instrument

Genetic

YFS (6-y follow-up)

FINRISK1997

NFBC1966; YFS;

NFBC1986;

variants

SHBG

SHBG

NFBC1966; YFS;

Mendelian
NFBC1966; YFS;
randomization
FINRISK1997

Crosssectional

Metabolic

variants

of 11 genetic profile

Gene score

profile

Metabolic

of 32 genetic profile

Metabolic

profile

BMI
Gene score

in metabolic

change in
BMI

6-year change

profile

Metabolic

Outcome

6-year

BMI

Study II: the casual effects of SHBG on metabolic profile

FINRISK1997

Mendelian
NFBC1986;
randomization
NFBC1966; YFS;

Longitudinal

Crosssectional

Study I: the causal effects of BMI on the metabolic profile

Studies

Table 4. The study designs.

BMI

Sex, age and

Sex and age

Covariates

contraceptives

women using oral

Pregnant women;

treatment

hypertensive or lipid

diabetes or on anti-

Individuals with

Pregnant woman;

Age 40y or above;

Exclusion criterions

10 895

6475

12 664

1488

12 664

46%

41 [24–74]

43%

31 [24–39];

51%

26 [16–39]

Women(%)

[Age span];

Final number in Mean age
the analysis

64
Primary cohorts

Exposure
instrument

Genetic

inhibiting)

follow-up); ASPAC

Metabolic

the follow-up

HMGCR
gene

FINRISK1997;
NFBC1986;
NFBC1966; WHII

(rs12916) in

variant

inhibiting

BWHHS; YFS;

Genetic

HMGCR
profile

Longitudinal

COCs

NFBC1966; YFS;

Change in
COC use

Women from YFS
(6-y follow-up)

FINRISK1997

Use of

Women from

profile

metabolic

Change in

profile

Metabolic

Study IV: the causal effects of combined oral contraceptives on metabolic profile

Crosssectional

Sex, age and

statin lipid-lowering

baseline or using non-

lowering medication at

Individuals using lipid-

Pregnant women;

Age

components

principal

genomic

the first 4

33 [24–49];
100%

58%

40 [16–80];

68%

45 [30–67];

Age over 49;
869

5841

27 914

5590

Women(%)

[Age span];

Final number in Mean age
the analysis

Pregnant women

lowering medication

Participants on lipid-

Pregnant women;

up

(HMGCR

follow-up); YFS(4-y

profile during

Sex and age

Exclusion criterions

medication at follow-

therapy

Pieksämäki (6-y

Change in
metabolic

Covariates

follow-up)

statin

years follow-up );

Outcome

mothers (2.5-y

Starting

SABRE (20 to 23

Mendelian
ALSPAC children;
randomization
ALSPAC mothers;

Longitudinal

Study III: the causal effects of statins on metabolic profile

Studies

6.3

Exposures and covariates

In study I, BMI was the exposure and was treated as a continuous variable. BMI
was calculated as weight in kilograms divided by height in meters squared.
Covariates were sex and age.
In study II, the concentration of circulating SHBG was the exposure and was
treated as a continuous variable. SHBG was measured by an immunofluorometric
assay in the NFBC studies and by Spectria SHBG IRMA in the YFS study.
Covariates were sex, age and BMI.
In study III, use of statin therapy was the exposure and was a category
variable. Information on statin use was obtained from questionnaires. Covariates
were sex and age in the longitudinal analysis, and further included the first four
genomic principal components to account for population stratification in the
Mendelian randomization analysis.
In study IV, use of combined oral contraceptives was the exposure and was a
category variable. Information on contraception use was assessed by
questionnaires. Covariate was age.
6.4

Outcomes

The outcome measures were a wide range of circulating metabolic measures
assessed from fasting serum or plasma samples. All outcome measures were
treated as continuous variables. These measures were primarily quantified by a
high-throughput quantitative serum NMR metabolomics platform, covering
multiple metabolic pathways and representing a broad molecular signature of
systemic metabolism [6, 13]. The details on this platform are provided in Chapter
2.1.3. To provide a wider metabolic profile, a few established biomarkers
analysed by standard clinical assays were also included as the outcome measures,
including various inflammatory markers (C-reactive protein and phospholipase
activity), liver function surrogates (alanine aminotransferase, gamma-glutamine
aminotransferase, and bilirubin) and hormone-related measures (leptin,
adiponectin, testosterone, vitamin D and insulin). The addition of these
established biomarkers also serve as positive controls, in facilitating the
interpretation of the effect estimates of the novel metabolic measures in the risk
assessment context.
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6.5

Genetic instruments

In the Mendelian randomization analysis, genetic variants were used as the
instrument variable for the exposure to assess the causal inference between the
exposure and outcome variables. MR analyses were applied in Study I, II and III
but not in study IV, since no genetic variants have been identified to robustly
mimic the pharmacological action of combined oral contraceptives.
In study I, a gene score composed of 32 independent SNPs firmly associated
with BMI in prior GWAS from the Genetic investigation of Anthropometric Traits
consortium [143] was used as the instrument to assess the causal effects of BMI
on circulating metabolites. The individual genotypes were combined into a gene
score for elevated BMI by summing the allele count for each individual variant
weighted by the effect size determined in the genome-wide association study
[143]. In the sensitivity analysis, each individual genetic variant was omitted in
turn from the gene score to assess whether the metabolic effects were driven by a
specific variant.
In study II, a gene score composed of 11 independent SNPs robustly
associated with SHBG in a prior GWAS [78] was used as the instrument to assess
the causal effects of SHBG on circulating metabolites. The gene score for SHBG
was constructed similarly as the gene score for BMI. In the sensitivity analysis, a
second gene score, which was comprised solely of the four genetic variants in the
SHBG gene, was used as the instrument. Although the statistical power of the
sensitivity analysis will be decreased due to less genetic variants used, using
solely the genetic variants in the protein-encoding gene is however often
recommended to reduce the risk of genetic pleiotropy [109].
In study III, the genetic variant rs12916 located in the HMGCR gene, a
variant known to affect hepatic HMGCR expression and circulating LDL-C [115,
189], was used as the instrument to mimic the HMRGCR inhibition by statin
therapy. This genetic variant displays the strongest association with LDL
cholesterol in the HMGCR gene in prior GWAS analysis from the Global Lipids
Genetic Consortium [76]. In the sensitivity analysis, genetic variant rs17238484
was used as the instrument, which is in low linkage disequilibrium (R2 = 0.37)
with rs12916 but affects LDL-C to a similar extent [115].
The genotyping technologies for the above-mentioned genetic variants are
listed in Table 3. For those genetic variants that were not directly genotyped,
imputation or genetic variants in high linkage disequilibrium were used.
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6.6

Statistical analysis

Statistical analyses were conducted in R (https://www.r-project.org) and
MATLAB (https://se.mathworks.com). Transformations were regularly applied to
the metabolic measures. However, we noted that metabolic associations were
generally of consistent magnitude regardless of transformations or not. All
metabolites were then scaled to standard deviation (SD) units separately in each
cohort. This scaling enables a comparison of association magnitudes across
different metabolic measures. The metabolic associations were analysed in each
individual cohort and then combined by meta-analysis. To constrain for potential
chance findings, a multiple-testing corrected significance threshold was used
throughout. To further increase the robustness of the findings, replication across
multiple independent cohorts and sensitivity analyses with adjustment for various
confounders were employed for all studies.
For the cross-sectional analysis, a linear regression model was fitted for each
metabolic measure, with exposure as the explanatory variable and the metabolite
concentration as the outcome. Cross-sectional analyses were conducted in studies
I, II and IV. In study I, the associations were reported as SD-units metabolite
concentration per 1-kg/m2 increment in BMI. In study II, the associations were
reported as SD-units metabolite concentration per 1-SD increment in SHBG. In
study IV, women using combined oral contraceptives were compared to those
using no hormonal contraception. The associations were reported as the SD-units
difference in metabolic concentration between COC users and non-users.
For longitudinal analyses, linear regression models were fitted for each
metabolic measure, with the change in exposure during the follow-up used as the
explanatory variable and the change in metabolite concentration as the outcome.
To enable a comparison with the cross-sectional analyses, the change in metabolic
concentration were scaled to baseline SD-units. Longitudinal analyses were
conducted in studies I, III and IV. In study I, the associations were reported as the
change in metabolic concentration per unit-change in BMI. In study III, the
change in metabolic concentration for those who started statin therapy during the
follow-up were compared to those of non-users. The associations were reported
as the mean difference in the metabolite concentration change between statin
starters and non-users. In study IV, the change in metabolic concentration for
those who started, stopped or continued the use of combined oral contraceptives
during the follow-up were compared to those of non-users of hormonal
contraceptives.
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MR analyses were used in studies I, II and III. In study I, the two-stage least
squares method was used to assess the causal effect estimates of BMI on
circulating metabolites, given BMI measures, genotype information and
metabolic profiles were available for all the included individual cohorts. In study
II, subsample MR analysis (ratio estimator method) was used to assess the causal
effect estimates of SHBG on the metabolites, as the exposure (SHBG
concentration) was only available for a fraction of study participants [119]. In
study III, a MR analysis was applied using a genetic variant in the HMGCR
encoding gene as an unconfounded proxy for the pharmacological action
(HMGCR inhibition) of statin therapies [11, 109, 115, 161]. Specifically, the
metabolic effects of genetic variation in HMGCR, which mimics a very small
dose of statin allocated to rs12916-T carriers [115], were examined and further
compared to the metabolic changes observed longitudinally.
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7

Risk factors and metabolomics

This chapter presents the main results from studies I and II, where multiple study
designs are applied to assess the causal molecular mechanism of two established
cardiometabolic risk factors. Study I (BMI) is an example study of a composite
risk factor. The causal effects of BMI on routine lipids and glycaemic traits have
been assessed by prior RCTs and MR analyses, and here we aim to extend the
molecular understanding to the systemic metabolic profile via cross-sectional,
longitudinal and MR analyses. Study II (SHBG) represents metabolic studies of
specific circulating biomarkers. The causal effects of SHBG on glycaemic traits
have been evaluated by MR analyses, but there is currently no evidence available
from RCTs. Here, the causal molecular understanding of SHBG will be further
expanded to a wide range of circulating metabolites via cross-sectional and MR
analysis.
7.1

Results and discussion for metabolic signature of BMI (study I)

To assess the causal molecular effects of BMI on systemic metabolism, crosssectional, longitudinal and MR analyses of BMI with metabolic profile were
conducted in 12 664 apparently healthy adolescents and young adults across four
population-based cohorts in Finland. In the cross-sectional analysis (white bar,
Figure 6), higher BMI was associated with differences in a wide range of
circulating metabolites, most of which have been reported to be adversely
associated with the risk of CVD and T2D [9, 39, 40, 42, 152, 190, 191].
Pronounced metabolic differences included an unfavourable lipoprotein subclass
profile, increased concentrations of branched-chain amino acids and
inflammatory markers, as well as perturbed hormone levels and elevated blood
pressure. In longitudinal analysis (green bar, Figure 6), the metabolite changes
followed an association pattern similar to the cross-sectional associations: those
metabolites most strongly associated with BMI at one time point also displayed
the highest responsiveness to changes in BMI during the follow-up. Concurrently,
the causal estimates based on Mendelian randomization (orange bar, Figure 6)
also gave rise to a similar metabolite association pattern: the effects of a 1-kg/m2
increment in BMI due to genetic predisposition closely matched the metabolic
aberrations observed per 1-kg/m2 increment in BMI observed cross-sectionally.
The consistent metabolic association patterns from cross-sectional,
longitudinal and unconfounded MR analysis provide strong evidence that
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elevated BMI is causal for systemic metabolic aberrations. Despite the similar
association patterns, greater metabolic changes were observed in the longitudinal
studies, on average 60% larger than those from cross-sectional and MR analysis.
This unexpectedly large metabolic response could possibly arise from concurrent
lifestyle changes contributing to the obtained weight change, such as changes in
diet or physical activity that are known to affect the metabolite profile [47, 50,
133].
The causal effects of adiposity on routine lipids, glucose and blood pressures
assessed in the present work are in line with prior MR analyses and randomised
controlled trials on weight loss [130-132, 136, 137]. The comprehensive metabolic
profile further extends the causal relation of adiposity to detailed lipoprotein
subclasses, branched-chain and aromatic amino acids, inflammation-linked
glycoprotein acetyls [43], leptin and sex hormone-binding globulin. The perturbed
lipoprotein subclass pattern suggests an adverse causal role of adiposity across the
lipid panel, including increased triglyceride-rich VLDL lipids and LDL
cholesterol and decreased HDL cholesterol. Branched-chain and aromatic amino
acids are associated with the risk for CVD and T2D; their elevation due to higher
adiposity could at least partly explain how these amino acids reflect the risk for
future cardiometabolic diseases [39, 40]. Causal effects on higher glycoprotein
acetyl levels, which have recently been linked with the risk for both vascular and
non-vascular mortality [42], suggest that increased adiposity contributes to this
marker of low-grade inflammation [43]. Although the causality of these novel
biomarkers in relation to disease outcomes still remains largely unknown, the
causal role of adiposity across numerous metabolic risk markers could potentially
contribute to the excess cardiovascular risk mediated by high BMI beyond the
effects on raised blood pressure, cholesterol, and glucose [125].
The present study suggests unfavourable metabolic effects due to increased
BMI are already apparent in adolescents and young adults within the non-obese
range. This indicates any increase in BMI would have an effect on the metabolic
profile without any evidence of a cut-off point. Although the individual
metabolite deviations caused by a 1-kg/m2 increment in BMI were modest, the
combined effects across the metabolite profile may have considerable
implications. With the increasing trends in BMI worldwide, the adverse metabolic
effects observed already in adolescents and young adults starting within the lean
range of BMI may translate into direct consequences for cardiometabolic risk in
the general population [39, 40, 122-125]. The causative nature of BMI on systemic
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metabolism highlights the importance of population-level weight reduction as a
key target for comprehensive risk factor control among young adults.
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Fig. 6. Cross-sectional associations (white), longitudinal associations (green) and
causal effect estimates (orange) of BMI with circulating metabolites. Associations
were adjusted for age and sex. Figure is reprinted from open access article PloS Med
2014, 11:e1001765.
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7.2

Results and discussion for metabolic signature of SHBG (study
II)

To study the causal molecular mechanism of SHBG, cross-sectional and MR
analyses of associations of SHBG with metabolic profiles were analysed in up to
10 895 individuals from three population-based cohorts in Finland. In crosssectional analysis, higher SHBG was associated with multiple metabolic
differences linked with lower cardiometabolic risks [9, 39, 40, 42, 45, 152, 190].
This is illustrated by red circles in Figure 7. Noticeable metabolic differences
were observed for improved insulin resistance and inflammation, beneficial
profile of VLDL and HDL lipids, and perturbed fatty acids and amino acids.
Despite the prominent cross-sectional associations, the causal effect estimates
from the MR analysis were however much weaker, and the association pattern
across the profile seemed to deviate from that of the cross-sectional analysis (blue
circles, Figure 7). The small causal effect estimates together with the contrasting
results from the cross-sectional and MR analyses provided limited evidence to
support a causal role of SHBG on systemic metabolism.
The MR analysis uses genetic variants as the unconfounded proxy for SHBG,
providing the best available causal inference in observational studies. However,
pleiotropy is a major concern in making valid causal inference via MR analysis.
To argue against instrument pleiotropy, a gene score composed of 11 genetic
variants (gene score A) was used in this study, as the multigenic instrument is
helpful in diluting the effects of single variant pleiotropy. As a sensitivity test, a
second gene score, solely composed of the 4 genetic variants near the SHBGencoding gene (gene score B), was also applied in the MR analysis. Since this
gene score was solely composed of genetic variants in the SHBG gene, it is
unlikely that the biological function of this gene score is mediated by other
molecules rather than through its primary effect on circulating SHBG. The causal
estimates from both gene scores were weak and highly consistent, suggesting the
causal effects of SHBG on circulating metabolites were indeed weak and that the
influence of pleiotropy should be minimal. The weak causal effect estimates here
is supported by the results from the MAGIC consortium, where null associations
of rs1799941 near the SHBG gene with intermediate glycaemic traits were
reported [150]. The present study has further extended the null associations to
lipoprotein lipids, fatty acids and amino acids. The weak causal effect estimates
compared to the pronounced observational associations suggest that observational
associations are confounded.
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The observed metabolic associations with higher SHBG generally followed a
similar metabolic association pattern as those reported for a lower degree of
adiposity (study I) and higher insulin sensitivity [47]. Broadly, the metabolic
deviations associated with a 1-SD higher SHBG were largely equivalent to those
caused by having 2–3 kg/m2 lower BMI. However, the metabolite associations
with SHBG remained robust when adjusting for both BMI and insulin, suggesting
that SHBG levels reflect numerous metabolic risk perturbations at least partly
independent of these coarse measures of adiposity and insulin resistance.
Although higher adiposity has been demonstrated to be causal for lower levels of
circulating SHBG (study I), this mediation is insufficient to explain the strong
observational associations between SHBG and circulating metabolites
independent of obesity and insulin resistance. Although the confounding factors
for the observational studies are still unclear, the weak causal effects estimates of
SHBG on circulating metabolites from the MR analysis strongly indicate that the
metabolic measures studied here are unlikely to be the mediating factors leading
SHBG to T2D. Future studies with stronger statistical power and a wider
coverage of metabolic biomarkers are necessary to verify the current findings and
perhaps identify the underlying molecular mechanisms linking SHBG to T2D.
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Fig. 7. Cross-sectional associations (red) and causal effect estimates (blue) of SHBG
with circulating metabolites. Cross-sectional analysis was conducted for 6475 young
adults, and Mendelian randomization was

conducted

for 10 895 individuals.

Associations were adjusted for age, sex and BMI, and meta-analysed for the three
Finnish cohorts.
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7.3

Summary

Quantitative metabolomics is a valuable tool to investigate the molecular function
of established cardiometabolic risk factors. The high-resolution and specific
metabolic measures across multiple pathways allows for the capture of possible
molecular perturbations associated with the risk factors. In the present thesis,
using two risk factors as an example, we have shown that the metabolic
associations of BMI and SHBG extend far beyond the conventionally studied
total lipids and glucose measures. Rather, the associations expand towards a wide
range of metabolic pathways, including detailed lipoprotein subclasses, fatty
acids, amino acids and inflammatory markers. It is however important to realize
that the metabolites analysed here based on NMR metabolomics are only a small
fraction of the serum metabolome. With integration of the metabolites measured
with MS and from other biological samples such as urine and faeces, a finer
metabolic association pattern could be achieved and even more diverse metabolic
effects are likely to be identified.
Despite the promising aspects of epidemiological applications of
metabolomics, it is of great importance to recognize that associations do not
imply causation. This is well illustrated in the example of the SHBG study, where
the cross-sectional analysis shows a strong correlation of SHBG and systemic
metabolism, but the unconfounded MR demonstrates that the causal effect
estimates are much weaker, and the evidence in support of the causal role of
SHBG is weak. The possible explanation of the contrasting results is that the
cross-sectional associations are confounded and it is likely that SHBG does not
affect or only weakly affects the systemic metabolism. To appreciate the causal
molecular effects of established risk factors on the systemic metabolism, multiple
study designs including cross-sectional, longitudinal and MR analysis were
employed in study exemplars to demonstrate the feasibilities in distinguishing
causation from mere correlations. When it is applicable, exploring all these study
designs are preferential, as different study designs assess the associations from
different aspects and each of them has its own limitations or underlying
assumptions. Cross-sectional studies compare the metabolite profiles between
different participants with or without an exposure, and are thus prone to
confounding and reverse causation. Longitudinal studies track the changes in the
metabolite profile for the same individuals before and after an exposure,
providing more accurate results, though they are still vulnerable to confounding.
MR analysis uses randomly assorted genetic variants as the unconfounded proxy
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for an exposure, thus providing the best available causal inference from the
observational studies, if proper genetic instruments are applied. When different
study designs give rise to consistent association patterns across the entire
metabolic profile (e.g. study I), confidence in inferring causality is increased. On
the other hand, when different study designs display conflicting results (e.g. study
II), caution is taken in drawing any conclusions and it would be important to
examine the underlying limitations of each study design. For example, one should
inspect the possibility of the confounding factors for the cross-sectional and
longitudinal studies, and assess the validity of the genetic instruments for the MR
analysis. If evidence supports the validity of the genetic instruments, conflicting
results would in general suggest that the observational studies are confounded.
Overall, our work here demonstrates that applying multiple study designs to study
the associations of risk factors and metabolic profile is an important approach to
addressing the causal relations, as well as to understanding the influence of
confounding factors.
The concept of combining metabolic profiling and multiple study designs to
infer causal molecular mechanisms can be readily extended to other
cardiometabolic risk factors, such as lifestyle factors (e.g. physical activity and
alcohol consumption), environmental markers (e.g. air pollution), physiological
challenges (e.g. pregnancy and menopause) and various biomarkers (e.g. Creactive protein and testosterone). As more and more metabolomics studies of
diverse risk factors become available, the metabolic association patterns across
different risk factors can be compared. If two or more risk factors show similar
association patterns, then it is likely that these factors are involved in the same or
highly correlated metabolic pathways [192]. With improved understanding of the
risk factors from all categories and the expansion of metabolic profiles to a more
comprehensive version, better understanding of the disease pathogenesis for type
2 diabetes and cardiovascular diseases are ensured.
There are still some methodological concerns. In the analysis of the
metabolic characterization of risk factors, metabolites are considered as
intermediate phenotypes linking the risk factors to the disease endpoints.
However, for many metabolic measures, it is still unclear whether they are
causally related to the disease endpoints. This situation is likely to improve due to
the rapid increase of genetic variants identified for circulating metabolites and the
increase of MR analysis in assessing the causal effects of the metabolic markers
in relation to disease endpoints. Importantly, the metabolomics approach here
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indicates the possible molecular links at maximum between the risk factors and
disease endpoints. Another concern is that when applying MR analysis to provide
valid causal inferences, genetic pleiotropy is the major challenge. The influence
of pleiotropy can be minimized via a diverse range of methods. When the
exposure is a protein, a simple method is to use the genetic variants located in the
protein-encoding gene [101, 109]. This approach was applied in study II, where a
second gene score that only consists of the genetic variants located in the SHBG
gene was applied. The consistent results from the multilocus score and the
monogenic score suggest that the causal inference is valid and the risk of
pleiotropy is minimal. When the exposure is a non-protein trait, such as BMI
(study I), a large number of genetic variants across multiple genes are favoured,
since this allows for an assessment of the consistency of the causal effects and its
biological gradients across different variants [101, 109].
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8

Pharmacotherapies and metabolomics

This chapter summarises the applications of quantitative metabolomics and
appropriate study designs in assessing the molecular mechanisms of two drug
therapies: statins (study III) and combined oral contraceptives (study IV). The
effects of statins on traditional metabolic risk factors have been assessed by RCTs
and MR analysis; in the present thesis, we aimed to extend the molecular
understanding via metabolomics approach using longitudinal and MR analyses.
However, in the case of COCs, there is no evidence from RCTs, since it is
unethical to randomise women to COCs or placebo; similarly there is no evidence
from MR analyses since there are currently no available genetic variants that can
mimic the pharmacological actions of COCs. Thus, the best available approach, a
combination of cross-sectional and longitudinal analysis, was applied to assess
the causal effects of COCs on the circulating metabolites.
8.1

Results and discussion for metabolic effects of statins (study
III)

To study the causal molecular effects of statin therapies on the circulating
metabolites, a longitudinal analysis of 5590 individuals and a MR analysis of
27 914 participants from a total of 8 population-based cohorts in Finland and UK
were carried out (Figure 8). The statin therapies were associated with a
pronounced lowering of numerous lipids and fatty acids consistent with
cardioprotective effects. In contrast, statin use did not markedly affect the
circulating levels of recently identified biomarkers for cardiometabolic risk such
as amino acids, glycolysis and gluconeogenesis related metabolites or ketone
bodies [9, 39, 40, 42, 190]. The genetic proxy mimicking the pharmacological
action of statin therapies gave rise to a strikingly similar association pattern,
providing unconfounded evidence that the observed metabolic changes arise as a
consequence of the mechanism-based effect of statins. These insights into an
extensively studied therapeutic illustrate how metabolomics, combined with
genetic proxies mimicking pharmacological action, can elucidate the molecular
effects of known targets, clarify treatment indication and potentially be used to
inform drug development [115, 161, 193].
The intricate association pattern of statin use with circulating lipoproteins,
fatty acids, and metabolites provides a detailed molecular understanding of
statins. The lipoprotein subclass profile, including their lipid constituents and
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fatty acid composition, illustrated that statins are efficacious in lowering remnant
cholesterol, with an effect comparable to LDL-C reduction. By contrast,
triglycerides were only modestly decreased by statins. Genetic studies have
shown that triglycerides are causal for CVD [189, 194]. However, observational
and genetic studies also suggest that the CVD risk reflected by triglycerides is due
to its correlation with remnant cholesterol rather than triglycerides per se [61, 194,
195]. If this is the case, the pronounced lowering effect of statins on remnant
cholesterol indicates additional cardio-protective benefits of statins beyond
managing LDL-C and suggest broader indications for statins in the treatment of
remnant hyperlipidemia. On the other hand, statin use displayed weak effects on
amino acids, glycolysis and gluconeogenesis metabolites, as well as ketone
bodies, suggesting minimal pleiotropic effects of statins on these non-lipid
biomarkers. Several metabolites in these pathways have been shown to be risk
markers for CVD and T2D [6, 9, 39, 40, 42, 190]. Although the potential causal
roles of these biomarkers remain unclear, our results suggest that statin therapy
would not be efficacious for lowering the cardiometabolic risk associated with
these markers. On the other hand, the weak associations also indicate that the
modest increase in the risk of T2D due to statin use is unlikely to be mediated
through these novel biomarkers. However, MR studies with stronger statistical
power or RCTs are necessary to verify these findings and rule out potentially
small side effects of statins on these metabolic pathways.
Mendelian randomization of drug targets in parallel with trial data have
previously been used [115, 161, 193]. However, our study is the first to interrogate
the detailed molecular mechanism of the drug action via metabolomics data
through a combination of MR and observational analysis. As extensive
metabolomics and genetic data are increasingly becoming available in large
biobanks, such comprehensive molecular profiling can augment drug
development in both preclinical and clinical trials stages to elucidate the
molecular mechanisms of drug targets, to clarify pleiotropic effects, and to inform
treatment indications. This metabolomics approach together with MR study
design used here could be readily applied to studying the detailed molecular
effects of other lipid-lowering drugs, e.g. ezetimibe, PCSK9 and CETP inhibitors.
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Fig. 8. Longitudinal analysis (red): metabolite changes for statin starters (n = 716)
compared to those for nonusers (n = 4874). Mendelian randomization (orange):
metabolite associations with rs12916 (n = 27 914). Results are shown in SD-scaled
concentration units (top axis) and relative to the lowering effect on LDL-C (bottom
axis).
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8.2

Results and discussion for metabolic effects of COCs (study IV)

To investigate the molecular mechanism of combined oral contraceptives, crosssectional and longitudinal analyses were conducted for 5841 women from three
population-based cohorts in Finland (Figure 9). In the cross-sectional analysis, the
use of COCs was associated with a wide range of metabolic perturbations,
primarily toward higher cardiometabolic risk [9, 39, 40, 42, 152]. Pronounced
associations were observed for lipoprotein subclasses, fatty acids, amino acids,
hormones and inflammatory markers. In the longitudinal analysis, starting COCs
resulted in metabolic changes similar to the cross-sectional association pattern
while the changes were maintained in consistent COC users and normalized in
those who stopped using COCs. The metabolic effects were substantial, with
magnitudes generally larger than those caused by a 5 kg/m2-increase in BMI.
Consistent results from the cross-sectional analysis across multiple cohorts and
longitudinal analyses of starting and stopping the use of COCs, together with very
large association magnitudes, strongly suggest that the metabolic aberrations are
caused by COCs [95, 106].
Detailed metabolic profiling revealed that the molecular effects of starting
COCs extend markedly beyond the small set of established cardiovascular risk
factors assessed in previous studies [173-176]. The metabolic changes across the
profile displayed double-edged associations in relation to cardiometabolic risk [9,
39, 40, 42, 152]. The lipoprotein lipid profile displayed favourable increase in
HDL subclasses but also likely unfavourable increases in triglyceride-rich VLDL
subclasses as well as in total and remnant cholesterol [189, 196]. The perturbed
fatty acid ratios suggest unfavourable elevations of saturated and
monounsaturated fatty acids and decreases in the omega-6 fatty acids, but
favourable increase in the proportion of docosahexaenoic acid [40, 152]. In
addition, the changes in the branched-chain and aromatic amino acids are diverse
and appear not to follow the concerted elevations previously seen for obesity and
insulin resistance [47, 197].
Over recent decades changes to COC formulas have aimed at maximizing
their HDL cholesterol elevating properties whilst minimizing other risks.
However, recent clinical trials and MR studies challenge the notion that HDL
cholesterol is causally protective of CVD [92, 189, 198]. On the other hand, MR
analyses suggest that increased triglycerides and remnant cholesterol are causal
for CVD [189, 196]. Therefore, the effects of COCs on these lipid measures
suggest increased cardiometabolic risk, even though there appears to be no effect
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on LDL cholesterol. The potential causal role of some new CVD biomarkers,
such as phenylalanine and certain fatty acids [40, 199], remains unclear. Given the
already evident causal role of multiple metabolic measures shown here as being
adversely affected by COC, a life-time accumulation of the CVD risk is
anticipated [200]. Although it is reassuring to see that the metabolic effects of
COC use are normalised upon stopping, it is currently unclear how much
temporary disruptions in circulating CVD risk factors can affect the lifelong risk
for CVD. Our results suggest that women and their heath care providers should be
aware of the extensive metabolic effects of COCs when they are making
decisions for whether and what type of contraception to use.
As the use of COCs strongly affects women’s systemic metabolism, it is
anticipated that other hormonal-related statuses (e.g. pregnancy) would also have
an impact on the circulating biomarkers in women. To improve our understanding
of women’s reproductive health and related CVD risk, further studies are
necessary to study the molecular effects of various reproductive stages across
women’s lifespan (e.g. menarche, menstrual cycle, pregnancy and menopause).

83

Fig. 9. Cross-sectional (grey) and longitudinal associations of starting (red) and
stopping (blue) the use of COCs with metabolites. Cross-sectional: COC users (n =
1157) were compared to non-users (n = 4149). Longitudinal: the 6-year metabolic
changes for starting (n = 52) and stopping (n = 94) COCs were compared to those of
persistent non-users (n = 392). Associations were adjusted for age and meta-analysed
for three cohorts.
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8.3

Summary

The exemplar studies for statin therapies and combined oral contraceptives here
demonstrate that the high-resolution metabolic profile together with appropriate
study designs can provide a finer molecular understanding of the drug therapies.
The causal inference for the molecular effects of the two drug therapies studied
here is generally clearer than the studies for cardiometabolic risk factors in the
previous chapter. For example, in study IV, starting COCs initiates systemic
metabolic perturbations and stopping COCs normalizes the metabolic changes
across the profile to pre-medication levels, providing good evidence on the
temporal relation between COC use and metabolic deviations. Mendelian
randomization analysis can also be applied to explore the causal molecular
mechanisms of drug therapies [109, 111]. However, in comparison with the MR
studies of risk factors, there are some methodological differences worth keeping
in mind.
For MR studies of pharmacotherapies, the basic idea is that variants in a gene
encoding a specific drug target that alters the levels or activity of the encoded
protein are used to mimic the unconfounded consequences of a drug therapy
targeting at the same protein [109]. This approach is different from the
conventional application of MR analysis, as it focuses on the drug target rather
than on biomarkers that may be downstream of the target. For example, in study
IV, variants in HMGCR gene are used as the proxies for HMGCR inhibition
(pharmacological action of statins), the downstream effect of which is to reduce
circulating LDL-C. The MR analysis examines the on-target effects of a drug
therapy, which is in contrast to observation studies and clinical trials where both
mechanism-based and off-target effects might be produced. Applying
metabolomics data with MR analysis therefore provides estimates for
unconfounded mechanism-based effects of a drug therapy. With a further
comparison of the metabolic association pattern obtained from the genetic
analysis to those obtained from observational studies or preferably trial data, the
potential on- and off-target effects of the pharmacotherapy can be separated. For
example, in study III, the exquisite matching of the metabolic association patterns
from the longitudinal and genetic analyses suggests that the molecular effects are
the consequences of HMGCR-inhibition (on-target effect) rather than the
potential pleiotropic effects of the statins (off-target effect).
The comprehensive circulating biomarker coverage makes metabolomics an
attractive tool for drug development [8, 109]. This is particularly the case in
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regard to cardiovascular pharmacology, since the actions of many drugs targeting
CVD risk are currently accomplished via the modification of circulating
biomarkers [111]. For example, statin therapy and PCSK9 inhibitors are aimed to
reduce circulating LDL-C while ApoC3 inhibitors are aimed to lower
triglycerides. Metabolomics data with MR analysis can be used to examine the
detailed mechanism-based effects of emerging drug targets already at the
preclinical stage, assisting the decisions on whether a specific drug target should
be prioritized. If the MR analysis indicates genetic variants at a specific drug
target has null effects on the intended biomarker or disease endpoints or shows
clear side effects on the unintended biomarkers, then targeting other proteins
might be preferable [109]. At the trial stage, comparing metabolic profiling results
between the MR analysis and clinical trials could further separate the on- and offtarget effects. Detailed metabolic proofing thus provides a tool to thoroughly
examine the potential side effects arising from the off-target effects, thus
preventing such preparations in the early trial stage.
In addition, metabolomics data combined with adequate study designs can
also be used to study the detailed molecular mechanisms of the drugs which are
licensed for other purposes but are linked to CVD risk, e.g., combined oral
contraceptives. The understanding of the detailed molecular effects of COCs
would be important to appreciate how these hormone-regulating pills lead to the
vascular diseases.
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9

Conclusions

The present thesis serves as a proof of concept to demonstrate that quantitative
metabolomics combined with appropriate study designs is a valuable approach to
study the causal molecular mechanisms of risk factors and pharmacotherapies.
Metabolic profiling, a snapshot of hundreds of circulating metabolic measures,
provides a systemic overview of the metabolic changes in response to endogenous
and exogenous stimuli. As illustrated in the exemplar studies, metabolic profiling
permits a comprehensive molecular characterization of the example risk factors
and drug therapies across a wide range of metabolic measures via multiple
metabolic pathways, providing a far more intricate molecular understanding than
would be anticipated from studying routine lipid and glycaemic traits. The diverse
metabolic pathways and extensive metabolic coverage ensures a refined
molecular understanding of the risk factors and drug therapies and adds further
insights to the possible molecular mechanisms linking these risk factors to the
disease endpoints.
To assess the causal molecular effects of risk factors and drug therapies free
from confounding and reverse causation, the thesis demonstrates that an effective
approach would be to replicate findings across multiple large-scale independent
cohorts, and also to check the consistency of the results across multiple study
designs. Replication across multiple cohorts would argue against chance findings
and increase the generalizability of the results. Meanwhile, the use of multiple
study designs, including cross-sectional, longitudinal and Mendelian
randomization analysis, is important in translating the observational findings from
associations into causation. As different study designs have different limitations
or underlying assumptions, consistent findings across multiple study designs
would increase our confidence in making causal inferences. This approach of
multiple cohorts and multiple study designs would also be generally beneficial for
other metabolomics studies in providing robust and valid results. Confining the
metabolomics studies in the epidemiology context with well-established statistical
methods and study design approaches is an essential step in extending
metabolomics beyond the metabolomics communities (specialists or a few teams)
to eventually become a routine tool in epidemiology.
The approach of metabolomics coupled with adequate study designs could
also be readily applied to the study of the causal molecular effects of other risk
factors and pharmacotherapies. With an improved molecular understanding of
risk factors from diverse categories, such as behavioural factors, lifestyle markers,
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physiological challenges and circulating biomarkers, a better understanding of the
disease aetiology for cardiometabolic disease is ensured. With appropriate study
designs, metabolomics can also be applied in both preclinical and clinical trial
stages to thoroughly examine the molecular consequences of established and
emerging drug targets, to clarify their possible side effects, and potentially to
assist drug development. With the increasing applications of quantitative
metabolomics in large-scale epidemiological studies, biobanks and clinical trials,
a fruitful era of leveraging systemic metabolic profiling to elucidate disease
pathogenesis and to aid drug discovery and development is emerging.
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