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General Introduction

General Introduction

Cardiometabolic diseases cover a wide spectrum of conditions, including
insulin resistance, metabolic syndrome and prediabetes, and clinical
conditions such as type 2 diabetes mellitus and cardiovascular diseases [1].
Cardiometabolic diseases are a major threat to society, contributing to
morbidity and mortality globally [2, 3]. According to the International
Diabetes Federation, diabetes mellitus affected approximately 537 million
people worldwide in 2021, and this figure is expected to rise to 784 million
by 2045 [4]. Similarly, cardiovascular diseases are a leading cause of death
worldwide [5]. In 2019, 523 million people developed cardiovascular diseases,
which led to 18.6 million deaths worldwide [6].

To reduce the burden of cardiometabolic diseases, many studies have aimed
to identify biomarkers associated with increased risk of developing
cardiometabolic disease. Identified biomarkers for increased risk of
cardiometabolic diseases include, but are not limited to, dyslipidemia,
hyperglycemia, hypertension and obesity [7]. However, the direction of the
effect in some of the observed associations and the question whether or not
some of associations between biomarkers and diseases are causal are
uncertain. In addition, the mechanisms underlying cardiometabolic diseases
are complex and are affected by multiple genetic and environmental factors.
Recently, the emergence of -omics technologies (e.g., genomics and
metabolomics) has provided opportunities to explore the causality of
biomarkers of cardiometabolic diseases in observational studies, and to gain
insight into the underlying pathways leading to disease onset [8, 9].

The overall aims of this thesis are to examine the directions of effect and to
investigate causality of associations between (patho)physiological
biomarkers and type 2 diabetes mellitus, and between behavioral risk factors
and cardiometabolic traits (i.e., dyslipidemia traits). In addition, a novel
framework for further study of treatment-response relationship for
(cardiometabolic) diseases is introduced.

Insulin sensitivity
Decreased insulin sensitivity is a hallmark of type 2 diabetes. Insulin is a

peptide hormone containing 51 amino acids, which is synthesized and
secreted by { cells of pancreatic islets [10]. Insulin secretion is biphasic after
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General Introduction

stimulation by glucose, with a rapid peak in the early phase followed by a
continuous and gentle increase during the second phase [11]. Insulin
maintains blood glucose homeostasis by regulating carbohydrate, lipid and
protein metabolism. It promotes glucose uptake mainly by the liver, skeletal
muscle and adipose tissues [12]. In the liver, insulin inhibits gluconeogenesis
and glycogenolysis, and activates synthesis of glycogen [13]. In skeletal
muscle, insulin increases the rate of glucose transport across the cell
membrane, glycogen synthesis and glycolysis [14]. In adipose tissue, insulin
stimulates glucose transport, synthesis of fatty acids, and inhibits lipolysis
[14]. Thus, under normal physiological conditions, insulin lowers glucose
levels. However, in case of insulin resistance, when biochemical processes
(such as glucose uptake) do not respond to insulin properly, hyperglycemia
will occur, leading to more insulin secretion. The increased insulin secretion
can only compensate to a certain extent for the poor response to insulin. At
some point, with increasing insulin resistance, insulin production will have
reached its maximum and insulin producing cells may start failing [15]. This
vicious cycle will eventually result in type 2 diabetes mellitus [16]. Therefore,
understanding insulin sensitivity is crucial for better understanding the
pathogenesis of type 2 diabetes mellitus.

Hyperinsulinemic-euglycemic clamp study

Clinically, the hyperinsulinemic-euglycemic clamp study is the golden
standard for direct assessment of insulin sensitivity in humans [17]. The
hyperinsulinemic-euglycemic clamp study is usually performed in the
morning when individuals are in fasting condition. During the procedure,
individuals are intravenously infused with insulin at a constant rate to raise
the plasma insulin concentration to a steady level above the normal fasting
insulin level. Meanwhile, to maintain the plasma glucose level within the
normal range, glucose is infused at a rate dependent on the insulin sensitivity
of the individual [18]. When a steady state is achieved, the glucose infusion
rates are the estimates of the amount of glucose uptake by all the tissues
under the defined plasma insulin concentration, which is a reflection of the
tissues’ insulin sensitivity [19].

Metabolomics

11



General Introduction

"Omics” technologies, collectively known as the comprehensive
investigation of an entire spectrum of biological molecules in a given
biological system or process, have revolutionized medical and biological
research [20]. These include genomics, epigenomics, transcriptomics,
metabolomics and proteomics analyses. Metabolomics has become a
powerful tool in biological and epidemiological studies, as it is thought to
reflect the biological changes resulting from interaction between genetic
variation, gene expression and the environment [21]. Metabolomics can
simultaneously quantify hundreds of small-molecule metabolites including
amino acid, lipids, and fatty acids by using different analytical platforms [22].

The most frequently used detection platforms are nuclear magnetic
resonance (NMR) spectroscopy and mass spectrometry (MS) coupled with
different separation techniques [23]. In this thesis, Nightingale Health, a
commercial NMR-based metabolomics platform, was used for metabolite
measurements. Metabolomic patterns of insulin resistance and type 2
diabetes mellitus have been reported by numerous studies, and changes in
metabolomic profiles have also long been associated with insulin resistance
and type 2 diabetes mellitus [24, 25].

Mitochondrial DNA copy number

Mitochondria play a critical role in generating metabolic energy in the form
of adenosine triphosphate (ATP) through the process of oxidative
phosphorylation [26]. Mitochondrial dysfunction, the inability of
mitochondria to provide sufficient ATP to cellular demands, has long been
associated with insulin resistance and type 2 diabetes mellitus [27]. Different
mechanisms of mitochondrial dysfunction leading to insulin resistance and
type 2 diabetes mellitus have been proposed including decreased
mitochondrial content, dysfunctional mitochondrial biogenesis, and
impaired mitochondrial function resulting in increased cellular stress and
reactive oxygen species (ROS) [28, 29].

In the opposite direction, it has been observed that the size or shape of
mitochondria was changed in diabetic patients, and that hyperglycemia
could induce mitochondrial fragmentation, which has led to the hypothesis
that type 2 diabetes mellitus may result in mitochondrial dysfunction [30].
Therefore, the causal direction of the association between mitochondrial
dysfunction and type 2 diabetes is uncertain. Due to the difficulty of direct
measurement of mitochondrial function, mitochondrial dysfunction has been
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approximated by mitochondrial DNA copy number (mtDNA-CN), which is
a measure of the amount of mitochondrial genomes per cell [31]. Type 2
diabetes mellitus has been clearly associated with mtDNA-CN in several
studies[32-34], but it is unknown whether this association is causal or bi-
directional.

Insulin-like growth factor-1 (IGF-1)

IGF-1 is a hormone encoded by the IGF-1 gene, which plays an important
role in growth, cell differentiation and metabolism [35, 36]. IGF-1 is mainly
synthesized and secreted by hepatocytes in the liver after stimulation by
growth hormone [37]. With a molecular structure similar to that of insulin,
IGF-1 s able to bind to the insulin-like growth factor-1 receptor (IGF-1R) with
high affinity and to insulin receptor with lower affinity to regulate
carbohydrate, lipid and protein metabolism [38]. IGF-1 functions similarly to
insulin in glucose metabolism, but differently from growth hormone. For
example, IGF-1 reduces blood glucose levels, whereas excessive growth
hormone causes insulin insensitivity and hyperglycemia [39]. Studies have
shown that IGF-1 is linked to the development of type 2 diabetes mellitus,
however it is unclear whether higher or lower levels of IGF-1 levels are
related to the risk of developing type 2 diabetes [40, 41].

Lifestyle risk factors for dyslipidemia

Lifestyle plays an important role in cardiometabolic risk traits such as
dyslipidemia. Dyslipidemia associated with cardiometabolic risk can be
characterized by elevated triglycerides, decreased HDL and/or increased
LDL in the plasma [42]. Itis a common feature in patients with type 2 diabetes
mellitus and is a major risk factor of developing (atherogenic) cardiovascular
diseases in these individuals [43]. Genetic variants associated with
dyslipidemia have been widely studied, and over 750 single nucleotide
polymorphisms (SNPs) have been associated with blood lipid levels to date
[44]. In addition to genetic factors, lifestyle factors such as sleep duration and
physical activity have been associated with lipid profiles in epidemiological
studies [45]. Some studies have associated long or short sleep duration with
adverse lipid profiles [46-49]. However, the interaction effect between genetic
variants and sleep duration on dyslipidemia is poorly understood.
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A previous sleep-by-SNP interaction analysis conducted in 126,926
participants identified 59 novel genetic variants associated with lipids levels
mapping to genes that regulate adiposity, neuropsychiatric and
inflammatory traits [50]. To further disentangle the underlying biological
pathways driving sleep-associated lipid disturbances, higher statistical
power for performing interaction analyses is needed that can be achieved by
further increasing the sample size for genome-lifestyle interaction analyses.

Genomics and Genome-Wide Association Studies (GWAS)

Genomics is the study of DNA sequences across the entire genome of a cell
or organism, and is the most mature type of omics in the omics field [51].
Frequently used genotyping technologies include microarray analysis for
common genetic variants, whole exome sequencing (WES), and whole-
genome sequencing (WGS) which can also identify rare variants [52].
Genome wide data on genetic variation can be associated with traits to
identify disease-related or trait-related genetic susceptibility loci across the
human genome at the population level [52, 53]. The beforementioned types
of genomics analyses provide opportunities to improve insight in underlying
biological mechanisms influencing traits or diseases [54, 55].

Mendelian randomization (MR) and causal inference

Genomics and GWAS have also provided tools to investigate the causality of
the association between traits and diseases using MR analysis. MR analysis
is a statistical method using genetic variants as instrumental variables to
provide evidence for possible causal effects in the observational association
between a risk factor and an outcome [56]. MR analyses make use of the
assumption that genotypes are generally protected from confounding and
reverse causation given their fixed nature and Mendel's First and Second
Laws of Inheritance [57]. Analogous to a randomized placebo-controlled
clinical trial that randomly allocates participants to either an intervention or
a placebo group (treatment and control groups), the participants in MR are
naturally randomized at conception based on their genotype carrier status of
risk factors into carrier and non-carrier groups (Figure 1) [58, 59]. A valid MR
analysis needs to satisfy three core assumptions: (1) Instrumental variables
are associated with the exposure; (2) Instrumental variables are not
associated with confounders that are related to the exposure and the outcome;
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(3) Instrumental variables exclusively affect the outcome through the
exposure [60].

Clustered MR

In original MR analyses, large heterogeneity among the causal estimates of
individual genetic instruments were frequently seen and interpreted as
possible bias or invalidity of the results. However, genetic variants may also
affect risk factors or disease outcomes through distinct pathways with
different effect sizes and/or with different effect directions, resulting in
heterogeneity of causal estimates in the overall MR analysis.

In order to identify potentially distinct pathways of the effect of risk factors
on disease outcomes, Christopher NF et al developed a method to cluster
variants with similar causal estimates [61]. With this method, genetic variants
used as genetic instrumental variables were clustered based on their
individual causal effect in relation to the disease outcome. These clusters or
subgroups of genetic instruments had relatively small heterogeneity in their
individual causal estimates with the underlying idea that this might reflect
different biology. The authors describing this method successfully applied it
to demonstrate the existence of genetic variant clusters of blood pressure on
coronary artery disease risk [61].

Mendelian Randomization Randomised Controlled Trial

‘ Population Population ’

Random allocation Random allocation
of alleles of population

A
v ) v ) ) v . ) ¥
Variants | Wild-type allele | ‘ Treatment Control
\ it ,
l leoundennreqnlbemenyoups\ l I meu-mmlm“m\‘ l
Outcome compared between groups ’ Outcome compared between groups

Figure 1 Comparison of the designs of a MR study and a randomized controlled trial
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Incorporating pharmacometrics into (pharmaco-)epidemiology

The ultimate goal of applying up-to-date techniques and analytical methods
to study disease pathophysiology is to treat patients. After identifying
candidate drugs, the response to treatment with this drug is greatly impacted
by drug concentrations which are highly individual-specific. Drug
concentrations are generally only available in few types of investigations
such as randomized clinical trials (RCTs) where blood samples were
collected and analyzed. Given the facts that RCTs have ethical limitations,
are time consuming and very costly, observational studies are more
frequently performed in which a variety of health-related data is collected.
However, to the best of our knowledge, most of these observational studies
lack information on drug concentrations [62]. In order to make best use of
observational data and to understand how the drug concentration can
associate with the outcome, a framework, PHARMACOM-EPI, was applied,
which can provide guidance for predicting drug concentrations based on
dosage, and associate these with the clinical outcome of interest. [63].

This framework integrates pharmacometrics and (pharmaco-)epidemiology
disciplines with the aim of providing pharmacological substantiation for
pharmaco-epidemiological studies [63]. Pharmacometrics is defined as “the
science of developing and applying mathematical and statistical methods to
characterize, understand and predict a drug’s pharmacokinetics,
pharmacodynamics, = and  biomarker-outcomes  behavior”  [64].
Pharmacometrics-based approaches are frequently applied in quantifying
drug concentrations, disease progression and trial dose design, and are very
powerful tools for drug development and regulatory decisions [65]. Distinct
pharmacometric models should be employed for different purposes.
Pharmacokinetic models can be used to describe dose and concentration
relationships, and pharmacodynamic models can be applied to describe the
relationship between drug concentration and response [66]. By using
pharmacokinetics models, individual and population concentrations of
drugs can be predicted [67], which can help make optimal use of
observational data to address medical problems. By implementing
pharmaco-epidemiological methods, the predicted concentrations using
pharmacometrics can be linked to the clinical outcomes.
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Main study populations

Leiden Longevity Study

The Leiden Longevity Study [68] recruited 461 families including at least two
living long-lived siblings with age higher than 89 years or 91 years for men
or women, respectively. The offspring of the long-lived individuals and their
partners were also included in this study. The data of the hyperinsulinemic-
euglycemic clamp study from 24 participants from the Leiden Longevity
Study was used in Chapter 2.

UK Biobank

UK Biobank [69] is a prospective cohort study with approximately 500,000
individuals aged between 40 to 69 years at recruitment (2006-2010) from
across the United Kingdom. A variety of health-related information
including biological measurements, lifestyle indicators, biomarkers in blood
and urine, and imaging of the body and brain were collected through
interviews, questionnaires, physical measures as well as electronic medical
records. Genetic data was also available for 488,377 participants from UK
Biobank. The phenotypic and genomic data collected in the UK Biobank was
used in Chapter 3, Chapter 4 and Chapter 5 to allow us to perform solid and
well-powered statistical analyses.

Nationwide Danish registry-based cohort study

Danish nationwide administrative and healthcare registers are among the
oldest national hospital registries in the world [70]. Based on a unique
personal identification number for each Danish citizen, data from different
sources and register-based information can be linked. It provides a wide
range of health and society related data, from disease identification to
medical treatments. All the disease are recorded according to International
Classification of Diseases. The Danish nationwide registry-based cohort data
is applied in Chapter 6.
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Thesis Outline

Part I: Insulin Sensitivity

The aim of Part I of this thesis is to identify metabolomic measures related to
differential effects of insulin. Insulin resistance is a major risk factor for
cardiometabolic diseases, especially type 2 diabetes. The changes of
metabolomic measures in individuals with insulin resistance have been
widely studied [24, 25]. However, the direct effect of insulin on the
metabolomic profile in healthy individuals (e.g., irrespective of insulin
resistance) has not been described yet. The aim of Chapter 2 is to disentangle
the effects of insulin on metabolomic measures from those induced by
glucose in non-diabetic individuals by using data derived from a two-step
hyperinsulinemic euglycemic clamp study.

Part II: Pathophysiology of Type 2 Diabetes Mellitus

The aim of Part II of this thesis is to study the pathophysiology of type 2
diabetes by identifying (causal) risk factors for type 2 diabetes. Insulin-like
growth factor-1 (IGF-1) is a hormone regulating cellular growth, proliferation
and survival. It has been associated with various diseases including type 2
diabetes, but the evidence for a possible causal association between IGF-1
and type 2 diabetes is inconsistent, although such relationship is biologically
plausible. In Chapter 3, we performed prospective analyses to associate IGF-
1 and type 2 diabetes using data from the large UK Biobank. In addition, we
examined the potential causal association between IGF-1 concentration and
development of type 2 diabetes by employing Mendelian Randomization
and clustered Mendelian Randomization. In Chapter 4, blood mitochondrial
DNA copy number (mtDNA-CN), an approximation of mitochondrial
function, was associated with type 2 diabetes. The potential causal
association between blood mtDNA-CN and type 2 diabetes was also assessed
by using bidirectional Mendelian Randomization.

Part III: Pathophysiology of Sleep-Associated Dyslipidemia
The aim of Part III of this thesis is to study the role of sleep duration in

regulating lipid levels. Short sleep duration is an important environmental
factor contributing to higher risk of cardiometabolic diseases [71]. Short sleep
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and long sleep have both been associated with abnormal lipids profiles, likely
through distinct pathways. In Chapter 5, in a large sample of up to 730,000
individuals, we aimed to elucidate the biology of sleep duration associated
abnormal lipids levels by using multi-ancestry genome-wide gene-sleep
interaction analysis to identify novel and established genomic loci for
cardiometabolic traits including high-density lipoprotein cholesterol, low-
density lipoprotein cholesterol and triglycerides.

Part IV: Integration of Pharmacometrics and Epidemiology

The aim of Part IV of this thesis is to introduce an unique methodological
framework (PHARMACO-EPI) which can be used in future studies.
PHARMACO-EPI is a method integrating pharmacometrics and
pharmacoepidemiology to predict drug concentrations based on drug
dosages. In Chapter 6, this methodological framework was applied to
explore the association between anti-seizure drug concentrations and
mortality in older patients with epilepsy by using Danish nationwide
administrative and healthcare databases.

Part V: Discussion, Future perspective and Appendices
Lastly, an overview of the main findings and future perspectives is provided

in Chapter 7. In this chapter, the strengths and limitations of the studies in
this thesis are also discussed.
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Insulin Sensitivity

Abstract

Background: Insulin is the key regulator of glucose metabolism, but it is
difficult to dissect direct insulin from glucose-induced effects. We aimed to
investigate the effects of hyperinsulemia on metabolomic measures under
euglycemic conditions in nondiabetic participants.

Methods: We assessed concentrations of 151 metabolomic measures
throughout a two-step hyperinsulinemic euglycemic clamp procedure. We
included 24 participants (50% women, mean age=62 [s.d.=4.2] years) and
metabolomic measures were assessed under baseline, low-dose (10
mU/m2/min) and high-dose (40 mU/m2/min) insulin conditions. The
effects of low- and high-dose insulin infusion on metabolomic measures were
analyzed using linear mixed-effect models for repeated measures.

Results: After low-dose insulin infusion, 90 metabolomic measures changed
in concentration (p<1.34e-4), among which glycerol (beta [Confidence
Interval] = -1.41 [-1.54, -1.27] s.d., p=1.28e-95) and three-hydroxybutyrate (-
1.22[-1.36,-1.07] s.d., p=1.44e-61) showed largest effect sizes. After high-dose
insulin infusion, 121 metabolomic measures changed in concentration,
among which branched-chain amino acids showed the largest additional
decrease compared with low-dose insulin infusion (e.g., Leucine, -1.78 [-1.88,
-1.69] s.d., P=2.7e-295). More specifically, after low- and high-dose insulin
infusion, the distribution of the lipoproteins shifted towards more LDL-sized
particles with decreased mean diameters.

Conclusion: Metabolomic measures are differentially insulin sensitive and
may thus be differentially affected by the development of insulin resistance.
Moreover, our data suggests insulin directly affects metabolomic measures
previously associated with increased cardiovascular disease risk.
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Introduction

Insulin is an anabolic peptide hormone secreted by the pancreas in response
to increased blood glucose levels to activate various mechanisms that
decrease blood glucose levels [1]. Insulin has broad metabolic effects, which
include increasing the rate of glycolysis in fat and muscle, decreasing the rate
of lipolysis in fat, decreasing the rate of fatty acid oxidation in muscle and
liver, and increasing the rate of protein synthesis in fat, muscle and liver
tissue [2, 3]. Insulin resistance is a common pathophysiological consequence
of obesity in which body cells are unable to raise a potent physiological
response to insulin. Insulin resistance precedes the development of type 2
diabetes and is an independent risk factor of cardiovascular disease [4-6].

Insulin sensitivity is frequently assessed on the basis of the ratio between
fasting insulin and glucose levels calculated as the homeostatic model
assessment for insulin resistance (HOMA-IR) index [7]. However, an
abnormal HOMA-IR index does not provide insight into the tissue-specific
origin of the insulin resistance. Insulin not only increases glucose uptake by
peripheral tissues such as muscle and fat, but insulin also decreases
endogenous glucose production through suppression of gluconeogenesis in
the liver and both processes may be affected differentially by insulin
resistance [8]. A two-step hyperinsulinemic euglycemic clamp analysis was
used to assess whole-body insulin sensitivity and a glucose tracer was
included to distinguish hepatic and peripheral insulin resistance [9-11].
During the first step a low dose insulin will predominantly act on the liver,
whereas during the second step the higher dose will also have a major effect
on peripheral tissues such as muscle and fat tissue [12]. Administration of a
low insulin dose has thus been used to assess the insulin sensitivity of
endogenous glucose production by the liver, while administration of a higher
insulin dose has been used to additionally assess the insulin sensitivity of
glucose uptake by peripheral tissues, particularly skeletal muscle and fat [13].

Metabolomic measures are thought to reflect the interaction between
proteins encoded by the genome and the environment, such as diet and
lifestyle [14]. Numerous platforms have become available which can be
exploited to determine the concentrations of a plethora of metabolomic
measures in cells and body fluids [15, 16]. Metabolomic measures have been
performed to characterize the response to glucose administration in
individuals with varying levels of insulin sensitivity [17, 18]. These analyses
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have provided insight into the physiological responses and
pathophysiological processes underlying disease [19].

Previous studies have shown that multiple blood metabolomic measures are
associated with increased insulin resistance and type 2 diabetes [20, 21].
However, the specific effects of hyperinsulinemia, in the absence of major
changes in blood glucose levels, on liver and peripheral tissues in
determining blood metabolomic measures have not been fully described in
healthy individuals. Therefore, the aim of this study was to investigate the
responses of metabolomic measures to two different insulin dosages in a two-
step hyperinsulinemic euglycemic clamp study in healthy middle-aged
individuals without diabetes mellitus.
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Methods

Study population and study design

All participants were selected from the Leiden Longevity Study (LLS) [22].
Participants were selected based on the following inclusion criteria: middle-
age (50-75 years old), BMI from 22 kg/m? to 30 kg/m? and living in the
proximity of the research center (< 45 minutes by car). Exclusion criteria were:
1) fasting plasma glucose > 6.9 mmol/L [23]; 2) presence of endocrine, renal,
hepatic or other significant chronic diseases; 3) use of medication known to
influence lipolysis, glucose metabolism or growth hormone secretion; 4)
recent weight changes or attempts to lose weight (> 3 kg weight change
within last 3 months); 5) smoking; 6) extensive sporting activities (> 10 h per
week); 7) inaccessible peripheral veins for intravenous catheter insertion for
the assessment by clinical examination and routine laboratory tests. Of the 87
participants that were approached, 17 participants did not fulfill the inclusion
criteria (19%), 44 participants refused participation (51%), and 26 participants
agreed to participate in the study (30%). Two participants did not finish the
study due to medical technical reasons. In total, 24 participants were
included in this experiment. Sixteen individuals participated as couples
(eight couples) and eight participated as singletons. The Medical Ethical
Committee of the Leiden University Medical Center (LUMC) approved the
design of the study and all participants gave their written informed consent.

Serum samples were acquired during a two-step hyperinsulinemic
euglycemic clamp study (Figure 1). All clamp studies started at 8:00 in the
morning after an overnight fast. At 08:30 hours (t=0 min), an adjusted primed
(17.6 umol/ kg) continuous infusion (0.22 umol /kg/min) of [6,6-*H2] glucose
(enrichment 99.9%; Cambridge Isotopes, Cambridge, MA, USA) was started
and lasted for 360 min. At 9:00 hours (t = 30 min), a primed (1.6 umol/kg),
continuous (0.11 pmol/kg/min) infusion of [*Hs]-glycerol (Cambridge
Isotopes) was started and continued throughout the study. After two hours
of glucose infusion (t = 120 min), low dose human recombinant insulin (10
mU/m?/min, Actrapid, Novo Nordisk Pharma BV, Alphen aan den Rijn, the
Netherlands) was infused continuously for 2 hours. After this, high dose
insulin (40 mU/m?/min) was infused (t = 240 min) for 2 hours. During the
insulin infusion, exogenous glucose 20% enriched with 3% [6,6-*H.] -glucose
was infused at a variable rate to maintain the plasma glucose level at
approximately 5.0 mmol/L. Blood samples were taken at the start of the
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study, and subsequently every 10 minutes from 90 to 120, from 210 to 240
and from 330 to 360 min. All participants underwent a two-step
hyperinsulinemic euglycemic protocol and blood samples were taken for the
measurement of 151 metabolomic measures (Figure 1). For the three
examined conditions, we measured 3 samples as the baseline sample
(measured at 95, 105 and 115 minutes after the start), 4 samples as low-dose
insulin (measured at 210, 220, 230 and 240 minutes after the start), and
another 4 samples as high-dose insulin (measured at 330, 340, 350, 360
minutes after the start). The study population and study design have been
described in more detail elsewhere [24].

3 _ Blood samples Blood samples Blood samples
Blood samples (every 10min) (every 10min) (every 10min)
I (. 2h [ [
30 2 2
T (min) Wi 210 240 330360
Continuous insulin infusion ] Continuous insulin infusion |
10 mU/m2/min) 4| (40 mU/mYmin) M

1 Continuous glycerol infusion (0.11 umol/kg/min)

I Continuous glucose infusion (0.22 umol/kg/min)

Figure 1 Study design of the two-step hyperinsulinemic euglycemic study

Metabolomics analysis

151 lipid and metabolite concentrations in fasting serum samples (ratios not
included) were measured using a high-throughput proton NMR
metabolomics platform (Nightingale Health Ltd., Helsinki, Finland) [25].
This method provides quantification of lipoprotein subclass profiling with
lipid concentrations within 14 lipoprotein subclasses. The 14 subclass sizes
were defined as follows: extremely large VLDL with particle diameters from
75 nm upwards and a possible contribution of chylomicrons, five VLDL
subclasses (average particle diameters of 64.0 nm, 53.6 nm, 44.5 nm, 36.8 nm,
and 31.3 nm), IDL (28.6 nm), three LDL subclasses (25.5 nm, 23.0 nm, and 18.7
nm), and four HDL subclasses (14.3 nm, 12.1 nm, 10.9 nm, and 8.7 nm).
Within the lipoprotein subclasses the following components were quantified:
total cholesterol, total lipids, phospholipids, free cholesterol, cholesteryl
esters, and triglycerides. The mean size for VLDL, LDL and HDL particles
were calculated by weighting the corresponding subclass diameters with
their particle concentrations. Furthermore, the majority of the metabolomic
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measures that were determined belong to classes of apolipoproteins,
cholesterol, fatty acids, glycerides, phospholipids, amino acids, fluid balance,
glycolysis-related metabolites, inflammation, and ketone bodies. Detailed
experimentation and applications of the NMR metabolomics platform have
been described previously [25], as well as representative coefficients of
variations (CVs) for the metabolomic measures [26].

Statistical analyses

Characteristics of the study population were presented as percentages (for
dichotomous variables) and mean values (with standard deviation [s.d.]).

Missing metabolomic measurement data, which was most frequently due to
levels below the limit of detection, were imputed by the half of the minimum
of the measured value in the dataset for a specific metabolomic measure.
During visual inspection of the data, we observed a decrease in the
concentration of albumin during the course of the experiment
(Supplementary Figure 1), which indicates that blood concentrations were
increasingly diluted over time of the study period, as found previously [27].
Therefore, with the exception of the VLDL diameter, LDL diameter, HDL
diameter, estimated description of fatty acid chain length, and estimated
degree of unsaturation (being all not expressed as mmol/L), correction for
dilution of metabolomic measure concentrations was done by normalization
to the concentration of albumin. This was done by dividing the
concentrations of metabolomic measures by the concentration of albumin
(consequently concentrations are expressed per mmol/L/mmol/L albumin).
After this correction step, data was log-transformed and subsequently
standardized (mean=0, s.d.=1) to approximate a normal distribution and to
make all metabolomic measures comparable in unit and in magnitude of
effect. Outliers were defined as a value with >4 s.d. from the mean, and were
excluded from the dataset for the analyses prior to any further analyses.
Taking into account time-dependent within-person variation in
concentrations of the metabolomic measures, a linear mixed-effect model for
repeated measures was applied to explore the changes in metabolomic
measures’ concentrations dependent on different insulin infusion doses
within individuals (including the difference between two dose groups
compared with the baseline measurement and differences between low dose
group and high dose group). In order to further explore the insulin
sensitivity of branched chain amino acids (BCAA), we calculated the
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percentage changes of the BCAAs after high dose insulin infusion compared
with baseline for all individuals. Subsequently, we assessed the correlation
of between the percentage change in BCA As with glucose infusion rate (GIR),
which is a measure of whole-body insulin sensitivity, and with glucose
disposal rate (GDR), which is a measure of peripheral insulin sensitivity.

The statistical analyses were conducted in the R software (Version 3.6.2), and
subsequent data visualization was performed in either Python (2.7) or using
the ggplot2 package in R [28].

We corrected the results for multiple testing using Bonferroni. As
conventional Bonferroni correction is too stringent given the high
correlations between multiple of the included metabolic measures, we
corrected for the number of independent metabolic measures instead, using
methodology that has been described before by Li et al [29]. Based on this
method, we corrected for 37 independent metabolomic measures. Hence, we
considered a P-value of 0.00135 (notably 0.05/37) the threshold for statistical
significance.
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Results

Characteristics of the study population and metabolomic measures

The characteristics of all participants are shown in Table 1. In total, 24
participants comprising 12 women and 12 men were included in this study.
These participants were clinically healthy with a mean age of 62 (s.d.=4.2)
years, mean body mass index of 25.8 kg/m? (s.d.=1.8), mean fasting plasma
glucose of 5.0 mmol/L (s.d.=0.5) and mean fasting plasma insulin of 6.2
mU/L (s.d.=2.8). Average values of each metabolomic measure within
different dose groups were provided in Supplementary Table 1.

Table 1 Characteristics of study population

Characteristics Total
N 24
Men, N (%) 12 (50)
Age in years, mean (s.d.) 62.0 (4.2)
Body mass index in kg/m?, mean (s.d.) 25.8(1.8)
Plasma glucose after fasting in mmol/L, mean (s.d.) 5.0 (0.5)
Plasma insulin after fasting in mU/L, mean (s.d.) 6.2(2.8)

*Plasma glucose and plasma insulin after fasting were calculated based on 17 participants due

to the missing values of 7 participants

Changes in metabolomic measures at low-dose insulin infusion

The standardized mean differences in metabolomic measures between
baseline and low-dose insulin are summarized in Figure 2, and presented in
more detail in Supplementary Table 2. A total of 90 out of the 151 analyzed
metabolomic measures significantly changed in concentration after 10 mM
insulin infusion. In particular, after infusing low dose insulin for two hours,
the concentrations of glycerol and three-hydroxybutyrate were materially
decreased with betas of, respectively, -1.41 [-1.54, -1.27] s.d. (P=1.28¢*), and
-1.22[-1.36, -1.07] s.d. (P=1.44¢€*"). Other metabolomic measures that majorly
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decreased in concentration during this phase of the experiment included
acetate (beta= -0.76 [-0.88, -0.63]; P=1.52e*?), citrate (beta= -0.64 [-0.82, -0.46]
s.d.; P=6.95e™?), acetoacetate (beta= -0.57 [-0.71, -0.43] s.d.; P=4.68¢™), LDL
diameter (beta= -0.43 [-0.56, -0.30] s.d.; P=2.71e"!) and medium-sized HDL.
In contrast, the concentration of pyruvate, and the degree of fatty acid
unsaturation increased with betas of 0.59 [0.40, 0.78] s.d. (P=7.46e°) and 0.48
[0.38, 0.57] s.d (P=1.53e™) respectively. In addition, the majority of LDL-sized
particles and the concentration of apo-lipoprotein B (ApoB) increased in
concentration after low-dose insulin infusion.
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Figure 2 Circular plot of metabolomic measures after the low dose insulin infusion compared
with baseline. Red bars stand for positive betas and blue bars stand for negative betas. The
floating dots represents the significance of betas with standard of P-value <0.00135.
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Changes in metabolomic measures at high-dose insulin infusion

Figure 3 summarizes the mean changes of metabolomic measures after high
dose insulin infusion, and Supplementary Table 3 presents the results in
more detail. 121 out of the 151 metabolomic measures changed significantly
in concentration with 40 mM insulin infusion compared with the baseline.
The concentrations of glycerol, leucine, isoleucine and valine largely
decreased with betas of, respectively, -1.72 [-1.85, -1.59] s.d. (P=6e™*?), -1.78 [-
1.88, -1.69] s.d. (P=2.7e**), -1.65 [-1.77, -1.54] s.d. (P=3.8¢""*) and -1.53 [-1.63,
-1.44] s.d. (P=6.6e**) compared with baseline. In addition, the concentrations
of acetate, three-hydroxybutyrate, acetoacetate, tyrosine, glutamine and
citrate also decreased. The concentrations of medium, large, extra-large and
super extra-large VLDL particles and medium HDL and large HDL
decreased after the high-dose insulin infusion. The concentration of pyruvate,
lactate, total cholesterol in HDL3, and the degree of fatty acid unsaturation
increased significantly with betas of, respectively, 1.29[1.10, 1.48] s.d.
(P=2.15e*"), 1.29 [1.09, 1.49] s.d. (P=1.91e™), 1.04 [0.91, 1.17] s.d. (P=1.40e"**)
and 0.74 [0.65, 0.84] s.d. (P=2.40e®'). The concentrations of almost all LDL-
sized particles, small and extra small VLDL and ApoB also increased
significantly after the high dose insulin infusion. In addition, LDL diameter
decreased.

Figure 4 showed the percentage changes of isoleucine between high dosage
insulin and baseline, which indicated that the magnitude of the changes in
isoleucine was correlated with glucose infusion rate. A stronger decrease of
isoleucine concentration was found in individuals with higher glucose
infusion rates. Similar patterns of change in leucine and valine dependent on
the glucose infusion rates were observed (Supplementary Figures 2 and 3).
Changes in BCAAs at high dose insulin infusion were also positively
correlated with glucose disposal rate (GDR) with r=0.68, p=000022, r=0.61,
p=0.0017, and r=0.5, p=0.012, for isoleucine, leucine, and valine respectively.
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Figure 3 Circular plot of metabolomic measures after high dose insulin infusion compared
with baseline. Red bars stand for positive betas and blue bars stand for negative betas. The
floating dots represents the significance of betas with standard of P-value < 0.00135
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Differential changes in metabolomic measures between high and low dose
insulin infusion

Figure 5 shows that 99 metabolomic measures changed significantly after
high dose insulin infusion compared with low dose insulin infusion and
Supplementary Table 4 provides the results in detail. Apparent additional
decreases were specifically seen in the concentrations of branched-chain
amino acids, acetate, tyrosine, acetoacetate, glutamine and LDL diameter.
Among these significantly changed metabolomic measures, the largest
additional changes of concentrations were in branched-chain amino acids,
which decreased with betas of -1.39 [-1.47, -1.30] s.d. (P=2.4e-***) for leucine,
-1.24 [-1.35, -1.14] s.d. (P=1.6e'?®) for isoleucine and -1.20 [-1.27, -1.12] s.d.
(P=5.8e*") for valine compared with low-dose insulin infusion. Furthermore,
the concentrations of acetate, tyrosine, acetoacetate, glutamine, extra-large
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and super extra-large VLDL particles also sharply decreased. In contrast, the
concentrations of lactate (beta= 1.16 [0.97, 1.35] s.d.; P=2.38¢ ™), pyruvate
(beta= 0.98 [0.80, 1.16] s.d.; P=1.95¢?’) and HDL3C (beta= 0.67[0.54, 0.79] s.d.;
P=3.72¢™?) greatly increased. In addition, LDL diameter further decreased.

Based on the results from the low- and high-dose analyses, a beta-beta plot
comparing low-dose insulin infusion and high-dose insulin infusion was
generated (Figure 6). Metabolomic measures on the diagonal line (Y = X)
have reached their maximal response already at low-dose insulin infusion,
whereas those that deviate from this line show a dose-dependent response.
Most notably, leucine, isoleucine, valine and lactate, but also LDL diameter
showed a clear additional effect at high-dose insulin infusion beyond that of
low-dose insulin infusion.
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Figure 5 Circular plot of changes in metabolomic measures after high dose insulin infusion
compared with low dose insulin infusion. Red bars stand for positive betas and blue bars stand
for negative betas. The floating dots represents the significance of betas with standard of P-
value < 0.00135.
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Metabolomic measures on the diagonal line have reached their maximal response already at
low dose insulin infusion, whereas those that deviate from this line show a dose-dependent
response.
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Conclusions and discussion

This study explored the changes of blood metabolomic measures in 24
clinically healthy individuals during a hyperinsulinemic euglycemic clamp
study. We found that a large number of metabolomic measures changed
significantly in concentration in response to low- and high-dose insulin
infusion under euglycemic conditions. A total of 90 out of the 151 analyzed
metabolomic measures changed significantly at low-dose insulin infusion,
while 121 metabolomic measures changed significantly at high-dose insulin
infusion. Some metabolomic measures seemed to have reached their
maximum response already at low-dose (10 mU/m?/min) insulin infusion,
whereas other metabolomic measures showed an additional response at
high-dose (40 mU/m?/min)) insulin infusion. This shows that 'H-NMR-
based metabolomic measures are differentially insulin sensitive.

At low-dose insulin infusion, the largest changes in metabolomic measures
comprised glycerol, pyruvate, citrate, three-hydroxybutyrate, acetate,
acetoacetate and LDL diameter. These changes are thought to mainly occur
via the liver. Low-dose hyperinsulinemia-euglycemia stimulates glycolysis
in the liver. This results in the increased production and turnover of pyruvate,
which could leak into the circulation [30]. Glycolysis also increases the
demand on the mitochondrial citric acid cycle, which requires citrate and this
could explain the decrease in citrate. A potential alternative explanation for
the observation of the decrease in glycerol after low-dose (10 mU/m?/min)
insulin infusion is an effect of insulin on inhibiting hormone sensitive lipase
which would cause a decrease in adipose tissue lipolysis. It had been shown
previously that suppression of lipolysis in adipose tissue is very insulin
sensitive, and differences in adipose tissue lipolysis between individuals
with type 1 diabetes and healthy controls could be detected at insulin doses
as low as 4 mU/m?/min [31]. It is a limitation of the current study that,
although (tracer) data on the rate of glycerol appearance were available, the
insulin dosages applied might not be low enough to accurately assess
potential differences in suppression of lipolysis in adipose tissue (and relate
these to some of the observed changes in metabolites). After an overnight fast,
ketogenesis is activated in the liver to meet the energy demand of the body
(in particular the brain) and ketone bodies such as three-hydroxybutyrate,
acetate and acetoacetate are formed in this process [32]. After the infusion of
glucose and insulin during the clamp procedure, which is performed in the
fasted state, the secretion of ketone bodies is acutely inhibited which explains
their decreased concentrations [33].
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At high-dose intravenous insulin infusion, the largest changes in
metabolomic measures included not only glycerol, pyruvate, lactate, citrate,
three-hydroxybutyrate, acetate, acetoacetate, but also leucine, isoleucine,
valine, tyrosine, and glutamine. In addition, all sizes of VLDL particles
decreased, all sizes of LDL particles increased and mean LDL diameter
decreased. High-dose insulin infusion is thought to affect processes in
peripheral tissues such as muscle and fat in addition to processes in the liver.
In muscle, insulin promotes the synthesis of proteins and suppresses
proteolysis [34], which could explain the observed large decrease in
concentrations of amino acids including leucine, isoleucine, valine, tyrosine
and glutamine. The observed correlation between percentage changes of
BCAAs and glucose infusion rate provides additional evidence that the
observed decrease of BCAAs at high dose-insulin infusion are positively
related to whole-body insulin sensitivity. In addition to these effects, the
decrease of medium, large, extra-large and super extra-large VLDL particles,
and the increase of the majority of LDL particles, small VLDL, extra small
VLDL and cholesterol concentration are indicative of an increased clearance
of triglycerides. Triacylglycerol in the large VLDL particles is hydrolyzed by
lipoprotein lipase resulting in the formation of smaller VLDL and LDL [35].

The increased concentration of ApoB at low-dose insulin infusion could be
explained by stimulation of de-novo lipogenesis in the liver and an increased
VLDL production [36]. Interestingly, high-dose insulin infusion had a more
pronounced effect on the lipoprotein profile without additionally affecting
the concentration of ApoB. This could be explained by direct or indirect high-
dose insulin induced changes in the activity of plasma proteins that affect the
interchange of components between lipoproteins in the plasma, such as
phospholipid transfer protein (PLTP) and cholesteryl ester transfer protein
(CETP) [37, 38].

Multiple of the metabolomic measures that we identify as being insulin
dependent in the present study have been described before in relation to
cardiovascular disease risk. For example, triglycerides within all lipoproteins
have been associated with increased risk of incident myocardial infraction
and ischemic stroke [39]. In addition, high cholesterol levels in HDL particles
have been associated with a lower risk of developing coronary heart disease,
myocardial infraction and ischemic stroke [40]. A main driver of
atherosclerotic cardiovascular disease is LDL cholesterol which is increased
by low-dose insulin and further increased by high-dose insulin infusion [41].
Additionally, the increase of LDL particle number and the decrease of LDL
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particle size have also been associated with increased risk of cardiovascular
disease [42]. Both parameters are found to be insulin dose dependent in our
study. Moreover, the increase of beta-hydroxybutyrate in circulating blood
has been associated with an increased intracranial carotid artery
atherosclerosis [43]. Branched-chain amino acid were also identified to be
associated with incident cardiovascular disease [44]. The insulin dose
dependently increased levels of these cardiovascular-disease risk associated
metabolomic measures suggest that increased insulin has atherogenic
properties independent of glucose concentrations.

Some metabolomic measures identified to be insulin sensitive in our study
have also been identified as potential biomarkers for the risk to develop type
2 diabetes. Specifically, higher levels of the BCAAs (leucine, isoleucine and
valine) and the aromatic amino acids (tyrosine and phenylalanine) have been
associated with increased risk of type 2 diabetes and have the potential to
predict the future development of diabetes [45]. These amino acids were also
among the metabolites that showed the largest changes in response to the
high dose insulin infusion in our study. These data could be interpreted as
indicating that decreased insulin sensitivity of amino acids leucine,
isoleucine, valine, tyrosine and phenylalanine are predictive for the increased
risk of developing type 2 diabetes. However, it has also been demonstrated
by Mendelian randomization analysis that higher levels of the branched
chain amino acids themselves are causally associated with the risk of type 2
diabetes [46]. Whether increased levels of branched chain amino acids are
both consequence and cause of insulin resistance/type 2 diabetes remains to
be established.

Our study has provided insight into the direct effects of insulin on changes
of metabolomic measures in apparently healthy people under euglycemic
conditions. A limitation of this study is the limited sample size, which does
not allow specific subgroup analyses. In addition, the age of participants
ranged from 50 to 75 years old, which means the results might not apply to
younger ages. Moreover, it is important to note that the present study
population was selected based on their health and partly on their propensity
to become long-lived. This might have introduced bias in our study.

In conclusion, the majority of the plasma metabolomic measures determined
by an 1H-NMR metabolomics platform are sensitive to insulin and a large
fraction of these responses are insulin dose-dependent. It thus seems likely
that some of these metabolomics measures will be differentially affected by
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the development of insulin resistance. Since low- and high-dose insulin levels
are assumed to target, respectively, the liver and the liver plus peripheral
organs (i.e. muscle and fat), our data provide insight into the direct role of
insulin on specific processes in the liver and the peripheral tissues. Moreover,
our data showed insulin-specific effects on metabolomic measures such as
LDL particle number and size, which have previously associated with an
increased risk of cardiovascular disease. The implications of this study are to
not only avoid the chronic hyperinsulinemia that is associated with insulin
resistance, but also to avoid frequent hyperinsulinemia that is caused by
frequent snacking as a means to reduce exposure to an atherogenic
lipoprotein profile.
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Mitochondrial DNA copy number and T2D

Abstract

Aims/hypothesis: Mitochondrial dysfunction, which can be approximated
by blood mtDNA copy number (mtDNA-CN), has been implicated in the
pathogenesis of type 2 diabetes mellitus. Thus far, however, insights from
prospective cohort studies and Mendelian Randomization (MR) analyses on
this relationship are limited. We assessed the association between blood
mtDNA-CN and incident type 2 diabetes using multivariable-adjusted
regression analyses, and the associations between blood mtDNA-CN and
type 2 diabetes and body mass index (BMI) using bi-directional MR.

Methods: Multivariable-adjusted Cox proportional hazard models were
used to estimate the association between blood mtDNA-CN and incident
type 2 diabetes in 285,967 unrelated European individuals from UK Biobank
(UKB) free of type 2 diabetes at baseline. Additionally, a cross-sectional
analysis was performed to investigate the association between blood
mtDNA-CN and BMI. Furthermore, we assessed the potentially causal
relationship between blood mtDNA-CN and type 2 diabetes (N=898,130
from DIAGRAM, N=215,654 from FinnGen) and BMI (N=681,275 from
GIANT) using bi-directional two-sample MR.

Results: During a median follow-up of 11.87 years, 15,111 participants
developed type 2 diabetes. Participants with higher level of blood mtDNA-
CN have lower risk to develop type 2 diabetes (hazard ratio: 0.90; 95%
Confidence Interval (CI): 0.89-0.92). After additional adjustment for BMI and
other confounders, these results attenuated moderately and remained
present. The multivariable-adjusted cross-sectional analyses show higher
blood mtDNA-CN was associated with lower BMI (-0.12 (95% CI: -0.14 ~ -
0.10) kg/m2. In the bi-directional MR analyses, we found no evidence for
causal associations between blood mtDNA-CN and type 2 diabetes, and
blood mtDNA-CN and BMI in either direction.

Conclusions/interpretation: The results from the present study indicate that
the observed association between low blood mtDNA-CN and higher risk of
type 2 diabetes is likely not causal.
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Introduction

Type 2 diabetes mellitus, which is characterized by a combination of insulin
resistance and insufficient insulin secretion, is a major contributor to the
burden of morbidity and mortality worldwide [1]. Multiple risk factors have
been associated with an increased risk of developing type 2 diabetes,
including obesity, adverse lifestyle and genetic factors [2].

Mitochondria generate most of the cell’s need for chemical energy in the form
of adenosine triphosphate (ATP), and mitochondrial dysfunction has been
implicated in various aspects of the development and complications of type
2 diabetes including insulin resistance, obesity and beta-cell dysfunction [3].
Mitochondrial DNA (mtDNA) is a circular and double-stranded DNA
molecule comprising 37 genes, of which thirteen genes are involved in the
electron transport chains and generation of ATP to provide energy for cells,
while the remaining genes encode proteins involved in the assembly of
amino acids into functional proteins [4]. Although mitochondria have been
implicated in the onset of type 2 diabetes, only a few of the rare mtDNA
genetic variants are associated with diabetes mellitus [5].

MtDNA-copy number (mtDNA-CN) is considered as a proxy for
mitochondrial function [6]. Low peripheral blood mtDNA-CN has been
associated with various age-related diseases, including type 2 diabetes,
cardiovascular disease and cancer [7-9]. A lower mtDNA-CN has also been
observed in skeletal muscle and adipose tissue of individuals with obesity or
type 2 diabetes [10, 11]. In line, a lower mtDNA-CN in beta cells has also been
associated with decreased beta cell function [12].

Thus far, epidemiological studies investigating the relationship between
mtDNA-CN and type 2 diabetes are limited. To the best of our knowledge,
only four cohort studies have investigated the association between blood
mtDNA-CN and type 2 diabetes, among which three were conducted using
a prospective study design [13-16]. Two out of the four studies showed that
low blood mtDNA-CN was associated with an increased risk of developing
type 2 diabetes. However, these studies were performed in a relatively small
population with a low number of (incident) type 2 diabetes cases, which
warrants replication of the findings in larger study samples. In addition, none
of these studies have examined the question whether the relationship
between blood mtDNA and type 2 diabetes is causal. Therefore, the aim of
our study was to investigate the association between blood mtDNA-CN and
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incident type 2 diabetes using data from the UK Biobank (UKB). Additionally,
the bi-directional relationship between blood mtDNA-CN and type 2
diabetes and body mass index (BMI) was assessed by bi-directional two-
sample Mendelian Randomization (MR) analyses [17].
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Method

Prospective analyses
Study population

The data used in the present study was derived from the UKB. The UKB is a
large-scale prospective cohort study containing in-depth genetic and health
information from over 500,000 participants aged 40-70 years at recruitment
from the United Kingdom (UK). Participants were recruited between 2006
and 2010 at 22 assessment centers across the UK. Baseline examinations in all
participants included physical measurements (e.g., blood pressure), lifestyle
and environmental information (e.g., diet, exercise, smoking, alcohol),
biological sampling (e.g., blood and urine), medical history, etc. The UKB
study was approved by the North-West Multi-center Research Ethics
Committee. Access to information to invite participants was approved by the
Patient Information Advisory Group from England and Wales, and National
Information Governance Board for Health and Social Care. All participants
in the UKB study provided written informed consent and detailed research
ethics approval can  be found on official website
(https:/ /www.ukbiobank.ac.uk/learn-more-about-uk-biobank /about-

us/ethics). The present study was conducted using accepted proposal 22474.

The genotype data released from UKB contains genotype of 488,377
participants from diverse ancestries. A total of 195,203 participants were
removed based on the following exclusion criteria: i) samples did not meet
the quality control criteria (N=81,552); ii) participants are related (N=38,642);
iii) participants are from non-European ancestry (N=65,498); iv) informed
consents were withdrawn (N=71); v) standard deviation (SD) of autosomal
probes (last step of mtDNA-CN calculation) > 0.37 (N=9,440). More details
on exclusion criteria can be found elsewhere [18]. After filtering, a total of
293,174 unrelated European participants were included in the present study.

Computation of mtDNA copy number in blood
Blood mtDNA-CN, the exposure of our interest, was calculated based on the
intensities of genotyping probes on the mitochondrial chromosome on the

Affymetrix array in the UKB participants. The pipeline for calculating
mtDNA-CN from intensities of probes mapping to the mitochondrial
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genome has been described in detail previously [18, 19]. Briefly, the relative
amount of mtDNA hybridized to the array at each probe was the log2
transformed ratio (L2R) of the observed genotyping probe intensity divided
by the reference intensity. Initial values of mtDNA-CN were computed as the
median L2R values across all 265 variants passing quality control on the
mitochondrial DNA. The single mtDNA-CN estimated for each individual
was derived by computation of weighted mtDNA-CN by using initial values
and, normalization of mtDNA-CN to a mean of 0 and SD of 1 over 96
genotyping plates. Finally, quality control was performed by eliminating
individuals with SD of autosomal probe intensities higher than 0.37. More
details on calculations and used analysis pipeline of mtDNA-CN can be
found online (https:/ /github.com/GrassmannLab/MT UKB).

Outcome definition

Prevalent and incident diagnosis of type 2 diabetes was identified in UKB as
the date of first appearance of non-insulin-dependent diabetes mellitus (data-
field 130708 in the UKB Database). This variable has been composed through
a standard algorithm, performed by the UKB data management team,
combining the data derived from hospital admissions (through linkage with
the medical records from the National Health Service), general practitioners,
death records, and self-report. Detailed information of the algorithm and
process could be found online:
https:/ /biobank.ndph.ox.ac.uk/showcase/ukb/docs/first occurrences ou

tcomes.pdf. Based on the data of first appearance of type 2 diabetes and the
data of enrollment information, we defined whether a case was prevalent
(before enrolment) or incident (after enrolment).

Covariates

Covariates used in the study included genotyping batch, genetic principal
component 1, genetic principal component 2, white blood cell counts, platelet
counts, demographic measures (age, sex), anthropometric measures (BMI in
kg/m? waist circumference in centimeter, height in centimeter), self-
reported lifestyles (use of cholesterol-lowering medication [Yes/No],
smoking status [Never/Past/Current], physical activities [hours of being
physically active per week]) and family (maternal + paternal) history of type
2 diabetes [Yes/No]. Information on the covariates was collected at the
moment of study recruitment.
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Power calculation

The statistical power in the MR analysis on type 2 diabetes was calculated
using an online tool for binary outcome
(https:/ /shiny.cnsgenomics.com/mRnd /). Using the data of Diagram
consortium, we had sufficient power to detect a causal association with an
odds ratio of at least 1.07 per SD increase in blood mtDNA-CN using either
of summary statistics from UKB and Longchamp et. al paper with
significance level of 0.05 (Electronic supplementary material (ESM) Fig. 1)

Statistical analyses

Study characteristics for the population at the baseline were expressed as
mean with SD stratified by quartiles of blood mtDNA-CN. Missing values of
parameters were imputed using the package MICE which uses Bayesian
polytomous regression for prediction of categorical values, predictive mean
matching models for continuous missing values, and logistic regression
model for prediction of binary missing values [20].

Participants without type 2 diabetes at baseline were followed until the
occurrence of type 2 diabetes, mortality or loss of follow-up, whichever
occurred first. Kaplan-Meier survival curves of blood mtDNA-CN in
quartiles was provided. For the primary analysis, the association between
blood mtDNA-CN as continuous variable on type 2 diabetes was assessed by
using Cox proportional hazard model. As secondary analyses, the analyses
were repeated with blood mtDNA-CN stratified into quartiles. The 1 and 4"
quartiles represent the lowest 25% and the highest 25% of blood mtDNA-CN,
respectively. Three multivariable-adjusted Cox proportional hazard models
were used to analyze the association between blood mtDNA-CN and type 2
diabetes: model 1 was adjusted for genotyping batch, the first 2 genetic
principal components to correct for possible population stratification, white
blood cell counts, platelet counts, age and sex; model 2 was additionally
adjusted for BMI (in kg/m?); model 3 was additionally adjusted for use of
cholesterol ~ lowering  medication  (Yes/No), smoking  status
(Never /Past/Current), physical activities (hours of being physical active per
week), waist circumference (Centimeter) and family history of type 2
diabetes (Yes/No).
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The potential interactions between blood mtDNA-CN and sex and age were
tested by adding an (multiplicative) interaction term to the fully adjusted
model. In addition, we also performed prespecified subgroup analyses
stratified by sex and age (<=50 years, 50~60 years, >=60 years).

In addition, multivariable-adjusted cross-sectional analyses were performed
to investigate the association between blood mtDNA-CN and BMI by linear
regression adjusted for genotyping batch, first 2 genetic principal
components, white blood cell counts, platelet counts, age, sex, use of
cholesterol lowering medication, smoking status, physical activities and
family history of type 2 diabetes. Additionally, similar models were applied
to investigate the association between blood mtDNA-CN and whole-body
lean mass, whole-body fat mass, liver enzymes including alanine
aminotransferase (ALT), aspartate aminotransferase (AST), alkaline
phosphatase (ALP) and gamma glutamyl transferase (GGT). All parameters
except blood mtDNA-CN were log-transformed to approximate a normal
distribution. The linear model of blood mtDNA-CN on whole-body lean
mass was adjusted for genotyping batch, the first 2 genetic principal
components, white blood cell counts, platelet counts, age, sex, height and fat
mass. A similar model was used to investigate the association between blood
mtDNA-CN and whole-body fat mass by replacing the fat mass with lean
mass. The linear models of blood mtDNA-CN on liver enzymes were
adjusted for genotyping batch, the first 2 genetic principal components, white
blood cell counts, platelet counts, age, sex and glomerular filtration rate. The
estimates derived from all linear models were exponentiated to assess the
original effect of each parameter per 1 SD increase in blood mtDNA-CN.

Bi-directional Mendelian Randomization analyses
Exposure data source

Genome-wide association study (GWAS) for blood mtDNA-CN in the
unrelated European population of the UKB was performed to provide a list
of independent lead single nucleotide polymorphisms (SNPs) for the
following use as instrumental variables for the exposure as well as to use the
same data as outcome set in the bi-directional MR. UKB genotyping and
imputation data released in March 2018 was used to perform GWAS
(https: / /www.ukbiobank.ac.uk /media/ cffi4mx5 / ukb-genotyping-and-

imputation-data-release-fag-v3-2-1.pdf). The analyses were done on the
autosomal chromosomes adjusting for age, sex, white blood cell counts,
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platelet counts and the first 10 genetic principal components. We excluded
SNPs with a minor allele frequency <0.01 as well as SNPs with an imputation
quality <0.3. SNPs with p-values smaller than 5e-8 were extracted and stored
for the MR analyses. Instrumental variables were identified after clumping
process (window size=10,000kb, R*<0.001) which estimates linkage
disequilibrium between SNPs by using the European population from the
1000 genomes project. GWAS in the present study were performed using
linear mixed models implemented in the program BOLT_LMM (version 2.3.2)
[21]. Visualization of the results was performed using the R-based packages
ggplot2 [22] and EasyStrata [23]. Variance in blood mtDNA-CN explained by
genetic variants was calculated by using equations that have been described
previously [24].

In addition, 129 significant SNPs (p<5e-8) associated with blood mtDNA-CN
from the paper of Longchamps. et. al [25] were used as exposure as validation
of our initial analyses only based on UKB data, which were provided in ESM
Table 1. This GWAS study was performed in 465,809 European individuals
from Cohorts for Heart and Aging Research in Genomic Epidemiology
(CHARGE) and the UKB, adjusting for age, sex, principal components, DNA
collection site, family structure, and cell composition.

Outcome data source

Summary statistics of type 2 diabetes were extracted from two large
databases, notably the Diabetes Genetics Replication and Meta-analysis
(Diagram) consortium (available at: https:/ /www.diagram-
consortium.org/downloads.html) and the FinnGen study (available at:
https:/ /finngen.gitbook.io/documentation/). The summary statistics of
BMI was retrieved from The Genetic Investigation of Anthropometric Traits
(GIANT) consortium, which is available in the IEU GWAS database
(available at:  https:/ /gwas.mrcieu.ac.uk/datasets /ieu-b-40/).  More
information of these data sources can be found in ESM Table 2.

MR analyses

Two-sample MR analyses were performed using the R-based statistical
package TwoSampleMR (available at:
http:/ /github.com /MRCIEU / TwoSampleMR) [26]. This package is able to
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harmonize the effect sizes of SNPs for exposure and outcome, and connects
to database with thousands of complete GWAS summary data.

The study design for MR analyses is shown in Figure 1. In the first set of two-
sample MR analyses, we considered blood mtDNA-CN (UKB) (GWAS was
performed in the present study) as exposure, and type 2 diabetes (DIAGRAM
and FinnGen) and BMI (GIANT) as outcome. Analyses were repeated using
data from the Longchamps et al paper as exposure [25]. The second set of MR
analyses handled reverse causality taking type 2 diabetes (DIAGRAM) and
BMI (GIANT) as exposure, and blood mtDNA-CN (UKB) from GWAS as
outcome.

The primary MR analysis was conducted using the inverse variance
weighted (IVW) method. The magnitudes of the causal effect were estimated
by weighted regression of the average SNP-outcome effect on the average
SNP-exposure effect with the intercept constrained to zero [27]. Given its
assumption that all genetic instruments included are valid, this method could
yield biased estimates in the presence of unbalanced horizontal pleiotropy,
especially in case the analysis contained many genetic instruments. Therefore,
we also performed two additional sensitivity analyses by using other MR
models, the weighted median estimator approach and the MR Egger. The
weighted median estimator approach implemented the weighted median of
the Wald ratios for all instrumental variables, which is able to tolerate up to
(not including) 50% of the weight coming from invalid instrumental variables
[28]. The MR Egger method is sensitive to horizontal pleiotropy and the
estimated value of intercept can be interpreted as an estimate of average
pleiotropic effect across the genetic variants [29]. Results for MR analyses
were reported in either odds ratio for binary outcomes or estimates for
continuous outcomes with accompanied 95% confidence interval.

62



Mitochondrial DNA copy number and T2D

Main MR analyses of mtDNA-CN as exposure

Sample 1
(summary stgﬁsu;s from SNP-mtDNA-CN associations mtDNA-CN
UKB)
Sample 1:
DIAGRAM
Type 2 diabetes Sample 2:
FinnGen
BMI (GIANT)
Validation for MR analyses of mtDNA-CN as exposure
Sample 2
(summary statistics from
CHARGE and UKB SNP-mtDNA-CN associations mtDNA-CN
retrived from Longchamp
et.al. paper)
Sample 1:
DIAGRAM
Type 2 diabetes Sample 2:
FinnGen

BMI (GIANT)

MR analyses for reverse causality (mtDNA-CN as outcome)

Sample )
(summary staFt’istIcs from SNP-mtDNA-CN associations Type 2 diabetes
DIAGRAM)
mtDNA-CN
(UKB)
Sample
(summary statistics from SNP-mtDNA-CN associations
GIANT)

mtDNA-CN
(UKB)

Figure 1 Study design diagram for bi-directional MR analyses. Gray arrows present MR effect
estimates, traits in blue rectangles present exposures, traits in red rectangles present outcomes
and GWAS data used for traits presented in yellow rectangles. mtDNA-CN: mitochondrial
DNA copy number; BMI: body mass index; DIAGRAM: Diabetes Genetics Replication and
Meta-analysis consortium; GIANT: The Genetic Investigation of Anthropometric Traits
consortium.
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Results

Study population

The multivariable-adjusted analyses were conducted in a final sample of
285,967 individuals after excluding 7,207 individuals with type 2 diabetes at
baseline. During the follow-up (median follow-up time: 11.9 years;
interquartile range: 11.2-12.6 years), 15,111 individuals developed type 2
diabetes. The characteristics of participants stratified by quartile of blood
mtDNA-CN after imputation are shown in Table 1 and the original baseline
characteristics before imputation are shown in ESM Table 3. The mean age
for the whole population is 56.8 (SD = 8.00) years and 54.1% participants are
women.

Multivariable-adjusted analyses on incident type 2 diabetes

The Kaplan-Meier curve (Figure 2A) illustrated that participants with a
higher level of blood mtDNA-CN had a proportionally lower risk of incident
type 2 diabetes.

The results from the multivariable-adjusted prospective analyses are
presented in Figure 2B and ESM Table 4. The multivariable-adjusted Cox
proportional models show the higher level of blood mtDNA-CN is associated
with lower risk of developing type 2 diabetes with hazard ratio (HR) of 0.90
(95% Confidence Interval (CI): 0.89-0.92) for model 1, 0.95 (95% CI: 0.93-0.97)
for model 2 and 0.95 (95% CI: 0.94-0.97) for model 3 per 1 SD increase in blood
mtDNA-CN. Similarly, taking the participants in the 4" quartile as reference
group, model 1 shows participants in quartile 1 for blood mtDNA-CN had
the highest risk to develop type 2 diabetes (HR: 1.30; 95% CI: 1.24-1.36); in
addition, both quartile 2 and quartile 3 had higher risk of incident type 2
diabetes compared with the reference group (respectively, HR: 1.17; 95% CIL:
1.12-1.23, and HR: 1.08; 95% CI: 1.03-1.13). Results did somewhat attenuate
after adjustment for BMI (Model 2), and remained similar after further
adjustment for other considered confounders (Model 3).

We did not observe any interaction between blood mtDNA_CN with sex or

age with p-values for interaction of 0.06 and 0.61, respectively, as was also
observed in subgroup analyses (ESM Table 5, ESM Table 6).
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Higher blood mtDNA-CN was associated with lower BMI (-0.12 (95% CI: -
0.14 ~ -0.10) kg/m?2) in multivariable-adjusted cross-sectional analyses. The
results from linear models of blood mtDNA-CN with whole—body lean mass,
whole-body fat mass and liver enzymes are shown in ESM Table 7. Blood
mtDNA-CN was not associated with whole—body lean mass, ALP, AST and
ALT. A 1% decrease in whole-body fat mass and GGT were observed per SD
increase in blood mtDNA-CN.

b
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Figure 2 (A) Kaplan-Meier curve presenting time to develop incident type 2 diabetes by
quartile of mtDNA copy number. X-axis represents follow-up time in years. Y-axis represents
the overall survival probability of developing type 2 diabetes. (B) Hazard ratio for incident
type 2 diabetes by quartiles of mtDNA copy number. Model 1 was adjusted for genotyping
batch, principal component 1, principal component 2, white blood cell counts, platelet counts,
age and sex; model 2 was additionally adjusted for BMI based on model 1; model 3 was
additionally adjusted for BMI, medication use for cholesterol, smoking status, physical
activities, waist circumference and family history of type 2 diabetes based on model 1.

Bi-directional Mendelian Randomization analyses

In our newly-conducted GWAS of blood mtDNA-CN in UKB, 3075
significant SNPs (P < 5e-8) were identified, of which 55 were independent
lead SNPs (R?<0.001), which were used in the MR analyses as exposure (ESM
Table 8). These independent lead SNPs explained 1.3% of variance in blood
mtDNA-CN levels. The -log10(p-value) plot and QQ plot for GWAS of blood
mtDNA-CN are presented in ESM Fig. 2.
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The results from the MR analyses taking 55 SNPs of blood mtDNA-CN from
the UKB as exposure are shown in Figure 3 and ESM Table 9. We observed
that the odds ratio per SD increase of blood mtDNA-CN on type 2 diabetes
using the IVW method was 1.07 (95% CI: 0.89-1.29) for DIAGRAM as
outcome data source and 1.11 (95% CI: 0.90-1.38) for FinnGen as outcome
data source. Similar results were obtained when we used the previously
identified SNPs from the larger Longchamps et al study [25] as exposure (ESM
Fig. 3 and ESM Table 9) which explained 2.2% of variance in blood mtDNA-
CN levels. The results from the MR analyses of blood mtDNA-CN on BMI
using either UKB data or data from Longchamps et al. as exposure gave similar
results indicating no evidence for a causal association between blood
mtDNA-CN and BMI (Figure 4 and ESM Table 10). The results from
weighted median and MR Egger were consistent with the IVW method in the
above analyses.

The reverse MR was applied to investigate the potential causal association
between genetically-influenced BMI and type 2 diabetes on blood mtDNA-
CN, respectively. Figure 5 illustrated the estimates of type 2 diabetes on
blood mtDNA-CN and BMI on blood mtDNA-CN. For both exposures, we
did not find evidence for a causal association, and consistent results were
derived in the weighted median and MR Egger analyses (ESM Table 11).

Figure 3 Forest plot of MR results for mtDNA-CN (UKB) and type 2 diabetes (DIAGRAM and
FinnGen). N: number of SNPs analyzed in the MR analyses; OR: odds ratio per 1 SD increase in
mtDNA-CN; 95% CI: 95% confidence interval; IVW: inverse variance weighted.
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Figure 4 Forest plot of MR results for mtDNA-CN (UKB and CHARGE) and BMI (GIANT). N:
number of SNPs analyzed in the MR analyses; Estimates are reported per 1 SD increase in
mtDNA-CN; 95% CI: 95% confidence interval; IVW: inverse variance weighted.

Figure 5 Forest plot of MR results for BMI (GIANT) and type 2 diabetes (DJAGRAM)
associating with mtDNA-CN (UKB). N: number of SNPs analyzed in the MR analyses;
Estimates were reported as having type 2 diabetes versus not having type 2 diabetes for MR
analyses between type 2 diabetes and mtDNA-CN; Estimates were reported as per 1 kg/m2
increase in BMI for MR analyses between BMI and mtDNA-CN; 95% CI: 95% confidence

interval; IVW: inverse variance weighted.
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Table 2 Baseline characteristics of the population by quartile of mtDNA copy number

Quartile 1 Quartile 2 Quartile 3 Quartile 4 Overall

(N=71492) (N=71492) (N=71491) (N=71492) (N=285967)

112 0313 0.303 1.14 -0.00423
mtDNA-CN (SD) [-5.09, -0.658] [-0.658, -0.00423] [-0.00420, 0.656] [0.656, 4.68] [-5.00, 4.68]
Sex (Female) 37587 (52.6%) 38340 (53.6%) 38911 (54.4%) 39801 (55.7%) 154639 (54.1%)
Age (years) 57.4 (8.01) 56.9 (8.00) 56.6 (7.97) 56.1 (7.97) 56.8 (8.00)
White blood cell count 7.36 (1.83) 6.96 (1.72) 6.72 (1.70) 6.40 (2.50) 6.86 (1.99)
Platelet count 247 (57.8) 252 (57.8) 256 (59.0) 259 (62.9) 253 (59.6)
BMI (kg/m?) 27.6 (4.88) 27.4 (4.66) 27.2 (4.57) 26.9 (4.47) 27.3 (4.65)
Waist circumference (cm) 91.0 (13.6) 90.3 (13.3) 89.7 (13.1) 88.8 (12.9) 90.0 (13.2)
Whole-body fat mass (kg) ~ 25.2 (9.80) 24.8 (9.41) 245 (9.26) 24.0 (9.05) 246 (9.39)
Whole-body lean mass (kg)  53.7 (11.5) 53.5 (11.5) 532 (11.4) 53.0 (11.4) 53.3 (11.5)
Physical activity 26.4 (33.9) 27.0 (34.4) 26.9 (33.9) 27.1 (34.0) 26.8 (34.1)
(hours/week) ’ ) ’ ) ’ ) ) ) ’ )

Cholesterol-lowering
medicine

11941 (16.7%)

11468 (16.0%)

10974 (15.4%)

10430 (14.6%)

44813 (15.7%)



Quartile 1 Quartile 2 Quartile 3 Quartile 4 Overall
(N=71492) (N=71492) (N=71491) (N=71492) (N=285967)
Smoking status
Never 38362 (53.7%) 39170 (54.8%) 39715 (55.6%) 40525 (56.7%) 157772 (55.2%)
Previous 25027 (35.0%) 24996 (35.0%) 24806 (34.7%) 24904 (34.8%) 99733 (34.9%)
Current 8103 (11.3%) 7326 (10.2%) 6970 (9.7%) 6063 (8.5%) 28462 (10.0%)
Family history of T2D 11262 (15.8%) 10959 (15.3%) 11125 (15.6%) 11156 (15.6%) 44502 (15.6%)

Follow-up time (years)
Height (cm)

ALT (U/L)

ALP (U/L)

AST (U/L)

GGT (U/L)

11.2 (2.30)
169 (9.21)

20.3 [3.10, 495]

81.4 [8.00, 1360]

24.5 [5.10, 947]

26.9 [5.50, 1170]

11.3 (2.12)
169 (9.24)

20.2[3.18, 490]

80.4 [14.8, 1420]

24.4[3.30,711]

26.1[5.10, 1120]

11.4 (2.06)
169 (9.26)

20.1 [3.25, 425]

79.7 [14.2, 1360]

24.4[5.10, 572]

25.8 [5.00, 1160]

11.5 (1.99)
169 (9.25)
19.7 [3.10, 491]

78.9 [14.1,
1420]

24.3 [4.40, 584]
25.1 [5.20,

114N1

11.4 (2.13)
169 (9.24)

20.1[3.10, 495]

80.1 [8.00, 1420]

24.4[3.30, 947]

26.0 [5.00, 1170]

Continuous variables were presented as mean with standard deviation (SD) or median with minimum and maximum values, and categorial variables
were presented as number with percentages. BMI: body mass index; T2D: type 2 diabetes; ALT: alanine aminotransferase; AST: aspartate

aminotransferase; ALP: alkaline phosphatase; GGT: gamma glutamyl transfer
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Discussion and Conclusion

We found a lower level of blood mtDNA-CN to be associated with higher
risk of incident type 2 diabetes. A weak association between blood mtDNA-
CN and lower BMI was also found. However, no associations were observed
between lower genetically-influenced blood mtDNA-CN and higher type 2
diabetes risk nor higher BMI, suggesting that the observed associations are
likely not causal. Also in the reverse direction, no evidence was found for a
causal association of type 2 diabetes and of BMI with blood mtDNA-CN.
Further regression analyses showed that blood mtDNA-CN was not
associated with whole-body lean mass, AST, ALT and ALP, but was
associated with whole-body fat mass and GGT, however, with very small
observed effect sizes.

Three previous follow-up studies have investigated the association between
blood mtDNA-CN and incident type 2 diabetes [13, 15, 16]. Our findings are
in line with the results of Memon et.al. who found a lower level of blood
mtDNA-CN to be associated with increased risk of incident type 2 diabetes
in a follow-up study of 2387 middle-aged Swedish women [13]. However,
research conducted in the Atherosclerosis Risk in Communities (ARIC) study
found that mtDNA-CN in circulating leukocytes was not associated with risk
of developing type 2 diabetes among 7713 white participants [15]. Same
results as ARIC study were reported by Erwin Reiling using European
participants from Botnia and Rotterdam studies [16]. Our finding of an
association of higher blood mtDNA-CN with lower BMI is similar to the
findings of Liu Xue et.al [30] and Skuratovskaia et. al. [31]. The divergent results
on type 2 diabetes may be due to the different characteristics of the
populations, different covariates used in the Cox models, the data source of
type 2 diabetes and the measurement methods for mtDNA-CN. However,
the extremely large UK biobank cohort make it possible to observe the small
effect sizes of the associations and the discrepancy may be explained by the
differences in power.

We found no evidence for the hypothesis that low blood mtDNA-CN drives
the risk of type 2 diabetes and obesity from the results of the MR analyses.
This hypothesis is based on the assumption that blood mtDNA-CN reflects
overall mitochondrial function including the mitochondrial function of
tissues that play a role in type 2 diabetes like muscle and liver. We further
elaborated on this assumption by performing linear regression analyses
between blood mtDNA-CN and whole-body lean and fat mass, and liver
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enzymes. We found one SD increase in blood mtDNA-CN led to no change
in lean mass, AST, ALT and ALP, and small decreases in GGT. This indicates
that blood mtDNA-CN may not be a marker for mitochondrial function in
muscle and a weak marker for mitochondrial function in liver. Although one
study in monkeys reported that mitochondrial function in blood was
associated with mitochondrial function in muscle [32], human trials have
failed to show the correlation between mitochondrial respiration in
peripheral blood and muscle in both women and men. This is in agreement
with our finding that blood mtDNA-CN may not be a good marker for
muscle mitochondrial function [33, 34]. The associations that have been
observed between mtDNA-CN and liver disease are not consistent. Increased
liver mtDNA-CN was found in patients with non-alcoholic fatty liver disease
[35, 36], while decreased blood and liver mtDNA-CN was found in patients
with biliary atresia [37, 38]. Although blood mtDNA-CN was associated with
liver enzymes GGT in our study, given the small effect sizes, the blood
mtDNA-CN is a weak marker for mitochondrial functional in the liver.

Our data showed a clear observational association between blood mtDNA-
CN and incident type 2 diabetes. Since the MR analyses did not find evidence
for causality, it was expected that adjusting the observational association for
BMI and other considered confounders would significantly attenuate the
association. However, this was not the case and only adjusting for BMI
moderately attenuated the association. The most likely explanation is that the
remaining association is due to residual confounding. In addition to
unmeasured residual confounding, some measured variables may not be
very precise. For example, the physical activities were collected based on the
recall of participants, which may not be accurate.

Our study has some strengths and limitations. One of the strengths of our
study is that we included 285,967 unrelated European individuals without
type 2 diabetes, which is a large sample size and large number (N=15,111) of
incident type 2 diabetes cases. To our knowledge, this is the largest
investigation on blood mtDNA-CN and type 2 diabetes. One of the
limitations was that blood mtDNA-CN may not be a reflection of
mitochondrial function in muscle and liver, which are relevant in type 2
diabetes pathogenesis, and therefore blood mtDNA-CN might not be a
suitable marker for the involvement of these tissues in type 2 diabetes.
Another limitation is that we only included European populations and the
results cannot be extrapolated to other populations with different ancestries.
In addition, there was some overlap in the data sources for exposure and
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outcome in the two-sample MR analyses. However, Minelli et.al provide
evidence that two-sample MR methods perform well in large one-sample MR
studies even when the assumption of independence does not hold. Only
results derived with the MR-Egger regression analysis should be interpreted
with caution [39].

In conclusion, our results showed that blood mtDNA-CN was prospectively

associated with incident type 2 diabetes, but MR analyses did not provide
evidence for causality.
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Insulin-like growth factor-1 and T2D

Abstract

Background: There is inconsistent evidence for the causal role of serum
insulin-like growth factor-1 (IGF-1) concentration in the pathogenesis of
human age-related diseases as type 2 diabetes (T2D). Here, we investigated
the association between IGF-1 and T2D using (clustered) Mendelian
Randomization (MR) analyses in the UK Biobank.

Methods: We conducted Cox proportional hazard analyses in 451,232
European-ancestry individuals of the UK Biobank (55.3% women, mean age
at recruitment 56.6 years), among which 13,247 individuals developed type 2
diabetes during up to 12 years of follow-up. In addition, we conducted two-
sample MR analyses based on independent single nucleotide polymorphisms
(SNPs) associated with IGF-1. Given the heterogeneity between the MR effect
estimates of individual instruments (P-value for Q statistic=4.03e-145), we
also conducted clustered MR analyses. Biological pathway analyses of the
identified clusters were performed by overrepresentation analyses.

Results: In the Cox proportional hazard models, with IGF-1 concentrations
stratified in quintiles, we observed that participants in the lowest quintile had
the highest relative risk of type 2 diabetes (hazard ratio (HR): 1.31; 95% CI:
1.23-1.39). In contrast, in the two-sample MR analyses, higher genetically-
influenced IGF-1 was associated with a higher risk of type 2 diabetes. Based
on the heterogeneous distribution of MR effect estimates of individual
instruments, six clusters of genetically determined IGF-1 associated either
with a lower or a higher risk of type 2 diabetes were identified. The main
clusters in which a higher IGF-1 was associated with a lower risk of type 2
diabetes consisted of instruments mapping to genes in the growth-hormone
signaling pathway, whereas the main clusters in which a higher IGF-1 was
associated with a higher risk of type 2 diabetes consisted of instruments
mapping to genes in pathways related to amino acid metabolism and
genomic integrity.

Conclusion: The IGF-1 associated SNPs used as genetic instruments in MR
analyses showed a heterogeneous distribution of MR effect estimates on the
risk of type 2 diabetes. This was likely explained by differences in the
underlying molecular pathways that increase IGF-1 concentration and
differentially mediate the effects of IGF-1 on type 2 diabetes.

78



Insulin-like growth factor-1 and T2D

Introduction

Insulin-like growth factor-1 (IGF-1) is a pleiotropic hormone that plays a
major role in cellular growth, proliferation and survival [1]. The secretion of
IGF-1, predominately by the liver, is promoted by growth hormone (GH)
while conversely, IGF-1 in the circulation feeds back centrally to
hypothalamus to inhibit GH secretion [2]. The availability of free IGF-1 in the
blood is regulated by its association with distinct insulin-like growth factor
binding proteins (IGFBPs) which can increase IGF-1 half-life or block its
binding to IGF-1 receptors [3]. IGF-1 plays a very important role in aging
process and it was found that the level of IGF-1 increases during puberty and
decreases gradually with increasing age during adulthood [4, 5]. IGF-1 was
also found to be involved in the pathophysiology of various diseases,
including cancer, neurodegenerative disease, cardiovascular disease, and
type 2 diabetes mellitus [6]. Several (prospective) cohort studies have found
that lower levels of IGF-1 were associated with an increased risk of impaired
glucose tolerance, increased insulin resistance and hence the development of
diabetes mellitus [7, 8].

In contrast to these multivariable-adjusted association analyses, a recent
study demonstrated that a higher genetically-influenced IGF-1 concentration
was associated with a higher risk of developing type 2 diabetes using
Mendelian Randomization (MR) analyses [9]. MR is an approach to
determine whether the association between risk factors and outcome is
causal by using genetic variants as instrumental variables [10], and therefore
does not meet the requirements for triangulation of observations done in
epidemiology [11]. However, in some circumstances, there is clear
heterogeneity in the causal effects of the individual single nucleotide
polymorphisms (SNPs) that are used as instrumental variables, which may
indicate either pleiotropy or differences in biological pathways contributing
to high levels of the exposure [12]. Clustered MR was recently developed to
provide a means to address the heterogeneity in causal effects by clustering
variants that show similar individual causal estimates on the outcome [12].
Previously, such context-dependent MR analyses have been proposed to
provide more biological perspective in causal associations [13, 14].

We hypothesized that heterogeneity in causal effects of individual variants
could be a reflection of different biological mechanisms involved in the
association between IGF-1 and type 2 diabetes. For example, variation
influenced by processes causing insufficient GH signaling may have a
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different impact on T2D than variation influenced by processes causing
increased GH resistance. Therefore, in this study, we aimed to investigate the
association between IGF-1 and incident type 2 diabetes followed by clustered
MR analyses [15] in the large UK Biobank population, and explored the
possible biological pathways involved in the clustered causal associations.
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Methods

Prospective analyses
Study setting and study population

The UK Biobank is a very large prospective cohort study with over 500,000
participants aged 40-69 years at recruitment across the entire United
Kingdom (UK) [16]. Participants were recruited between 2006 and 2010 in 22
assessment centers across the UK. Baseline examinations in all participants
included physical measures, collection of blood, urine and saliva, a self-
completed touch-screen questionnaire, and a brief computer-assisted
interview to investigate sociodemographic, family history, environmental
factors, lifestyle, psychosocial factors, etc.

The present project was accepted under project number 22474. We restricted
the analyses to the UK Biobank participants who reported to be of European
ancestry including British, Irish and any other European background, who
had information available on serum IGF-1 concentration, and who were in
the full release imputed genomics datasets.

Biochemical analyses

Biological samples were collected to measure biochemical markers including
IGF-1 at baseline (2006-2010) comprising ~480,000 participant samples.
Serum levels of IGF-1 were analyzed using chemiluminescent Immunoassay
(DiaSorin Liaison XL) with a one-step sandwich. Coefficients of variation
derived from the internal quality control samples of the low, medium, and
high IGF-1 concentrations ranged from 6.03-6.18%. More information on
assay performance of the UK Biobank Biomarker Project can be found online
(https:/ /biobank.ctsu.ox.ac.uk/crystal/ refer.cgi?id=1227).

Outcome definitions

Prevalent and incident diagnosis of type 2 diabetes mellitus was identified in
UK Biobank as the date of first appearance of non-insulin-dependent
diabetes mellitus (data-field 130708 in the UK Biobank Database). This
variable has been composed through a standard algorithm combining the
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data derived from hospital admissions (through linkage with the medical
records from the National Health Service), general practitioners, death
records, and through self-report. Based on the date of first appearance and
the data of enrollment, we defined whether a case was prevalent (before
enrolment) or incident (after enrolment).

Statistical analyses

The cross-sectional association between IGF-1 and prevalent type 2 diabetes
was assessed by means of logistic regression model adjusting for age at
recruitment, sex and body mass index (BMI).

Participants without diabetes mellitus at baseline were followed until the
occurrence of type 2 diabetes, mortality or loss of follow-up, whichever
occurred first. The association between IGF-1 levels (as continuous and
stratified variables) and incidence of type 2 diabetes in the UK Biobank cohort
was assessed using Cox proportional hazard models. Participants were
categorized into five groups based on quintiles of IGF-1 concentration.
Quintile 1 (lowest 20%) and quintile 5 (highest 20%) were used separately as
reference groups to calculate the hazard ratio (HR), respectively. Potential
confounders included sex, age at recruitment and baseline BMI based on
height and weight measured at the assessment centers. The analyses were
conducted in R using the survival package (version 3.2-7) [17]. The Kaplan
Meier curve was plotted to visualize the difference of survival probability
between IGF-1 quintiles and whether the proportionality assumption holds.

Mendelian randomization analyses
Exposure data source
Genotyping and genetic imputations

Genome-wide genotype data for all 500,000 UK Biobank participants
generated using Affymetrix UK BiLEVE Axiom array (initial 50,000
participants) and the Affymetrix UK Biobank Axiom Array (remaining
450,000 participants), which genotyped around 850,000 variants. All genetic
data were quality controlled centrally by UK Biobank resources. In addition,
UK Biobank resources performed centralized imputations on approximately
96 million genotypes using the UK10K haplotype [18], 1000 Genomes Phase
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3 [19], and Haplotype Reference Consortium (HRC) reference panels [20].
Autosomal SNPs were pre-phased using SHAPEIT3 and imputed using
IMPUTE4. Related individuals were identified by estimating kinship
coefficients for all pairs of samples using only markers weakly informative
of ancestral background. More information on the genotyping processes and
genetic imputation can be found online
(https:/ /biobank.ctsu.ox.ac.uk/ crystal /label.cgi?id=263)

Genome-wide association analyses

Genome-wide association studies (GWAS) on continuous IGF-1
concentrations were performed on all European individuals to provide a list
of independent lead SNPs to be used as instrumental variables for exposure
(IGF-1) in the MR analyses. Analyses were performed using linear mixed
models implemented in the program BOLT_LMM (version 2.3.2) [21]. We
adjusted the analyses for age, sex and the first 10 principal components, and
corrected for the Kinship matrix to correct for familial relationships in the UK
Biobank population. Analyses were done on the autosomal chromosomes
only. SNPs with a minor allele frequency <0.01 as well as SNPs with an
imputation quality <0.3 were excluded. P-values of SNPs smaller than 5e*®
were extracted and stored for the MR analyses. Visualization of the results
was performed using the R-based packages ggplot2 [22] and EasyStrata [23]
(www.genepi-regensburg.de/easystrata).

Outcome data source

For this analysis, the instruments for outcome (type 2 diabetes) were acquired
from the DIAGRAM Consortium, which is a publicly-available summary-
statistics GWAS meta-analysis of European ancestry comprising 32 studies
and 898,130 individuals (74,124 type 2 diabetes cases and 824,006 controls)
[24].

The summary statistics of outcome for glycated haemoglobin (HbAlc),
fasting glucose, C-reactive protein (CRP) level and BMI were retrieved from
an online source (https:/ / gwas.mrcieu.ac.uk/) under the GWAS IDs ieu-b-
104 (HbaAlc, N = 46,368), ieu-b-114 (fasting glucose, N = 133,010), ieu-b-35
(CRP, N = 204,402) and ieu-b-40 (BMI, N = 681,275).
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Mendelian randomization analyses

Two-sample MR was performed with summary-based statistics of GWAS
using the R-based statistical package Two Sample MR (available at:
http:/ /github.com /MRCIEU / TwoSampleMR) [25]. This statistical package
also connects to a large library of exposures from published GWAS to use as
instrumental variables, which is aligned with the online GWAS catalogue.

For the present study, we performed clumping process (window
size=10,000 kb, R2<0.001) with the European samples from the 1000
genomes project which were used to estimate linkage disequilibrium (LD)
between SNPs. Among the pairs of SNPs with R2 above the specified
threshold (R2=0.001), only the SNPs with the lowest P-value were retained
to provide a list of independent lead SNPs from the MR analyses. Otherwise,
the statistical power of MR analyses would be overestimated (e.g.,
underestimated standard errors of the summary estimates of the MR
analyses). SNPs present in UK Biobank, but absent from the LD reference
panel, were removed. On the basis of the significant independent lead SNPs
(P-value<5e-8), we assessed their possible association with type 2 diabetes.

Methods for MR analyses of summary-level data based on a two-sample
design have been described in detail previously [26, 27]. Using inverse-
variance-weighted (IVW) analyses, we combined the effects of the individual
genetic instruments to obtain a genetically-determined association between
exposure and outcome under the assumption of the absence of horizontal
pleiotropy. However, given the large number of genetic instruments
included in the present analyses, there is a high probability that at least some
SNPs show pleiotropic effect. To test whether possible pleiotropic effects
could bias the overall effect estimates (horizontal pleiotropy), we performed
the sensitivity analyses MR Egger regression [28] and weighted median
estimator (WME) analyses [29]. MR Egger does not force the regression line
through the intercept and is, therefore, able to test for the presence of
directional pleiotropy, and WME estimator assumes at least 50% of the
instruments included in the MR analyses were valid.

Clustered Mendelian randomization analyses
Clustered MR analyses were conducted to identify groups of genetic variants

that have similar causal estimates of the exposure on the outcome, which has
been described in detail previously[15]. Briefly, this method performs
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likelihood-based clustering on a sample of ratio-estimates and standard
errors of genetic variants. A MR-Clust mixture model is firstly built for ratio
estimates and the mixture proportion for cluster k, after which these two
parameters are estimated by using expectation-maximization (EM) algorithm
and optimized by using maximum likelihood estimates (MLE). This MR-
Clust mixture model automatically accounts for the possibilities that some or
all of the ratio-estimates may be drawn under two distribution — a null
distribution (the ratio-estimates are centered around zero) and a junk
distribution (highly dispersed ratio-estimates considered as outliers in the
sample). The presence of null and junk clusters minimizes false-positive
findings from the model and no need to interpret. The maximization step to
optimize the parameter values resembles the inverse-variance weighted
estimates of the causal effect of the exposure on the outcome. Lastly, the
number of substantive clusters are estimated based on the values derived
from MLEs for each value of k possible substantive clusters by minimizing
the Bayesian information criterion (BIC) which helps to avoid
overparameterization. Therefore, if the causal estimates of each genetic
variant on the outcome were similar (e. 8. their ratio-estimates were similar
in direction, magnitude and precision), it was divided into different clusters
in which the included genetic variants were more homogeneous concerning
the causal estimates. The inclusion probability of SNPs in each cluster was
higher than 0.8.

In order to identify distinct causal effects of genetic variants derived from
GWAS of continuous IGF-1 levels on type 2 diabetes, we made use of the R-
based MR-Clust package (https:/ /github.com/cnfoley/mrclust). MR-Clust
performs likelihood-based clustering on Wald ratio-estimates and
accompanied standard errors. Genetic instruments within a cluster share
similar causal estimates (e.g., Wald ratio-estimates are similar in direction,
magnitude and precision) of the causal effect of the exposure on the outcome.
MR analyses were repeated on all clusters to investigate the causal effects of
each cluster on type 2 diabetes. The stability of the clusters was measured by
repeating the same analyses using 1000 randomly generated subsets
containing 200 SNPs and with the full set of 332 SNPs associated with IGF-1
levels. In addition, cross-validation analyses were performed by randomly
sub-dividing the UKB participants into two subsets and repeating the same
clustered MR analyses within each subset of the UKB.

Pathway analyses
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We performed pathway analysis on all the six IGF-1 clusters to provide
insights into biological pathways which could explain for the heterogeneity
between causal estimates of genetic variants in different clusters on type 2
diabetes. Gene candidates of each locus were determined with the SNP2Gene
function of FUMA (the Functional Mapping and Annotation of Genome-
Wide Association Studies platform) [30], where we used a 20kb positional
map and included genes whose expression was associated with the locus in
GTEXx v8. Gene candidates of a locus that were also linked to a gene that had
a clear biological relation to IGF-1 were excluded from the analysis.
Specifically, we defined the list of prioritized genes as IGF1, IGF2, INS,
IGFALS, GHR, GHSR, GH1, GH2, AKT3, FOXO3, which we based on their
overlap with the IGF1 gene in the pathway databases that we used in the
subsequent analysis.

Pathway analysis was performed using the pathway definitions of the KEGG
(a bioinformatics resource for deciphering the genome) and Reactome
database, which were downloaded from ConsensusPathDB [31] on 28-10-
2021. Gene sets with more than 1000 genes or less than 2 were excluded. Since
genes with a shared function sometimes colocalize on the genome, we
developed a novel method for performing overrepresentation analysis that
corrects for the inflation induced by the colocalization effect. In detail, we
defined gene clusters of similar function and close proximity on the genome
by merging all genes that were within a 100kb distance on the genome
(GENCODE v38) and that co-occurred in at least one pathway. This operation
reduced the total number of genes that were covered in the KEGG and
Reactome pathways from 11855 to 9123 gene clusters and is completely
independent from the set of gene candidates obtained from the GWAS results.
Subsequently the pathway gene sets and the gene candidate set were mapped
on the gene clusters, and the overrepresentation was done in terms of the
gene clusters where loci that mapped multiple times to genes within the same
cluster were counted only once. Overrepresentation analysis was done using
Fisher’s exact test and results were corrected for multiple testing with the
Benjamini Hochberg procedure where pathways with the same definition
were counted as one. Only pathways with false discovery rate (FDR) > 0.1
were shown in the present study.

In addition, as follow-up analyses, we conducted two-sample MR analyses

to associate IGF-1 and several metabolic traits related to type 2 diabetes
including HbA1c, fasting glucose, CRP and BMI.
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Results

Characteristics of the study population

In total, 451,232 European participants without diabetes mellitus at baseline
were included in our study of whom 13,247 developed type 2 diabetes in up
to 12 years of follow-up (Table 1). Of the participants not developing type 2
diabetes, 55.7% were women, the mean age at recruitment was 56.5 (SD=8.1)
years, the average BMI was 27.1 (SD=4.5) kg/m? and the mean IGF-1 levels
were 21.5 (SD=5.6) nmol /L. Of the participants developing type 2 diabetes
during follow-up, women accounted for 41.9%, the mean age at recruitment
was 59.3 (SD=7.2) years, the average BMI was 31.7 (SD=5.6) kg/m? and the
mean IGF-1 level was 19.9 (SD=6.5) nmol /L.

Table 1 Characteristics of the UK Biobank study population for prospective analyses

Controls Cases Total
N 437985 13247 451232
Age at recruitment, in years 56.5 (8.1) 59.3(7.2) 56.6 (8.0)
Time to diagnosis, in years - 5.3(2.5) -
% of women 55.7 419 55.3
BM]I, in kg/m? 27.1 (4.5) 31.7 (5.6) 27.2 (4.6)
IGF-1 levels in nmol /L 21.5 (5.6) 19.9 (6.5) 21.5 (5.6)

Data presented as means with standard deviation (SD) or as stated otherwise. Information on
BMI was missing for 7599 controls and 417 cases. Information on age at diagnosis was missing
for 1228 cases. Information on IGF-1 levels is missing for 29889 controls and 990 cases. IGF-1:
insulin-like growth factor-1; BMI: body mass index.

Association between IGF-1 and prevalent and incident type 2 diabetes

The cross-sectional analyses showed that a higher level of IGF-1 was
significantly associated with a lower odds of prevalent type 2 diabetes (Odds
ratio: 0.98; 95% CI: 0.97-0.98, per nmol/L increase of IGF-1).

Multivariable-adjusted Cox proportional hazard model analyses were
performed to evaluate the association between IGF-1 levels (as quintile and
continuous variables) and incident type 2 diabetes. Kaplan Meier curve
(Figure 1) illustrated that participants in the lower IGF-1 quintiles (quintile
land 2) had proportionally lower risk of type 2 diabetes compared to
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participants in the higher quintiles (quintile 3, 4 and 5), which is consistent
with the result of Cox proportional hazard model when IGF-1 is assessed as
a continuous variable. The results showed higher level of IGF-1 are
associated with lower risk of incident type 2 diabetes with HR of 0.98 per
nmol /L IGF-1 and 95% confidence interval (CI) of 0.97-0.98.

More specifically, individuals in quintile 2 had a lower risk of type 2 diabetes
(HR: 0.77; 95% CI: 0.73-0.81) than individuals in quintile 1 (Table 2), as did
those in quintile 3 (HR: 0.70; 95% CI: 0.66-0.74), quintile 4 (HR: 0.68; 95% CI:
0.64-0.72) and quintile 5 (HR: 0.76; 95% CI: 0.72-0.81). Taking participants in
quintile 5 as the reference group, a higher risk was observed in quintile 1 (HR:
1.31; 95% CI: 1.23-1.39), and those in quintile 3 (HR: 0.92; 95% CI: 0.86-0.98)
and 4 (HR: 0.89; 95% CI: 0.83-0.95) had a lower risk of developing type 2
diabetes.

Table 2 Hazard ratio of incident type 2 diabetes according to quintiles of insulin-like growth
factor-1 concentration

Quintile Quintile Quintile Quintile4  Quintile

1 2 3 5

Ranges of IGF-1  1.44-16.73  16.73- 19.93- 22.63-25.77  25.77-

(nmol/L) 19.93 22.63 126.77

Hazard ratio Reference  0.77 (0.73- 0.70 (0.66- 0.68 (0.64- 0.76

95% CI) 0.81) 0.74) 0.72) (0.72-
0.81)

Hazard ratio 1.31(1.23- 1.01(0.94- 0.92(0.86- 0.89(0.83- Reference

95% CI) 1.39) 1.07) 0.98) 0.95)

*This table presents the hazard ratio (HR) and 95% confidence interval (CI) of incident type 2
diabetes by insulin-like growth factor-1 concentration in quintiles. The second row showed
hazard ratios of incident type 2 diabetes using quintile 1 as reference group. The third row
showed hazard ratios of incident type 2 diabetes using quintile 5 as reference group. IGF-1:
insulin-like growth factor-1
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Quintiles of insulin-like growth factor-1: === Quintile 1 === Quintile 2 === Quintile 3 === Quintile 4 === Quintile 5
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Figure 1 Kaplan Meier survival curves displaying the time to develop incident type 2 diabetes
by quintiles of insulin-like growth factor-1 concentrations. The x-axis presents days of follow-
up and the y-axis presents overall survival probability. Censoring is indicated by vertical
marks.

Mendelian Randomization analyses

There were 95,877 significant SNPs (P<5e-8) identified in the GWAS of
continuous IGF-1 (Supplementary Figure S1) of which 387 independent lead
SNPs were derived. After quality control performed by the TwoSample MR
package (e.g. excluding palindromic SNPs and SNPs with intermediate allele
frequencies), 323 SNPs were used in the MR analyses (Supplementary Table
S1). The MR estimates assessing the effect of IGF-1 on type 2 diabetes showed
that a 1 nmol/L increase in IGF-1 was associated with a 1% higher risk of
type 2 diabetes in the IVW analyses (OR: 1.01; 95% CI: 1.00-1.02). Similar
results were obtained from MR Egger (OR: 1.02; 95% CI: 1.00-1.05) and WME
analyses (OR: 1.01; 95% CI: 1.00-1.02).

Clustered Mendelian randomization analyses
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We observed large heterogeneity in the individual MR effect estimates
(Figure 2) as was also evidenced by the Q statistic (P=4.03¢'%). The
individual MR effect estimates were clustered into a total of 6 clusters with
an inclusion probability of SNPs higher than 0.8 (Figure 3, Supplementary
Table S2). MR estimates from different methods assessing the effect of 6
clusters on type 2 diabetes are presented in Figure 4, Table 3 and
Supplementary Figure S2. In cluster 1 (IVW: OR:1.54, 95% CI:1.43-1.65),
cluster 2 IVW: OR:1.03, 95% CI:1.02-1.04) and cluster 5 IVW: OR:1.20, 95%
CI:1.18-1.22), higher levels of IGF-1 level were associated with a higher risk
of type 2 diabetes. On the other hand, cluster 3 IVW: OR:0.92, 95% CI:0.91-
0.94), cluster 4 IVW: OR:0.62, 95% CI:0.58-0.67) and cluster 6 (IVW: OR:0.80,
95% CI:0.76-0.85) showed that higher levels of IGF-1 were associated with
lower risk of type 2 diabetes. The results from sensitivity analyses by using
weighted median estimator and MR-Egger did not materially differ from the
result of the IWV method. The results from the stability test of the MR clust
produce demonstrated IGF-1 clusters were consistently constructed across
different random subsets of IGF-1 SNPs and across different runs with the
same set of 332 IGF-1 SNPs (Supplementary Figure S3 and S4). The cross-
validation analyses also provide evidence that at least 3 clusters for IGF-1 are
reproducible (Supplementary Figure S5 and S6)
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Figure 2 Scatter plots of the MR effect estimates of continuous IGF-1 on type 2 diabetes derived
from different MR tests. The x-axis is the genetic association between SNPs and IGF-1 and the
y-axis is the genetic association between SNPs and type 2 diabetes. Analyses were conducted
using the inverse variance weighted, weighted median and MR Egger methods. The slope of
each line presents the estimated MR effect for each method. MR: Mendelian Randomization;
IGF-1: insulin-like growth factor-1; SNPs: single nucleotide polymorphisms.
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Figure 3 Scatter plots of the MR effect estimates of continuous IGF-1 on type 2 diabetes for
clustered MR analyses. The x-axis is the genetic association between SNPs and IGF-1 and the y-
axis is the genetic association between SNPs and type 2 diabetes. MR: Mendelian
Randomization; IGF-1: insulin-like growth factor-1; SNPs: single nucleotide polymorphisms.
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No. SNPs Odds Ratio 95%ClI

Cluster 1

VW 3 - 1.54 1.43-1.65
Weighted Median 3 — 1.54 1.38-1.72
MR-Egger 3 —_— 1.54 1.00-2.57
Cluster 2

VW 41 = 1.03 1.02-1.04
Weighted Median 41 1.03 1.01-1.04
MR-Egger 41 . 1.01 0.99-1.04
Cluster 3

VW 17 . 0.92 0.91-0.94
Weighted Median 17 . 0.93 0.91-0.95
MR-Egger 17 - 0.93 0.90-0.96
Cluster 4

vw 4 - 0.62 0.58-0.67
Weighted Median 4 — 0.64 0.56-0.73
MR-Egger 4 —_— 0.52 0.38-0.72
Cluster 5

VW 18 . 1. 1.18-1.22
Weighted Median 18 . 1.21 1.18-1.24
MR-Egger 18 - 11 1.14-1.23
Cluster 6

VW 3 - 0.80 0.76-0.85
Weighted Median 3 - 0.80 0.75-0.86
MR-Egger 3 — 0.91 0.70-1.17

0.35 0.50 0.71 1.0 1.41 20 283

Figure 4 Forest plot of the MR estimates and MR sensitivity analyses for the 6 clusters of
genetically-predicted IGF-1 levels on type 2 diabetes. Odds ratios measured the associations
between IGF-1 clusters and type 2 diabetes. No. SNPs: number of SNPs used in the separate
MR analyses; 95% CI: 95% confidence interval; MR: Mendelian Randomization; IGF-1: insulin-
like growth factor-1; SNPs: single nucleotide polymorphisms.

Table 3 Mendelian Randomization effect estimates derived from different methods for 6
clusters on type 2 diabetes

Clusters ONqun&?)ir il;;fgrﬁfe\éanance Weighted median MR Egger
OR (95% CI) OR (95% CI) OR (95% CI)

Cluster1 3 1.54 (1.43-1.65) 1.54 (1.38-1.72) 1.60 (1.00-2.57)
Cluster2 41 1.03 (1.02-1.04) 1.02 (1.01-1.04) 1.01 (0.99-1.04)
Cluster3 17 0.92 (0.91-0.94) 0.93 (0.91-0.95) 0.93 (0.90-0.96)
Cluster4 4 0.62 (0.58-0.67) 0.64 (0.56-0.73) 0.52(0.38-0.72)
Cluster5 18 1.20 (1.18-1.22) 1.21 (1.18-1.24) 1.19 (1.14-1.23)
Cluster6 3 0.80 (0.76-0.85) 0.80 (0.75-0.86) 0.91 (0.70-1.17)

*This table presents the odds ratio (OR) and 95% confidence interval (CI) of associations
between 6 clusters and type 2 diabetes. SNPs: single nucleotide polymorphisms.
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Pathway analyses

Gene candidates for each SNPs and genes used for the following pathway
analyses can be found in Supplementary Table S3. For the pathway analyses,
we found that cluster 2 and cluster 3 were mapped to specific pathways.
Cluster 2 mapped to 11 pathways including metabolism of xenobiotics by
cytochrome P450 and chemical carcinogenesis (Supplementary Figure S7,
Supplementary Table S4). Cluster 3 mapped to 6 pathways including
growth hormone synthesis, secretion and action, prolactin receptor signaling
and growth hormone receptor signaling (Supplementary Figure S8,
Supplementary Table S5). Clusters 1, 4, 5 and 6 did not map to any specific
pathway.

Follow-up analyses of the clusters in relation to other traits

The results of follow-up analyses using two-sample MR are shown in
Supplementary Table S6. Using IVW, high genetically-influenced IGF-1
through cluster 2, 3 and 6 were associated with higher HbAlc. In addition,
high genetically-influenced IGF-1 through cluster 5 and cluster 6 were
associated with lower CRP and high genetically-influenced IGF-1 through
cluster 5 was also associated with lower fasting glucose. In general, results
were (directionally) consistent in the weighted median and MR-Egger
sensitivity analyses.
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Discussion and conclusion

In this study, we investigated the association of IGF-1 and type 2 diabetes
using prospective multivariable-adjusted survival analyses followed by MR
and clustered MR analyses in the UK Biobank. The results from the MR
analyses showed that a genetically-influenced higher level of IGF-1 was
associated with a higher risk of type 2 diabetes, which was in contrast to the
result from the prospective analyses showing that a higher concentration of
IGF-1 was associated with a lower risk of type 2 diabetes. Since the
underlying individual genetic instruments showed a heterogeneous
distribution of MR effect estimates, clustered MR identified 6 clusters of
genetic instruments for IGF-1 with different associations with type 2 diabetes,
which mapped to distinct molecular pathways. Collectively, our results
indicate that the association between IGF-1 and the risk of developing type 2
diabetes is context-dependent.

Findings from other prospective studies regarding the association between
IGF-1 and type 2 diabetes have been inconsistent. Our results from the
prospective analyses were in line with another cohort study showing high
levels of IGF-1 were associated with a lower risk of type 2 diabetes mellitus
risk during 4.5 years of follow-up [7]. However, some nested case-cohort
studies suggested there was no association between total IGF-1 levels and the
risk of type 2 diabetes [32, 33]. In addition, a cohort study found that the
association between free IGF-1 and type 2 diabetes was dependent on the
level of insulin in women [34]. Interestingly, a recent study that used a data
driven approach to metabolically subtype the UK biobank participants found
that the subgroup associated with increased prevalence and incidence of type
2 diabetes exhibited a decreased level of IGF-1[35] . The inconsistency of these
findings reinforces the notion that the association between IGF-1 and type 2
diabetes is context-dependent which is in line with the distinct biological
mechanisms identified by the clustered MR analyses in our study.

Many studies found a J- or U- shaped association between IGF-1 and type 2
diabetes [7, 36] or insulin resistance [37]. For example, one study showed that
individuals with both low- or high- IGF-1 levels were at increased risk of
developing diabetes in a prospective cohort study [36]. Similarly, a U-shaped
association between IGF-1 and measures of insulin resistance was found in a
cross-sectional study in Danish adults [37]. Partly in line with these results,
we observed a J-shaped relationship between IGF-1 and type 2 diabetes with
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particularly low levels of IGF-1 to be associated with an increased risk of
developing type 2 diabetes.

The result of MR analyses of continuous IGF-1 and type 2 diabetes in our
study was supported by a recent publication showing genetically determined
higher levels of IGF-1 were associated with increased risk of developing type
2 diabetes [38]. However, we observed large between-SNP heterogeneity,
and the MR effect estimates were not proportional to each other. We
identified 6 main clusters of IGF-1 genetic instruments with distinct effects
on type 2 diabetes by using clustered MR. After mapping the genetic
instruments to genes and overrepresentation analysis using the KEGG and
Reactome databases, several clusters were mapped to specific pathways.

To gain insight in the biological basis of the identified IGF-1 genetic clusters
in relation to type 2 diabetes, we performed pathway analyses and identified
2 clusters associated with specific pathways. Cluster 2 (in which higher
genetically-influenced IGF-1 was associated with a higher risk of type 2
diabetes) mapped to multiple pathways including metabolism of xenobiotics
by cytochrome P450 and chemical carcinogenesis. In addition, in MR follow-
up analyses using two-sample MR showed cluster 2 was associated with
higher HbA1c, which supports our findings on type 2 diabetes. However, the
exact interpretation of this cluster is complicated, and requires additional
research. It is tempting to speculate that since the cytochrome P450 system is
likely involved in the breakdown of HbAlc, it influences the risk of type 2
diabetes by affecting the residence time of HbAlc in blood. In support of this
notion, a direct effect of IGF-1 on the cytochrome P450 system has been
demonstrated before [39].

Cluster 3 (in which a higher level of genetically-influenced IGF-1 was
associated with a lower risk of type 2 diabetes) was mapped to pathways
related to GH synthesis, secretion and action, and GH receptor signaling.
However, counterintuitively, cluster 3 was associated with higher levels of
HblAc, despite being associated with a lower risk of type 2 diabetes.
Although this finding seems difficult to interpret, this could mean that as
IGF-1 plays an important role in growth and development, higher IGF-1 may
have resulted in a larger pancreas, which confers an advantage in a non-
diabetic situation (as what was used in the Hb1Ac analyses), by enabling a
stronger response to rising glucose levels, resulting in lower HbA1C.
However, under conditions of chronically elevated insulin demand, such a
stronger pancreatic response may in the end cause an accelerated exhaustion
of the insulin production and give a rapid development of a more insulin-
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dependent-like phenotype of type 2 diabetes. Previously, IGF-1 has been
shown to interact with beta cells[40], and to have direct effects on pancreas
development and beta cell compensation to insulin resistance [41]. In support
of the biological interpretation of the genes mapped to cluster 3,
dysregulation of GH receptor signaling and the GH-IGF-1 axis can lead to
multiple diseases such as type 2 diabetes. Mice with liver IGF-1 deficiency
had a fourfold increase in GH levels. Upon treatment with a GH antagonist,
these mice had decreased blood glucose and insulin levels and increased
peripheral insulin sensitivity compared with mice with liver IGF-1 deficiency.
These data indicate that the GH/IGF-1 axis plays a balancing role in insulin
sensitivity and thus type 2 diabetes [42]. In addition, an epidemiological
cross-sectional study showed that IGF-1 was associated with type 2 diabetes
risk, but this association varied depending on the insulin levels: in
individuals with low levels of insulin IGF-1 decreased type 2 diabetes risk
and in individuals with high levels of insulin IGF-1 increased type 2 diabetes
risk [34].

The main strength of our study is the extremely large sample size allowing
stratification of the genetic instruments with sample statistical power. A
limitation of the present study is that the IGF-1 level used was total IGF-1
concentration and not free IGF-1 (e.g., relative to the concentration of IGF
binding proteins). Furthermore, the study was performed in a study of
European-ancestry participants. Translation of the results to participants of
non-European ancestry should be done with caution. Although the SNP-
outcome dataset (DIAGRAM) used in two-sample MR analyses had an
overlap of 49.3% with the SNP-exposure dataset (UKB only), we expect that
the effect of this overlap is limited given the very large sample size, since it
has been shown that one sample MR performs well in large samples [43]. In
addition, non-fasting blood sampling has likely resulted in somewhat
increased variation in IGF-1 concentration and consequently a slight
reduction in statistical power[44]. However, given that this variation is most
likely independent from genetic make-up, no bias in the results was expected
from this. Although sensitivity analyses in a random subset of the UK
Biobank and clustering using random subsets of SNP-exposure relationships
gave similar results, results warrant replication in an independent sample
using SNP-exposure associations derived from a fully independent study
sample. Lastly, as our multivariable-adjusted cox-proportional hazard
models indicated a possible non-linear association between IGF-1 levels and
type 2 diabetes, this was not taken into account in the MR analyses which
were done on continuous levels. Whether the different clusters could
possibly contribute to a non-linear association is currently not known.
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Furthermore, the more recently introduced methods for non-linear MR were
not applicable here given the overlap in the SNP-exposure and SNP-outcome
dataset (both UK Biobank); the extend of bias introduced by one sample non-
linear MR (which was shown to be limited for the more classical two-sample
MR methodologies [43]) is currently unknown.

In conclusion, from clustering analyses, we found that genetically
determined IGF-1 was associated with both a higher and a lower risk of
development of type 2 diabetes, which is likely mediated by distinct
biological mechanisms. Therefore, the total concentration of IGF-1 does not
provide insight into the risk of developing type 2 diabetes.
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Genome-Wide Gene-Sleep Interaction

Abstract

We performed large-scale genome-wide gene-sleep interaction analyses on
lipid levels to identify novel genetic variants underpinning the biomolecular
pathways of sleep-associated lipid disturbances and to suggest possible
druggable targets. We collected data from 55 cohorts with a combined
sample size of 732,564 participants (87% European ancestry) with data on
lipid traits (high-density lipoprotein [HDL-c] and low-density lipoprotein
[LDL-c] cholesterol and triglycerides [TG]). Short (STST) and long (LTST)
total sleep time were defined by the extreme 20% of the age- and sex-
standardized values within each cohort. Based on cohort-level summary
statistics data, we performed meta-analyses for the one-degree of freedom
tests of interaction and two-degree of freedom joint tests of the main and
interaction effect. In the cross-population meta-analyses, the one-degree of
freedom variant-sleep interaction test identified 10 loci (Pint<5.0e-9) not
previously observed for lipids. Of interest, the ASPH locus (TG, LTST) is a
target for aspartic and succinic acid metabolism previously shown to
improve sleep and cardiovascular risk. The two-degree of freedom analyses
identified an additional 7 loci that showed evidence for variant-sleep
interaction (Pjoint<5.0e-9 in combination with Pint<6.6e-6). Of these, the
SLC8AL1 locus (TG, STST) has been considered a potential treatment target
for reduction of ischemic damage after acute myocardial infarction.
Collectively, the 17 (9 with STST; 8 with LTST) loci identified in this large-
scale initiative provides evidence into the biomolecular mechanisms
underpinning sleep-duration-associated changes in lipid levels. The
identified druggable targets may contribute to the development of novel
therapies for dyslipidemia in people with sleep disturbances.
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Introduction

Serum levels of high-density lipoprotein cholesterol (HDL-c), low-density
lipoprotein cholesterol (LDL-c) and triglycerides (TG) are well-characterized
risk factors for atherosclerotic cardiovascular disease [1-4]. High LDL-c and
TG concentrations have also been shown to causally impact atherosclerotic
cardiovascular disease onset [5, 6]. Serum lipid levels are influenced by both
environmental and genetic factors [7], and large-scale efforts have identified
hundreds of loci associated with increased lipid levels [8-15].

Sleep disturbances are increasingly recognized as important modifiable risk
factors for various metabolic diseases including atherosclerotic
cardiovascular disease and type 2 diabetes [16, 17]. In 2022, sleep duration
was added to the Life’s Essentials by the American Heart Association,
highlighting the recognition of sleep duration as being important in
cardiovascular prevention [18]. Both short and long self-reported habitual
sleep duration have been associated with adverse (atherogenic) lipid profiles
in epidemiological cohort studies [19-23], and recent Mendelian
Randomization studies suggest that both short and long habitual sleep
durations as potential causal risk factors for atherogenic cardiovascular
disease [24-26]. However, despite these findings, the biomolecular
mechanisms underpinning sleep-associated atherogenic cardiovascular
disease risk are still poorly understood. Examining gene-lifestyle interactions
can be an important tool to identify additional genetic variants associated
with the trait of interest as well as provide insights into the biomolecular
mechanisms underpinning the trait-outcome association [27, 28]. In
previously conducted gene-lifestyle interaction projects performed within
the Cohort for Heart and Aging Research in Genomic Epidemiology
(CHARGE) consortium [29, 30] Gene-Lifestyle Working Group [27], we
identified multiple loci interacting with lifestyle exposures to lipid levels [31-
34]. In particular, we performed a meta-analysis of 126,926 (predominantly
European-ancestry; 20% of the participants defined as having either short or
long sleep duration) individuals, which identified multiple loci associated
with lipid profiles in the context of short and long sleep duration. Our results
particularly suggested that the effect of long sleep duration and short sleep
duration may modify lipid profiles through distinct biological pathways [31].

In recent years, more data has become available from large biobank

initiatives (i.e., UK Biobank and the Million Veteran Program [35, 36]). These
data provide an opportunity to increase the sample size substantially in a
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more diverse study population to allow improved statistical power for the
detection of additional gene-by-sleep duration interactions on serum lipid
levels. Ultimately, such efforts can improve our understanding of the
biomolecular mechanisms underpinning sleep-associated lipid disturbances.
Here, we conducted a new and updated multi-population sleep duration-by-
gene interaction study on lipid profiles in 732,564 participants from five
population groups (African [AFR], East Asian [EAS], European [EUR],
Hispanic/Latino [HIS] and South Asian [SAS]).
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Methods

Overall study design

The study was designed to include cohorts that collected questionnaire-
based data on habitual total sleep time and measured blood lipids levels (TG,
LDL-c and/or HDL-c). Genome-wide genexsleep interaction analyses were
performed separately by each participating study (and separately for each
population group: (AFR, EAS, EUR, HIS, and SAS) following a standardized
analysis protocol. Participants 18 years and older were included if they
reported a total sleep time between 3 and 14 hours. For studies having
habitual total sleep time and lipid levels collected at multiple rounds of visits,
the visit with the largest sample size was selected for analysis. Statistical
analyses were performed for men and women combined as well as separately
for men and women to observe potential effect modification of the variant-
sleep interaction effect by sex. Data were subsequently aggregated centrally
for quality control and meta-analyses. When applicable, the analysis protocol
was reviewed and approved by institutional review boards. Each
contributing study was approved by local medical ethics committees and
each participant provided written informed consent, in line with the
declaration of Helsinki. More information on the individual cohorts is
presented in the Online Supplement.

Harmonization of Exposure Variables

Data on habitual total sleep time were collected through questionnaires using
questions like “On an average day, how long do you sleep?” to calculate short
total sleep time (STST) and long total sleep time (LTST). STST and LTST were
derived by regressing sleep time on age, sex, and agexsex, or as indicated
otherwise (Supplementary Table 2). The derived residuals’ 20" and 80™
percentiles were used as cutoffs: STST=1 if < 20* percentile (otherwise “0”);
LTST=1 if > 80" percentile (otherwise “0”).

Harmonization of Outcome Variables
We considered 3 lipid traits as outcome variables: LDL-c, HDL-c and TG. For

most cohorts, fasting (=8 hours) LDL-c and TG were used. In UK Biobank (N
= 359,962 for the combined sample; 49.1% of the total sample) participants
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were not asked to fast prior to blood samples, and therefore the vast majority
(>90%) had no =8 hours fasting time. For LDL-c and TG, analyses in UK
Biobank were done separately for those meeting the fasting criteria and those
who did not, and considered as separate cohorts in subsequent meta-analyses.
LDL-c was either directly assayed or derived using the Friedewald
equation (the latter restricted to those with TG <400 mg/dL)[37]. LDL-c was
corrected for the use of lipid-lowering drugs, defined as any use of a statin
drug or any unspecified lipid-lowering drug after the year 1994 (when statin
use became common in general clinical practice). If LDL-c was directly
assayed, the concentration of LDL-c was corrected by dividing the LDL-c
concentration by 0.7. Otherwise (i.e. if LDL-c was derived using the
Friedewald equation), then we first divided the concentration of total
cholesterol by 0.8 before LDL-c calculationDue to the skewed distribution of
HDL-c and TG, we natural log-transformed the concentration prior to the
analyses. No transformation for LDL-c was required. All lipid levels were
winsorized at 6 standard deviations from the (transformed) mean.

Individual cohort data analyses

Genotype data were restricted to autosomal chromosomes, imputation
quality R* 20.3 and minor allele frequency (MAF) 20.05% (Supplementary
Table 1). After data harmonization, each population-group specific cohort
ran 2 regression models for 18 phenotype-exposure-sex combinations (3
phenotypes x 2 exposures x All/Men/Women). Below E denotes the sleep
exposure (STST or LTST), Y denotes the lipid trait (LDL-c, HDL-c, TG), and
C denotes the vector of covariates mentioned above specific to E. Analyses
were preferably conducted by each cohort using either of the three software :
LinGxEScanR v1.0 (https:/ /github.com/USCbiostats / LinGxEScanR), GEM
v14.1 (https://github.com/large-scale-gxe-methods/GEM), or MMAP
(https:/ / github.com/MMAP /MMAP.github.io) with robust standard errors
(SEs) enforced [38] (Supplementary Table 1). In cohorts with related
participants, null model residuals (regressing lipid traits on a kinship
matrix/ genetic covariance matrix) were formulated as the lipid outcome.

The two regression models performed included one-degree of freedom (df)
tests for examining the variant-sleep interaction effects, and the two-df-joint
test that simultaneously assesses the variant-main and variant-sleep
interaction effects [39]. Covariates included population specific principal
components of the genotype matrix, cohort-specific confounders (e.g., study
center), age, age?, sex, agexS/LTST, age?xS/LTST, and sexxS/LTST. Finally,
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for a fair comparison of our results with the existent (e.g., standard genome-
wide association model for comparison [15]), we also conducted a standard
marginal genetic effect model without the consideration of STST or LTST
within the same study sample as the variant-interaction analyses.

Centralized cohort-level and meta-level quality control

Cohort-level summary statistics were processed centrally. For quality control
(QC), we used the EasyQC2 software (www.genepi-regensburg.de/easyqc2)
package in R [40]. Data were filtered for degrees of freedom >20 calculated as
minor allele count * imputation quality within the unexposed, the exposed,
and the total sample. When required, hg37 genomic coordinates were lifted
over to hg38 genomic coordinates. Allele frequency discrepancies relative to
population-matched TOPMed-imputed 1000G reference panels (Trans-
Omics for Precision Medicine imputed 1000Genomes) were assessed, along
with genomic control (GC) lambda inflation. Next, meta-level quality control
was conducted within population groups (AFR: 13 cohorts, EAS: 5 cohorts,
EUR: 30 cohorts, HIS: 7 cohorts, SAS: 1 cohort), with the evaluation of the
improper transformation of the outcome variables, unstable numerical
computation, or alarming inflation.

Meta-analyses

Meta-analyses were performed for each population group separately and
further combined in a cross-population meta-analyses (CPMA). This resulted
in a total of 18 meta-analyses per combination of sleep exposure and lipid
trait: five population groups (EUR, HIS, EAS, AFR, SAS) and CPMA, and 3
sex groups (all, women, men). Four tests were considered: the marginal
genetic effect (Byz ), the main genetic effect from the interaction model
(Bwmi_c), the interaction effect (Bmi o), and the joint main and interaction
effects (Bui_c, Bui_cxe) with cohort-level GC correction to correct for possible
inflation [41]. METAL software for meta-analysis with inverse-variance
weights [28] was used to combine evidence across studies for each of the four
tests. CPMA was subsequently executed on the resultant population- specific
METAL output results, with population-level GC correction. Due to the low
numbers of participants contributing to the HIS, EAS and SAS analyses, only
results derived from the CPMA, EUR, and AFR analyses were considered for
further interpretation. Furthermore, we only considered variants analyzed in
at least 40,000 participants in the main analysis for discovery.
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Identification of independent genomic loci

We used EasyStrata2 software in R to prioritize top loci from significant
results identified in the one-df interaction and two-df joint tests [42]. We
excluded variants within 1 Mb distance of the major histocompatibility
complex (MHC) region. Significant variants were identified using the
threshold criteria detailed below. (1) Variants with significant one-df
interaction effect (Pin<5 x 10?, FDR<0.05) and (2) variants with significant
two-df joint effect (Pjoine<5 x10° with FDR<0.05) were selected as top variants.
To prioritize lead variants from the 2-df joint analysis with evidence for
having variant-sleep interaction, we evaluated the 2-df joint lead variants for
1-df interactions and used a Bonferroni correction for the number of 2-df joint
variants identified in the respective population-specific group (CPMA, EUR,
AFR) [43]. Note that the 2-df joint test and the 1 df interaction effect tests are
correlated, so the latter procedure does not offer formal statistical evidence
of interaction. Nevertheless, it provides a fast and easy prioritization of
variants most likely to be involved in interaction with the sleep variables. All
such variants were narrowed down to loci based on a 250 kB distance. Finally,
within these regions, independent loci were identified by linkage
disequilibrium (LD) r* threshold <0.1 using TOPMed-imputed 1000G
reference panels. If variants were missing in the LD panels, then the most
significant variant within each 500kb region was retained. From the lead
variants identified, we additionally extracted the variant information from
the sex-stratified analyses to test for heterogeneity of the interaction effects
by sex. The heterogeneity of the variant-sleep interaction effect between men
and women was tested by performing two-sample Z-tests assuming
independence, which were conducted for each interaction loci in the meta-
analysis of men and women combined [44].

Gene mapping, functional annotation, and follow-up phenotypic
annotations

For the lead variants identified, variant mapping was primarily performed
using Functional Mapping and Annotation of Genome-wide Association
Studies v1.6.0 (FUMA) [45], and Locuszoom (https:/ /my.locuszoom.org) [46,
47]. At the genomic region level, FUMA’s SNP2GENE pipeline was used to
annotate a comprehensive list of genes for each top locus, incorporating
genomic position, chromatin interaction (FDR <=1 x 10, 250bp upstream -
500 bp downstream of the transcription startsite [TSS]), and GTEXv8 eQTL
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evidence with the top variant or its variants in LD (r>>0.1 within 500kb) [45,
48]. At the variant level, PheWeb and Open Target Genetics were queried for
significant trait associations (p<5 x 10®) from past GWAS analyses [49, 50].
At the gene level, we explored the International Mouse Phenotyping
Consortium release 19.1 (IMPC), Online Mendelian Inheritance in Man
(OMIMV; https://omim.org/), PheWeb, Phenotype-Genotype Integrator
(PheGenl), Open Target Genetics, and the online drugbank for retrieving
information  on  the genes as  potential drug  targets
(https:/ / go.drugbank.com) [49-52]. All identified mapped protein-coding
genes were then queried using FUMA’s GENE2FUNC pipeline to identify
significant (adjusted p-value<0.05) pathways and traits [45].

Druggability analysis

We investigated the potential druggability of the sleep duration-lipid trait
candidate interacting gene targets as previously described [53]. In short, we
first used the Drug-Gene Interaction database (DGIdb; v4.2.0) to query high
or medium priority sleep-lipid interacting genes to determine the potential
druggability of the candidate gene targets. We annotated genes for
implicated pathways and functions using the Kyoto Encyclopedia of Genes
and Genomes (KEGG) database. We annotated the druggability target
categories and queried all interacting drugs reported in 43 databases
(BaderLabGenes, CarisMolecularIntelligence, dGene, FoundationOneGenes,
GO, HingoraniCasas, HopkinsGroom, HumanProteinAtlas, IDG, MskImpact,
Oncomine, Pharos, RussLampel, Tempus, CGI, CIViC, COSMIC,
CancerCommons, ChemblDrugs, ChemblInteractions,
ClearityFoundationBiomarkers, = ClearityFoundationClinicalTrial, DTC,
DoCM, DrugBank, Ensembl, Entrez, FDA, GuideToPharmacology, JACX-
CKB, MyCancerGenome, MyCancerGenomeClinicalTrial, NCI, OncoKB,
PharmGKB, TALC, TEND, TTD, TdgClinicalTrial, Wikidata). We queried
protein targets for available active ligands in ChEMBL. We queried gene
targets in the druggable genome using the most recent druggable genome list
established from the NIH Illuminating the Druggable Genome Project
(https:/ / github.com/druggablegenome /IDGTargets) available through the
Pharos web platform (https://pharos.nih.gov/targets). We also queried
FDA-approved drugs, late-stage clinical trials and disease indications in the
DrugBank, ChEMBL, and ClinicalTrials.gov databases. We provided results
for the top MESH and DrugBank indications and clinical trials.
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Results

Study overview

Data from 55 cohorts including five population groups were included: AFR
(13 cohorts, N=48,851 [7%]), EAS (4 cohorts, N=8,097 [1%]), EUR (30 cohorts,
N=637,166 [87%]), HIS (7 cohorts, N=32,508 [4%]), and SAS (1 cohort,
N=7,619 [1%]). The total sample size was 732,564 participants in the CPMA
with 149,210 participants as STST and 147,603 participants as LTST.
Additional information on the characteristics of each of study sample is
presented in Supplementary Tables 1-3.

Findings from the one-df variant-sleep interaction analyses

One-df interaction CPMA identified 9 loci displaying evidence for genetic
associations with the lipid traits modified by either STST or LTST (Pin <5 x10°
? in combination with an FDR < 0.05) (Figure 1; Table 1; Supplementary
Figures 1-3 for -log(Pin:) and QQ plots). Of these, we identified 4 variants for
TG, 2 variants for LDL-c and 3 variants for HDL-c. These variants have not
been observed before in studies on lipid levels (i.e., [15]) nor did we find
evience of potential variant main effects in the same study sample
(Supplementary Table 4). Of the lead variants identified, the
13:50374420:C_T locus (rs14172636; Minor Allele Frequency [MAF] = 0.0087),
mapped to the DLEUI gene, interacted with STST in its association with both
TG (Pine = 2.40 x 107°) and HDL-c (Pi = 4.10 x 102). To illustrate, in the case
of the finding for TG, the effect of the rs14172636-C allele on log-transformed
TG level was 0.26 units lower (equivalent to an approximate additive
decrease of 22.9%) in those reporting STST, and on HLD-c level was 0.132
units higher (equivalent to an approximate additive increase of 14.1%) in
those reporting LTST. We did not find evidence for a 1-df STST-DLEU1
interaction effect on LDL-c (Pix = 0.07). The 8:61617696:C_T locus
(rs147261056; MAF: 0.0048), mapped to ASPH and CLVSI, interacted with
LTST in its association with TG (P = 2.78 x 107%). The 11:10411707:C_CT
locus (rs1847639939; MAF: 0.46), mapped to the AMPD3 gene, interacted
with LTST in its association with LDL-c (Pinx = 4.72 x 10”). Other variants
identified in the CPMA included 3:162278901A_T (rs162278901; OTOL1,
LDL-c with LTST; Pyt = 2.78 x 107%), 7:72156448:A_G (rs573762901; CALN1,
HDL with LTST; Py = 1.43 x 10?), 2:186808058:G_T (rs6760240; ZSWIM2, TG
with STST; P = 1.47 x 10°), 7:102460277:G_T (rs543672875; ALKBH4, HDL-c
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with STST; Pin = 1.51 x 10°) and 2:184828292:C_T (rs190975828; ZNF804A,
LDL-c with LTST; Py = 4.72 x 107).

One additional variant was identified in the European meta-analysis only.
The variant 4:12768773:C_G (rs192018195; P;, = 4.81 x 10!}, MAF = 0.0151)
mapping to INTU/SLC25A31/HSPA4L was identified in the STST analysis on
TG, and was just outside the significance boundaries in the CPMA (Pin = 5.03
x 10°). Especially the more rare variants identified in these efforts were
unable to be investigated further in the population-specific subgroup
analyses as variants did not pass post-meta-analysis QC (Figure 2). Of the
remaining variants, we only found evidence rs1847639939 was associated
with LDL-c in the EUR sample (Pi¢ = 1.61 x 10®), and not in the AFR meta-
analysis (Pine = 0.74) (Figure 2).

An extensive summary of the primary results, including reporting of the
results in the sex-specific and population-specific analyses when passing post
meta-analysis QC, are presented in Supplementary Table 4; additional
information on the region of the identified variants is presented in regional
plots presented in Supplementary Figure 4. With the exception of the lead
variants mapped to ASPH and DLEUI, none were functional variants. No
additional variants were identified in the sex-stratified analyses nor did we
observe evidence for sex differences (Psex.n: > 0.05) for variants identified with
the 1df interaction test.

Loci identified through the two-df variant-sleep interaction meta-analyses

Additional analyses were performed to prioritize potential variant-sleep
interactions identified by the 2-degree of freedom of main and interaction
effect meta-analyses. In the 2-df CPMA (Supplementary Table 4 and 5;
Supplementary Figure 5), we identified (Paq¢< 5 x 10 and FDR < 0.05) a total
of 1,190 lead variants for the TG-LTST analysis (covering 371 genomic
regions), 1,156 lead variants for the TG-STST analysis (covering 312 genomic
regions), 1,185 lead variants for the HDL-c-LTST analyses (covering 362
genomic regions), 1,178 lead variants for the HDL-c-STST analyses (covering
358 genomic regions), 1,433 lead variants for the LDL-c-LTST analyses
(covering 264 genomic regions), and 1,431 lead variants for the LDL-c-STST
analyses.

These lead variants were then tested for 1-df interaction. Here, we used a less
stringent P-value cut off for 1-df interactions based on the total number of
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lead variants identified in the CPMA sample for the three traits and two
exposure groups combined (P < 6.60 x 10° = 0.05/7,573, Bonferroni-
corrected, see Methods). Through this process we identified seven additional
genetic lead variants showing evidence for 1-df interaction (Table 2); of these,
five variants were identified for TG (one with LTST, four for STST), one
variant for HDL-c (for LTST), and one variant for LDL-c (for LTST) not
previously identified for lipid levels nor associated with the lipid trait in the
model when not incorporating sleep duration in the same study sample
(Table 2 and Supplementary Table 4 and 5 and for detailed information).
Regional plots of the 1-df interaction results of these variants are presented
in Supplementary Figure 8. In particular, we identified 20:51830403:A_G
(rs150607032; ATP9A/NFATC2/SALL4, TG with STST, Pint = 3.59 x 10%),
11.13058160:C_T (rs59374498; TEAD1/RASSF10, TG with LTST, P = 5.71 x
10#), 10:97769146:A_G (rs191757273; PYROXD2, LDL-c with LTST, Pin = 7.41
x 10%), 21:35272725:A_T (rs114083565; RUNX1, TG with STST, Pin = 8.40 x 10°
7), 18:55378517:A_T (rs9949541; TCF4, HDL-c with LTST), 2:40094191:A_T
(rs34771893; SLC8A1, TG with STST, Pin = 4.12 x 10°°), and 20:23353740:A_G
(rs73319497; GZF1/NPAB/CASTL1/CAST11/NXT1, TG with STST, Pin = 4.47 x
10%). No evidence was observed that the interaction terms differed for men
and women (sex-difference Psex.ini > 0.05) (Supplementary Table 4). We
identified no additional variants among the 2-df joint findings showing
evidence for 1-df interaction (Pi¢ > 1.10 x 10° and >1.36 x 10", respectively;
Supplementary Table 6 and 7 and Supplementary Figures 6 and 7).

Follow-up analyses

Based on the findings identified in the TG-STST analyses (the lipid-sleep
combination with most identified variants in the one-df and two-df
interaction analyses), and using the GTEx v8 databases, we did not observe
evidence for eQTLs enrichement in any particular tissue (P >0.05). Some
evidence (p-value = 0.01) was found for enrichment of the Vitamin D receptor
pathway (based on the SLC8AI, NFATC2 and SALL4 genes; based on
Wikipathways using the GENE2FUNC in FUMA [45]) (Supplementary
Figure 9). No evidence for tissue and pathway enrichment was observed for
the other loci identified in the exposure-trait combinations.

Druggability analyses
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We first queried mapped gene targets from the different analyses using the
Drug-Gene Interaction database (DGIdb), which identified seven genes
annotated as clinically actionable or members of the druggable genome
(Supplemental Table 8a). Several of these gene targets are implicated in
calcium signaling (SLC25A31, SLC8A1, ASPH), amino acid or purine
metabolism (PYROXD2, AMPD3), and regulation of gene transcription
(TEAD1, NFATC2, RUNX1). We identified seven gene targets of FDA-
approved drugs evaluated in late-stage clinical trials using DrugBank and
ClinicalTrials.gov databases (Supplemental Table 8b). SLC8A1 is a target of
the nutraceutical Icosapent (a modified version of omega-3 fatty acid ethyl
eicosapentaenoic acid (EPA)), which is used to treat patients with
hypertriglyceridemia. SLC8AI is also a target of the small molecule inhibitor
caldaret, which was investigated for preventing acute myocardial infarction
and treating patients with congestive heart failure. SLC8A1 is also a target of
FDA-approved antiarrhythmic Dronedarone (Multaq) to treat patients with
atrial fibrillation or atrial flutter. We also identified SLC25A31, ASPH, and
PYROXD? as targets of commonly prescribed drugs: beta-blocker Metoprolol,
anticoagulant Warfarin, and the attention deficit hyperactivity disorder
(ADHD) drug Methylphenidate, respectively, all conditions frequently
observed in people with sleep disorders [54-56].
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Table 1: Nine variants identified through the 1 degree of freedom interaction analyses in the meta-analyses of men and women combined

Variant RSid Effect | Exposure | Trait EAF Sample | Sample | Mapped Interaction | SE 1df p-value
allele Size gene Beta
2:184828292:C_T 15190975828 | C STST TG 0.9909 | 957,910 | CPMA | 7NFg044 -0.102 0.0171 | 2.99E-09
2:186808058:G_T 156760240 G STST TG 0.0075 | 188,049 | CPMA | Zswipmo 0.184 0.0304 | 1.47E-09
3:162278901:A_T 15162278901 | A LTST LDL-c | 0.0062 | 41379 | CPMA | oror71 25.360 3.5968 | 1.78E-12
15192018195 | C 208,087 | EUR
INTU,
SLC25A31,
4:127678773:C_G LTST TG 0.9849 HSPA4L -0.0956 0.0145 | 4.81E-11
7:72156448:A_G 15573762901 | A LTST HDL-c | 0.0033 | 42445 | CPMA | cA1N7 0.148 0.0230 | 1.43E-10
7:102460277:G_T 18543672875 | G STST HDL-c | 0.0024 | 42445 | CPMA | A1 xBH4 0.140 0.0231 | 1.51E-09
15147261056 | T 212,110 | CPMA | CLVSI,
8:61617696:C_T LTST TG 0.0071 ASPH 0.185 0.0253 | 2.78E-13
11:10411707:C_CT 151847639939 | C LTST LDL-c | 04588 | 654182 | CPMA | Apipp3 0.934 0.1594 | 4.72E-09
13:50374420:C_T 1514172636 C STST HDL-c | 09919 | 196379 | CPMA | prpipg 0.132 0.0190 | 4.10E-12
13:50374420:C_T 1514172636 C STST TG 0.9913 | 188,528 | CPMA | prrug -0.266 0.0325 | 2.40E-16

Abbreviations: CPMA, Cross Population Meta-Analysis; EAF, Effect Allele Frequency; EUR, European; HDL-c, High-Density Lipoprotein Cholesterol;

LDL-c, LowDensity Lipoprotein Cholesterol; SE, standard error; TG, Triglycerides. 1) Identified variant not found in FUMA or in Locuszoom, OTOL1 gene

is closest gene.




Table 2: Additional 7 variants identified through the 2 degree of freedom interaction analyses after prioritization for joint effects in the meta-analyses of
men and women combined

Variant RSid Exposure | Effect | Trait EAF Sample | Sample | Mapped 2dfjoint | Interaction | SE 1df
allele Size gene p-value | Beta interaction
p-value
15150607032 A 532,172 | CPMA | APTYA, T77E-17
NFATC2,
20:51830403:A_G STST TG 0.0066 SALL4 0.098 0.0178 | 3.59E-08
1559374498 C 661,725 | CPMA | TEADI, 3.34E-38
11:13058160:C_T LTST TG 0.9752 RASSF10 -0.0358 0.0066 | 5.71E-08
10:97769146:A_G | 8191757273 | | g7 A LDL-c | 0.0023 | 92159 | CPMA | pypoxpy | 851E-16 | 539315 | 4.4475 | 7.41E-08
21:35272725:A_T | 1114083564 | ggt A TG 0.9855 | 43202 | CPMA | RyNX1 4.45E-29 | 01284 0.0261 | 8.40E-07
159949541 A HDL- 71,290 | CPMA 2.64E-73
18:55378517:A_T LTST c 0.9748 TCF4 0.0478 0.01 1.92E-06
2:40094191:A_T | 1534771893 | gygy A TG 0.0055 | 957910 | CPMA | grgag L97E-18 | 01018 0.0221 | 4.12E-06
1573319497 A 666,234 | CPMA | GZFI, 131E-32
NAPB,
CASTLI,
0.9781 CST11,
20:23353740:A_G STST TG NXTI1 -0.036 0.0078 | 4.47E-06

Abbreviations: CPMA, Cross Population Meta-analysis; EAF, Effect Allele Frequency; HDL-c, High-Density Lipoprotein Cholesterol; LDL-c, Low-Density

Lipoprotein Cholesterol; SE, standard error; TG, Triglycerides
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Figure 1: Circular -log10(Pint) plot of all the 6 main analyses in the cross-population meta-

analysis of men and women combined. ASPH (TG and LTST) maps also at the CLVS1 locus.






Figure 2: Main results from the 1-degree of freedom interaction analyses in different subgroups. Presented results are the additive variant-interaction
effects (log units for TG and HDL-c; mg/dL). Only variants passing all post meta-analysis QC steps were presented. Abbreviations: HDL-c, high-densitivty

lipoprotein cholesterol. LDL-c, low-density lipoprotein cholesterol; LTST, long total sleep time; STST, short total sleep time; TG, triglycerides.
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Discussion

This large-scale effort identified several variant-lipid trait associations that
were modified by either short or long habitual total sleep time, including 10
loci previously-unidentified in relation to lipid levels that interact with either
STST or LTST to blood lipid levels without evidence of overlap between STST
and LTST results. Using joint meta-analyses, in which the main effect of the
variant and the variant-sleep interaction effects are tested jointly, 7 additional
genetic lead variants were identified that also showed evidence for
interaction with STST or LTST. One of the variants mapped to DLEUI and
was identified for 2 traits (HDL-c and TG). Moreover, we found distinct
variants for STST and LTST interactions— a pattern we also previously
reported in a smaller sample for generally higher frequency alleles-
suggesting that short and long sleep duration affect the lipid traits through
distinct biomolecular mechanisms. Some of the identified genes (most
notably SLC8A1, SLC35A31 and ASPH) were previously identified as targets
for the prevention or treatment of cardiovascular disease and, therefore show
promise for additional efforts for further validation and clinical translation.

The variants identified in the present study have not been associated
previously with sleep duration [57], other sleep phenotypes (i.e., chronotype,
insomnia symptoms or daytime napping) [58-60], or the blood lipid levels
that were considered in the present study [15]. The majority of the previously
unreported findings in this study are low-frequency variants, that were
unlikely to be found in previous studies because they were either not
included in the used imputation panels or there was insufficient power. Of
the variants identified in the one-df interaction analyses, only the lead
variants  identified mapped to ASPH and DLEUl  were
upstream/downstream transcript variants; all other variants were intronic
variants. These findings support the importance of gene-phenotype
interaction testing in large studies to explore mechanisms and potential
health preventive targets.

A number of the variants identified in the present effort are supported by
biological follow-up analyses. Interestingly, we identified DLEU1 (Deleted In
Lymphocytic Leukemia 1), a gene originally identified as a possible tumour
suppressor gene and often deleted in patients with B-cell chronic
lymphocytic leukemia [61], in both the variant-STST analyses on HDL-c and
TG (and not LDL-c). Previously, genome-wide association studies have also
increasingly identified this gene with, amongst others, lipid levels [62], fatty
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acids [63], anthropometrics [64, 65], immune markers [66], and blood
pressure [67]. Furthermore, epigenetic changes in peripheral blood in this
gene have been identified in acute myocardial infarction [68]. Although
DLEU1 has not been identified with the habitual sleep variables [57-59, 69],
DLEU1 has been identified to sleep apnea, which is often associated with
poor sleep quality and altered sleep duration [70]. We found that the
identified variant in DLEUI was associated with lower TG and higher HDL-
¢ in individuals reporting short sleep duration, indicative of a lower
atherogenic profile. Whether short sleep duration is protective of DLEUI-
related dyslipidemia, or this variant modifies adverse effects of short sleep
duration on lipid levels, cannot be sorted out. The ASPH gene was found to
be a target for the supplemental Aspartic acid and Succinic acid. Succinate
metabolism has been hypothesized as a novel target for myocardial
reperfusion injury [71], and elevated plasma succinate levels have been
associated with higher levels of cardiovascular risk factors [72].

Our druggability analysis results suggest there are potential drug
repositioning opportunities to intervene in common signaling and metabolic
pathways implicated in sleep behaviour and lipid metabolism, which could
help attenuate serious cardiovascular complications in high-risk patients.
One of our top plausible gene targets identified in the 2-degree interaction
analyses, SLC8A1, is targeted by nutraceutical icosapent. Furthermore,
SLC8A1 has previously been described as a target for the investigational drug
caldaret. Caldaret, which acts as a cardioprotective drug modulating
intracellular calcium levels, has been previously investigated to reduce
infarct sizes in patients with acute myocardial infarction, although did not
show positive results [73, 74]. Of interest, SLC8AI is affected by the renin
angiotensin system [75], which is altered by different sleep conditions [76, 77].
These might present an effective strategy to reduce elevated triglycerides in
patients with short sleep duration at risk for cardiovascular complications
(e.g., acute myocardial infarction or atrial fibrillation). We also identified
several FDA-approved compounds with decades of safe use, which could be
evaluated in future preclinical or clinical studies. It is also worth noting the
limitations of these predicted drug interactions, which could potentially
reflect medication side effects on sleep duration and lipid traits and thus
should be interpreted with caution.

We found preliminary evidence for the involvement of the Vitamin D
receptor pathway in the association between STST and TG. Although vitamin
D itself has not been shown to play any significant role in the onset of
cardiovascular disease based on data from randomized clinical trials and
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Mendelian randomization [78, 79], the vitamin D receptor appears to be
involved in lipid metabolism [80]. Furthermore, genetic variation in the
vitamin D receptor gene (VDR) has been associated with cardiovascular
disease [81]. Accelerated atherosclerosis was observed in VDR knock-out
mice [82], suggesting that vitamin D receptor signaling inhibits
atherosclerosis development. Finally, vitamin D levels have been reported to
vary with various sleep outcomes [83], and vitamin D supplementation has
been hypothesized to improve sleep [84]. Nevertheless, the role of the
vitamin D receptor in the association between sleep and lipid disturbances
should be explored in greater detail. No other pathways were identified, also
not for the other exposure-trait analyses, possibly due to the fairly low
number of genes being identified.

The present study used the largest study sample possible, by considering as
much cohorts as possible with available data on genomics, self-reported sleep
duration, and concurrent lipid levels. Furthermore, we attempted to
standardize the self-reported dichoutomous sleep-exposure variables as
much as possible by first taking the age- and sex-adjusted residuals of total
sleep time. Despite our efforts to increase sample size in combiniation with
increased ancestry diversity compared with our previous effort [31], the vast
majority of our study still consisted of cohorts with mainly European-
population participants. It is very likely that particular population-specific
variant-sleep interactions were missed in the meta-analyses of the non-
European populations due to a lack of sufficient statistical power;
furthermore, because of low statistical power, we did not present the results
from the Hispanic and Asian specific meta-analyses. Future efforts in non-
European cohorts, when more data become available, should be further
expanded. Although some of the identified loci, despite having low allele
frequencies, had some evidence of biological plausibility, they should be
further explored in independent samples as we did not have the power to
separate cohorts into discovery and independent replication analyses. The
present study used information on habitual sleep duration collected through
self-report, in which may have measurement error, possibly resulting in
lower statistical power. Note that phenotypic and genetic correlations
between sleep duration assessed through questionnaire and accelerometry
are low to modest as most [57, 69, 85], which suggests phenotypes derived
by these methodologies reflect different sleep aspects. Finally, the present
study considered sleep as a single dimension, whereas sleep is largely
acknowledged to be highly dimensional and complex [86]. Indeed, joint
associations between sleep duration and sleep quality have been observed in
relation to atherosclerotic cardiovascular disease [26, 87, 88]. However,
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detailed data on sleep quality measures were not available in many cohorts,
nor was it possible to harmonize these measures when available. Identified
variants should, therefore, also be explored in independent samples, as they
become available with other sleep variables.

In summary, the present study identified several novel genetic loci associated
with lipid traits that were modified by self-reported short- and long total
sleep time. The findings yield new insights into the biology underpinning the
observed (causal) association between sleep duration and atherosclerotic
cardiovascular disease. The observed targets for treatments yield insights
into possible prevention of atherosclerotic cardiovascular disease in relation
to sleep duration. Additional functional follow-up is required to further
characterize the identified genetic variants and to translate the findings to
more biological and clinical context.
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PHARMACOM-EPI

Abstract

PHARMACOM-EPI is a novel framework to predict plasma concentrations
of drugs at the time of occurrence of clinical outcomes. In early 2021, the U.S.
Food and Drug Administration (FDA) issued a warning on the antiseizure
drug lamotrigine claiming that it has the potential to increase the risk of
arrhythmias and related sudden cardiac death due to a pharmacological
sodium channel-blocking effect. We hypothesized that the risk of
arrhythmias and related death is due to toxicity. We used the
PHARMACOM-EPI framework to investigate the relationship between
lamotrigine’s plasma concentrations and the risk of death in older patients
using real-world data. Danish nationwide administrative and healthcare
registers were used as data sources and individuals aged 65 years or older
during the period 1996 — 2018 were included in the study. According to the
PHARMACOM-EPI framework, plasma concentrations of lamotrigine were
predicted at the time of death and patients were categorized into non-toxic
and toxic groups based on the therapeutic range of lamotrigine (3-15 mg/L).
Over 1 year of treatment, the incidence rate ratio (IRR) of all-cause mortality
was calculated between the propensities score matched toxic and non-toxic
groups. In total, 7286 individuals were diagnosed with epilepsy and were
exposed to lamotrigine, 432 of which had at least one plasma concentration
measurement The pharmacometric model by Chavez et al was used to predict
lamotrigine’s plasma concentrations considering the lowest absolute
percentage error among identified models (14.25%, 95% CI: 11.68-16.23). The
majority of lamotrigine associated deaths were cardiovascular-related and
occurred among individuals with plasma concentrations in the toxic range.
The IRR of mortality between the toxic group and non-toxic group was 3.37
[95% CI: 1.44-8.32] and the cumulative incidence of all-cause mortality
exponentially increased in the toxic range. Application of our novel
framework PHARMACOM-EPI provided strong evidence to support our
hypothesis that the increased risk of all-cause and cardiovascular death was
associated with a toxic plasma concentration level of lamotrigine among
older lamotrigine users.
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Introduction

Recent research has emphasized that the incorporation of information on
plasma concentrations is important for effective pharmacoepidemiological
research when performing pharmacological substantiation of clinical
outcomes. [1-3] Thus far, the integration of data on plasma concentrations in
pharmacoepidemiological research has been limited due to the lack of
available approaches for performing this task. We have recently developed a
novel framework, PHARMACO-EPI, to integrate pharmacometrics into
pharmacoepidemiological research with the final goal of predicting plasma
concentrations at the time of occurrence of clinical outcomes for their
pharmacological substantiation, especially for newly discovered associations
from signal detection activities. However, this framework has not been tested
yet in real-life cases where regulatory agencies have detected new safety
signals.

In early 2021, the U.S. Food and Drug Administration (FDA) issued a
warning indicating that lamotrigine has the potential to increase the risk of
arrhythmias and related sudden cardiac death. [4] These adverse events may
be related to lamotrigine’s sodium channel blocking effect and related
alteration of the QRS complex of the electrocardiogram, and delay in
ventricular conduction is associated with enhanced risk of ventricular
arrhythmias and sudden cardiac death in susceptible patients. [4-6] As
lamotrigine’s sodium channel-blocking effects are dose-dependent [7], this
risk may be higher in older epileptic patients aged 65+ exposed to
lamotrigine as they have an increased risk of reaching toxic plasma
concentration. [8]

We used PHARMACO-EPI [1,2,9,10], to predict the plasma concentration of
lamotrigine at death and investigate the association between toxic plasma
concentrations and death in older individuals exposed to lamotrigine by
using Danish nationwide real-world data.
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Method

Data source

Danish nationwide administrative and healthcare registers were used as data
sources. Based on a unique personal identification number for each Danish
citizen that linked Danish registers, we collected information on residents’
date of birth, sex [11], hospital admission/ambulatory visit [12], medication
redemptions in community pharmacies [13], and deaths. [14] Additionally,
by using the Danish Register for Laboratory Results for Research, we
collected information about plasma concentrations of antiseizure
medications and results of immunological and biochemical tests performed
in Danish patients. [15]

In Denmark, plasma concentration measurements are commonly used in
Therapeutic Drug Monitoring (TDM) to optimize the dosage of antiepileptic
medication. TDM helps ensure that the medication is within the therapeutic
range and that the patient is receiving an effective and safe dose.

Study population

All residents in Denmark aged 65 years or older during the period 1996 —
2018, that were diagnosed with epilepsy, and that have redeemed their first
prescription of lamotrigine were included in the study population. The first
prescription of lamotrigine following epilepsy diagnosis was used as the
index date from which we followed up individuals in the registers.
Individuals that redeemed any antiseizure medications twelve months
before the index date were excluded. Individuals were classified as having
epilepsy if they had been hospitalized or had been in outpatient care with an
epilepsy diagnosis (International Classification of Disease code, ICD-8 code
345, ICD-10 codes G40). The diagnosis codes for epilepsy in the Danish
registers have been previously validated with a positive predictive value of
81% (95% Confidence Interval (CI): 75%-87%). [16]

Follow-up period & study outcome

The study population was followed from the index date for 365 days until
the occurrence of the study outcome (i.e.,, death) or censoring due to
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permanent emigration or end of the data coverage. The study outcome was
all-cause of mortality within the follow-up period. We have selected 1-year
follow-up based on the consideration that it was expected that the majority
of dose-dependent events occurred during the early stages of the
treatment.[17]

Identification of accessible pharmacometric models

We used PHARMACOM-EPI [1] to determine the fraction of deaths that are
pharmacologically substantiated by toxic plasma concentrations at the time
of death or the end of follow-up. According to PHARMACOM-EPI [1],
pharmacometric models of lamotrigine developed on the adult population
from the most recent systematic reviews [18] of population pharmacokinetic
models of lamotrigine were identified. The same systematic review query
was used to update the review and identify models that were not previously
included in the systematic review. Detailed processes concerning systematic
review are shown in Appendix 1.

Application of pharmacometric models to real-world data

Before applying the pharmacometrics model, we characterized them by
extracting relevant socio-demographic characteristics of the populations on
which the models were developed and parameters from the models
including fixed parameters, equations for estimated parameters, inter-
individual variability, residual variability, covariates tested, and software
and number of compartments. The analytical dataset for pharmacometric
models was structured according to the format requirements of NONMEM
software [19]. By applying pharmacometric models to real-world data, we
obtained population predictions and individual predictions of lamotrigine
plasma concentrations for each model. Possible missing covariates required
in the pharmacometric models were imputed using published data from
similar populations. Missing value in height and weight were imputed based
on published Danish reference data for men and women, respectively. [20]
Blood urea nitrogen/serum creatinine ratio was imputed based on a normal
distribution having a mean 11 and SD 2. Body surface area was calculated
using following equation (Body Surface Area=007184 * Height(m)®725 *
Weight(kg)®*?®). Glomerular filtration rate was estimated by equation
published by Levey AS et al. [21] Similarly, genetic polymorphisms were
imputed based on the allele frequencies of genotypes satisfying Hardy-
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Weinberg equilibrium obtained from the NCBI database of genetic variation.
[22] Daily doses of antiseizure medications were imputed using the Sessa
Empirical Estimator [23-26] and missing dosing times were replaced with
fixed times, assuming that the latest dose was taken at 8:00 a.m. on the same
day of the measurement of plasma concentration. The models” performance
was assessed by plotting observed versus predicted population/individual
concentrations as two-dimensional density plots with contour lines where
each contour shows aggregated data for more than 5 individuals. Trend lines
were drawn using local polynomial regression fitting. In addition, the
absolute percentage error of population concentration prediction and
individual concentration prediction for each model was calculated to identify
the pharmacometrics model with the lowest absolute percentage error. The
absolute percentage error for population and individual prediction of each
pharmacometric model was plotted using a boxplot.

Statistical analysis

Characteristics for the study population at the baseline were reported as
mean with standard deviation (SD) for continuous variables and percentage
for categorical variables separately between individuals with and without
available plasma concentrations of lamotrigine.

To predict lamotrigine plasma concentration at death using individual
predictions from pharmacometrics models, we used data from individuals
with available plasma concentrations among those included in the study
population. To infer the results from individuals with lamotrigine plasma
concentration to those without plasma concentrations measurements, we
performed propensity score matching. The propensity score for receiving or
not a plasma concentration measurement was obtained based on risk factors
of the outcome including age, sex, comorbidities, and co-medications
according to the Elixhauser Comorbidity Index [27] using a logistic
regression model. The Elixhauser Comorbidity Index [27] is a validated index
that include clinical conditions associated with mortality. For each individual
with available plasma concentration measurements, we matched four
individuals without lamotrigine concentration using the greedy nearest
neighbor method with a maximum caliper distance of 0.2 of the logit of the
propensity score. The density plots of the propensity scores before and after
matching were plotted. We considered it possible to infer the results from
individuals with available plasma concentration to individuals without
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plasma concentration if there was at least a 70% overlap of the propensity
scores distributions.

To investigate the association between plasma concentration, when available,
and the study outcome, we used the pharmacometric model with the lowest
absolute percentage error to predict trough concentrations at death or at the
end follow-up. Plasma concentrations were categorized into non-toxic and
toxic groups based on the reference therapeutic range for lamotrigine (3-15
mg/L). [28] The cumulative incidence rate for all-cause mortality versus
lamotrigine plasma concentration was plotted and the incidence rate ratio
(IRR) of all-cause mortality between non-toxic and toxic group was
calculated. The hazard functions of individuals within the non-toxic range
and those with toxic plasma concentration were computed using a Cox
regression model and plotted as cumulative hazards functions curves. All the
analyses were implemented in R (version 4.0.0, RStudio, Austria).

Ethics
In Denmark, ethical committee approval or individual patient consent is not

required according to Danish law, which implies that it is not required to
obtain consent for participants in studies based on register data in Denmark.
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Results

Study population characteristics

In total, 7286 individuals were diagnosed with epilepsy and were exposed to
lamotrigine, 432 of which had at least one plasma concentration
measurement. For the whole population, 49.7% of the individuals were men
with an average age of 70 (SD: 10.5) years. The population with plasma
concentration measurement had a greater mean age [72.7 (SD: 8.1) years] and
a higher proportion number of males (53.5%) compared with the population
without plasma concentration which had 49.4% of men and a mean age of
69.8 (SD: 10.6) years (Table 1). Within those individuals with at least one
plasma concentration measurement, frequencies of comorbidities, age and
sex did not differ significantly between those in the non-toxic group (n=290)
and those who reached toxic ranges (n=142) suggesting comparability
between the two groups (Table 2).

Table 1 Characteristics of epileptic patients with and without lamotrigine concentration
measurements

Variable Level Patients Patients Total
without with (n=7286)
plasma plasma
concentration  concentrati
(n=6849) on (n=432)

Sex Male 3385 (49.4) 234 (53.7) 3619

(49.7)

Age Mean (SD) 69.8 (10.6) 72.7 (8.1) 70 (10.5)

Diabetes Yes 717 (10.5) 56 (13.0) 773 (10.6)

Cancer Yes 764 (11.2) 74 (17.1) 838 (11.5)

Arthritis Yes 264 (3.9) 15 (3.5) 279 (3.8)

Coronary Heart Disease ~ Yes 1262 (18.4) 82 (19.0) (1344)

18.4

Dementia Yes 587 (8.6) 58 (13.4) 646 (8.9)

Respiratory Disorders Yes 1665 (24.3) 131 (30.3) (1797)

24.7

Ulcer Yes 396 (5.8) 33(7.6) 429 (5.9)

Cerebrovascular Yes 3531 (51.6) 233 (53.9) 3765

Disorders (51.7)

Dyslipidaemia Yes 982 (14.3) 95 (22.0) (110472)

Depression Yes 506 (7.4) 29 (6.7) 536 (7.4)

Renal Disorders Yes 303 (4.4) 33 (7.6) 336 (4.6)

Pacemaker implanted Yes 2373 (34.6) 99 (22.9) (2474)

34.0

Data are reported as mean (SD) or frequency (%).
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Table 2. Characteristics of epileptic patients within and over lamotrigine therapeutic range

Variable Level Non-toxic Toxic
(n=290) (n=142)
Sex Male 159 (54.8) 73 (51.4) 0.57086
Age Mean 72.8 (8.4) 72.5(7.4) 0.68085
(SD)

Diabetes Yes 44 (15.2) 12 (8.5) 0.07165
Cancer Yes 57 (19.7) 17 (12.0) 0.06358
Arthritis Yes 8(2.8) 7 (4.9) 0.37992
Coronary Heart Disease Yes 55 (19.0) 27 (19.0) 1.00000
Dementia Yes 3.8(13.1) 20 (14.1) 0.89598
Respiratory Disorders Yes 84 (29.0) 47 (33.1) 0.44339
Ulcer Yes 23(7.9) 10 (7.0) 0.89349
Cerebrovascular Yes 153 (52.8) 80 (56.3) 0.54959
Disorders

Dyslipidaemia Yes 63 (21.7) 32 (22.5) 0.94615
Depression Yes 18 (6.2) 11 (7.7) 0.69209
Renal Disorders Yes 17 (5.9) 16 (11.3) 0.07279
Pacemaker implanted Yes 70 (24.1) 29 (20.4) 0.45855

Data are reported as mean (SD) or frequency (%).

Pharmacometric models

Seven pharmacometric models satisfying inclusion and exclusion criteria that
describe the population pharmacokinetics of lamotrigine were identified, one
of which was derived from the systematic search and the rest were from the
review paper [18]. Characteristics of the study population for each model
were provided in Supplementary Table 1.

Application of pharmacometric models to real-world data

Four pharmacometric models successfully predicted individual and
population lamotrigine concentrations, while three models failed to perform
prediction due to convergence issues. Compared with population prediction,
the individual prediction had a stronger correlation with observed plasma
concentration as the density closely follows the trend line (Figure 1). The
individual prediction had a lower absolute percentage error compared with
population prediction (Figure 2) for all the models. Therefore, the individual
prediction was prioritized for the pharmacological substantiation of
lamotrigine-related death. Among these four pharmacometric models, the
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model by Chavez et al [29]had the lowest absolute prediction error for
individual prediction with 14.25% [95% CI: 11.68-16.23] and, therefore, it was
used to predict plasma concentrations at death/end of the follow-up.

Chavez Singkham
Individual prediction Individual prediction

w
o

404

n
o

304

204

=)

o

T T ™ T

Predicted - lamotrigine plasma concentration [mg/L]
Predicted - lamotrigine plasma concentration [mg/L]

0 20 40 80 80 0 20 40 60 80
Observed - lamotrigine plasma concentration [mg/L] Observed - lamotrigine plasma concentration [mg/L]
Rivas Punyawudho

Individual prediction Individual prediction

w
=3

404

n
o

204

=)

=]

0 20 40 60 80 0 20 40 80 80
Observed - lamotrigine plasma concentration [mg/L] Observed - lamotrigine plasma concentration [mg/L]

Predicted - lamotrigine plasma concentration [mg/L]
Predicted - lamotrigine plasma concentration [mg/L]

Figure 1. Two-dimensional density plots with contour lines and trend lines of
population/individual predictions versus observed plasma concentrations of lamotrigine for

four pharmacometric models.
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Pharmacological substantiation

Based on the individual prediction derived from the model by Chavez et al[29],
among individuals who died, 10 were in the non-toxic range (n=290, 3.45%)
and 16 in the toxic one (n=142, 11.27%). The median plasma concentration for
the group within the non-toxic range was 9 mg/L (interquartile range: 6-12
mg/L) and for the group within the toxic range was 21 mg/L (interquartile
range: 16-28 mg/L). Cardiovascular diseases were the cause of death in 44%
and 60% of people who died in the non-toxic and toxic groups, respectively.
The IRR of mortality between the toxic group and non-toxic group was 3.37
[95% CI: 1.44-8.32] and the cumulative incidence of all-cause mortality
exponentially increased outside the therapeutic range (Figure 3). The
cumulative hazard of all-cause mortality was significantly higher in the toxic
compared with the non-toxic group (Figure 4). After propensity score
matching of individuals (ie, overlapping 99%) with lamotrigine
concentration and those without, the densities between the two groups
nearly fully overlapped compared with the overlapping before matching of
70% (Supplementary figures 1 and 2).
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Figure 3. Cumulative incidence curve of all-cause mortality versus plasma concentration. The
left horizontal red line indicated lower bound of therapeutic range of lamotrigine (3 mg/L)

and the right horizontal red line indicated upper bound of therapeutic range of lamotrigine (15
mg/L). Dotted line = 95% Confidence interval.
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Figure 4. Cumulative hazard of all-cause mortality over time. The red curve is for individuals

with therapeutic range and the blue curve is for individuals with toxic range.
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Discussion

In this study, we applied a novel framework, PHARMACOM-EPI to real-
world data to predict individual plasma concentrations of lamotrigine, which
were subsequently categorized into non-toxic and toxic groups for
individuals with plasma measurements. We found that individuals within
the toxic group had a higher incidence of all-cause and cardiovascular
mortality compared with individuals within the non-toxic group. For the first
time, it was feasible to use data on plasma concentration levels and a new
framework to confirm toxicity hypotheses with administrative and real-
world healthcare data. The approach was applied to a case of lamotrigine's
triggered cardiovascular death, which had not been previously clarified.
This result suggests that QRS alterations are mainly related to the dose-
dependent inhibiting effects of lamotrigine on the sodium channel. [30] In the
heart, sodium channels modulate the voltage threshold and the duration of
action potentials, thus contributing to conduction and cellular excitability.
[31] A key difference between neuronal and cardiac action potentials is their
duration: in humans, in the central nervous system, it is between 1 and 10 ms
[32], whereas in cardiac ventricles it may vary up to 450 ms. [33] Therefore,
any sodium channel isoform sensitive to lamotrigine in the heart will have a
much longer inactivation time. In individuals with tachycardia, this
mechanism of action enhances an anti-arrhythmic effect. However, in
individuals without tachycardia, the increase in the refractory period may
cause bradycardia and other related cardiac arrhythmias. Concurrently, late
sodium current contributes to longer QT intervals and may thus trigger
arrhythmias. [31]

The warning of the FDA on lamotrigine [4] warranted clinical studies:
multiple studies on healthcare registries were then performed. However,
their results did not clarify whether there was an increased risk of the overall-
mortality compared to other antiseizure medications, both in the general
adult population [34-36] and in older individuals. [37,38] Our study is the
first observational study to use nationwide real-world data for predicting
plasma concentration to investigate the association between plasma
concentrations of lamotrigine and its related toxicity [39,40]. We found that
some patients experienced fatal effects within the therapeutic range, which
may be explained by inter-patient variability. [41] Several individual features
such as body weight, gender, duration of therapy, and genetic
polymorphisms can influence serum levels of lamotrigine, which is why
therapeutic drug monitoring of antiepileptic drugs is strongly recommended.
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[18] The importance of inter-individual variability among patients might
explain the better prediction we found of individual-patient pharmacometric
models, which considered individual demographic characteristics reported
in our sample.

Strengths and limitations

One of the strengths of our study is the application of a novel framework
along with real-world data. Our analysis can therefore be considered
appropriate to better explore issues raised by Health Authorities. For
instance, we were able to include a wide sample of individuals aged over 65
years (mean age 70 years) and this criterion was based on the FDA’s warning
concerning the increased risk of arrhythmias and cardiac death mostly in
patients with heart diseases. [4] Individuals aged over 65 years that use
lamotrigine and have pre-existing cardiovascular disorders are preferable for
investigating our aims for the following reasons. 1) The incidence of epilepsy
has a bimodal distribution with the highest risk in the older people. [42] 2) In
the older population, cerebrovascular diseases (e.g. stroke) are the most
common cause of epilepsy and seizures. [43] 3) Age-related changes in body
composition and function and the co-existence of epilepsy with other chronic
diseases complicates clinical treatment and increases the risk of clinically
relevant drug-drug interaction and pharmacokinetics issues which, in turn,
increase the risk of reaching toxic plasma concentrations. [44—46].

The major limitation of our study is that we could not assess the relationship
between mortality and plasma concentration in all patients using lamotrigine
in the Danish registry, since only 432 cases had at least one serum
measurement. Therefore, the results indicating the toxic range of lamotrigine
associated with a higher incidence of mortality should be inferred cautiously
to individuals aged over 65 years without plasma measurements in the
Danish register-based cohort. Moreover, in real-world data, there usually are
missing covariates such as genetic profiles, but we were able to impute them
based on available literature and multiple imputation.

Conclusion

By using our novel framework PHARMACOMEPI, we found strong
evidence to support our hypothesis that the increased risk of all-cause and
cardiovascular death among older lamotrigine users was associated with a
toxic plasma concentration of lamotrigine.
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Discussion and Future Perspective

The overarching aim of this thesis is to gain insight into the etiology and
pathophysiology of cardiometabolic disease(s) by investigating potential
(causal) risk factors and the interplay between genetic and environmental
factors in cardiometabolic diseases. In this thesis, we employed cutting-edge
statistical and epidemiological methodologies like clustered Mendelian
Randomization (MR) and exploited multiple omics data (genomics and
metabolomics) to unravel the mechanisms underlying the development of
cardiometabolic diseases using established high-quality databases. In this
chapter, I will summarize, interpret and discuss the findings from the
different chapters of this thesis. In addition, limitations and future
perspectives derived from those findings will be discussed to support
progress for future prevention and treatment of cardiometabolic diseases.

MAIN FINDINGS
Insulin Sensitivity and Metabolomics

Insulin resistance plays a critical role in the development of type 2 diabetes
(T2D) [1, 2], and is a risk factor for cardiovascular disease [1, 3]. Multiple
studies have investigated metabolomic profiles in relation to insulin
resistance [4, 5]. However, few studies have focused on the physiological
effects of different doses of exogeneous administered insulin on metabolomic
measures in individuals without diabetes. In Chapter 2, we examined the
response of metabolomic measures (e.g., lipoprotein sub-particles and amino
acids) to different hyper-insulinemic levels under euglycemic conditions in
non-diabetic individuals. We found that the majority of metabolomic
measures were sensitive to insulin, and a large fraction of them were
differentially insulin-sensitive. This indicates that metabolites are likely to be
differentially affected by the degree of hyperinsulinemia, due to insulin
resistance. In particular, branched-chain amino acids (BCAAs), showing the
highest reduction following high-dose insulin infusion in comparison to low-
dose insulin infusion, were the most sensitive metabolomic measures to
insulin in this study. Our results are in line with multiple studies showing
elevated BCAAs in obese and insulin-resistant individuals [6-8]. In addition,
multiple metabolomic measures observed as insulin-sensitive in this study
have been described before to be associated with risk of development of
cardiometabolic diseases. For instance, increased concentrations of BCAAs
are associated with increased risk of coronary artery disease and T2D
development [9, 10]. Especially, there is evidence from Mendelian
randomization studies that the association between BCAAs and T2D is causal
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[11]. As the majority of the studies focused on the pathophysiological effect
of insulin resistance on metabolomic profiles, our study filled a gap by
assessment of direct effects of hyperinsulinemia effect on metabolomic
measures in individuals without diabetes.

Pathophysiology of Type 2 Diabetes Mellitus

Technological development of measuring techniques has made it possible to
directly and indirectly quantify mitochondrial DNA more readily and
affordably than ever before, which has led to wide availability of
mitochondrial DNA related data [12]. As a result, an increasing number of
epidemiological studies on the relationship between T2D and mitochondrial
function have been published [13-15]. Most investigations have found an
association between blood mitochondrial DNA copy number (mtDNA-CN)
and T2D [16-19], but no study has investigated whether or not this
association is potentially causal. In Chapter 3 of this thesis, we investigated
the potential causal association between blood mtDNA-CN and T2D and
body mass index (BMI) using bi-directional two-sample MR analyses.
Opverall, the results did not provide evidence for a causal association between
blood mtDNA-CN and T2D and BMI in either direction, despite being
studied in multiple very large study samples (e.g., UK Biobank). Additional
analyses indicated that blood mtDNA-CN may not reflect mtDNA-CN in
T2D related organs like muscle and liver, which could explain the lack of a
potential causal association. The mtDNA-CN in blood, serving as an indirect
indicator of hematopoiesis and immunological processes, may not reflect the
mitochondrial function in muscle or adipose tissues [12]. Consequently,
exploring mtDNA-CN in muscle and adipose tissue, which do reflect
mitochondrial function in T2D-related tissues, may offer a more robust way
for investigating its potential role as a risk factor for T2D. To the best of our
knowledge, this study is the first and largest investigation on the potential
causal association and its direction between blood mtDNA-CN and T2D.
Although blood mtDNA-CN may not be a biomarker for T2D, it might be
valuable for studying the pathophysiology of other diseases. For instance,
mtDNA-CN was found to be associated with cardiovascular diseases [20],
aging [21] and Parkinson’s disease [22], which might suggest its potential as
a biomarker for elucidating the underlying pathological mechanisms of these
diseases.

Insulin-like growth factor-1 (IGF-1) as a risk factor of T2D has been studied
for years, but the epidemiological findings of their association are
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inconsistent. We hypothesized that there might be distinct mechanisms
underlying the association of high levels of IGF-1 with disease. Some of these
mechanisms may contribute to an increased risk of developing T2D, while
others might have no association with T2D or could potentially decrease the
risk of T2D development. We hypothesized that these mechanisms might
interact and can cancel out the overall impact of high IGF-1 levels on T2D. In
Chapter 4 of this thesis, we employed a novel method referred to as clustered
MR, and identified six clusters of genetic variants representing IGF-1 levels,
each of which showed a different association with T2D. Notably, three of
those clusters suggested a positive causal effect of IGF-1 levels on T2D risk,
while the remaining three clusters suggested a negative causal effect of IGF-
1levels on T2D risk. This result indicates that high level of IGF-1 likely affects
the development of T2D in a context-dependent manner, depending on the
biological pathways that increase IGF-1 levels in the blood. Before
investigation of the potential causal association between IGF-1 and T2D, we
also performed multivariable-adjusted regression analyses and observed a J-
shape association between IGF-1 and T2D, with particularly low levels of
IGF-1 being associated with an increased risk of developing T2D. Our
observational findings are partly in line with several other studies showing a
U-shape association between IGF-1 and T2D [23-25], but contrast with
studies showing no evidence for this association [26, 27]. This difference in
observational studies, to some extent, is in line with our finding in the
clustered MR that the effect of high levels of IGF-1 on T2D is driven by
different biological mechanism and that their association is context-
dependent. Our study provides a possible reason for the inconsistent
observational findings of the association between IGF-1 and type 2 diabetes.
Given the use of diverse cohorts consisting of heterogenous participants in
investigating the association between IGF-1 and T2D, the fluctuating
participant numbers contributing to either increased or decreased risk of T2D
development possibly result in inconsistent observational findings
concerning the association between IGF-1 and T2D. Understanding the role
of IGF-1 in T2D can help us to become more aware of the heterogeneity
between individuals and direct the development of personalized medicine
like targeted therapy or lifestyle modification.

Pathophysiology of Sleep-Associated Dyslipidemia
Habitual sleep is becoming increasingly recognized as a risk factor

contributing to the development of cardiometabolic diseases and associated
traits (i.e., dyslipidemia) [28]. Given the poorly understood biomolecular
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mechanisms underpinning the association between habitual sleep duration
and dyslipidemia, Chapter 5 of this thesis examined the effect of genetic
factors and habitual sleep duration on lipid traits including high-density
lipoprotein cholesterol (HDL), low-density lipoprotein cholesterol (LDL) and
triglycerides (TG). Through the analyses on approximately 732,564
(predominantly European) individuals from multiple population groups
across 55 cohorts, our study revealed that the associations of several genetic
variants with lipids were modified by either long or short habitual sleep
duration. Among the identified lead variants, some were found to be located
within the ASPH gene which is known to modulate cardiovascular risk by
interacting with aspartic and succinic acid [29]. Notably, some additionally
identified variants were mapped to the SLC8A1 gene which has emerged as
a therapeutic target for ischemic damage reduction following acute
myocardial infarction [30, 31]. Despite the large sample size, especially in
comparison with the previous effort [32], we only identified a relatively small
number of genetic variants that were modified by differences in habitual
sleep duration. Furthermore, most variants had low allele frequencies (i.e.,
below 1%). Therefore, sleep duration might not be the optimal phenotype to
investigate the relationship between genetic variants and lipid levels as sleep
is a highly multidimensional trait [33]. Nevertheless, this study offers novel
insights into biological mechanism underlying the association between
habitual sleep duration and lipid levels. Furthermore, the identified targets
for treatment can provide novel insight into the prevention of atherosclerotic
cardiovascular disease in individuals with disturbances in habitual sleep
duration.

A novel framework - Integration of Pharmacometrics and Epidemiology

A novel methodological framework, PHARMACOM-EP], was introduced in
Chapter 6 of this thesis. This framework integrated pharmacometrics and
epidemiology, which enabled the prediction of drug concentration at the
time of occurrence of clinical outcomes (i.e., mortality). In early 2021, a
warning issued by U.S. Food and Drug Administration on the antiseizure
drug lamotrigine, which claims that lamotrigine has the potential to increase
risk of arrhythmias and related sudden cardiac death. Our hypothesis is that
the increase risk of arrhythmias and related sudden cardiac death results
from drug toxicity. In Chapter 6, we applied the PHARMACOM-EPI
framework to real-world data to investigate the association between plasma
concentration of lamotrigine and the risk of death in older patients. The
results showed that a toxic plasma concentration of lamotrigine was
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associated with increased risk of all-cause and cardiovascular death in the
older lamotrigine users, which supports our hypothesis. Our study is the first
observational study using nationwide real-world data to predict plasma
concentration to investigate the relationship between lamotrigine plasma
concentrations and its related toxicity [34, 35]. This study introduced the
PHARMACOM-EPI framework, which is capable of handling real-world
data, thereby showcasing its potential applications in future research. By
leveraging this methodology, observational data could be harnessed more
effectively. Given ethical consideration and cost constrains, clinical trial data
containing plasma concentration is not always available. This approach
enables observational data to function as a valuable alternative under specific
circumstances. When drug dosages are available in observational data, drug
plasma concentrations can be predicted and applied in the pharmaco-
epidemiological studies or as better-defined confounders that usually
ignored in the epidemiological studies. Simultaneously, this study highlights
the importance of personalized medicine within distinct population groups
(older and pediatric populations) especially when dealing with drugs
characterized by narrow therapeutic windows.
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Limitations and Future Perspective

Most of the results described in this thesis were limited to mainly European
ancestry populations, and the results in this thesis should therefore be
interpreted with caution for populations of non-European backgrounds.
Future studies within non-European populations are warranted for those
findings.

With the advent of new methods for estimation of causal effects, has two-
sample Mendelian Randomization become less important?

Considering the limitations of conventional two-sample MR, more and more
advanced methods have been developed to investigate the potential causal
association between exposures and outcomes. Two-sample MR assumes that
the exposure-outcome relation is linear. To address violations of this
assumption, non-linear MR was put forward to investigate non-linear causal
relationship between exposures and outcomes [36]. Two-step MR and
multivariable MR was developed with the requirement to investigate the
potential causal association between an exposure and an outcome with
mediators [37, 38]. To address the pleiotropic effects limitation in two-sample
MR, clustered MR was developed to explore different biological pathways
between the exposure and outcome [39], especially in the case of large
heterogeneity between the estimated causal effects of individual instruments
on the study outcome. With the development of these advanced methods
developed to estimate causal effects, does this mean that the conventional
two-sample MR is no longer relevant? First of all, it is clear that all those
advanced methods were developed based on the original principles of two-
sample MR. This indicates conventional MR is the pillar of all the advanced
methods. Besides, it is more logical to first perform two-sample MR before
moving to some advanced methods. For example, in Chapter 4, we used the
clustered MR to investigate the association between IGF-1 and type 2
diabetes. The rationale of using the advanced method, clustered MR, is that
we observed heterogeneity of the estimated causal effects of instrumental
variables in two-sample MR. Basic studies are always the foundation for
more in-depth exploration. In summary, although two-sample MR analyses
have their limitations, the role of this method in estimation of causal effect
cannot be replaced.
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Is habitual sleep duration as a lifestyle factor enough to capture the
disturbance in lipid profiles?

In Part III of this thesis, Chapter 5 focused on the effect of interaction
between genetics and sleep duration on lipid traits in a large multiple-ethnic
population. In this study, we solely examined the effect of sleep duration on
lipids, and did not account for the complexity of sleep, which is a
multidimensional trait that covers a wide spectrum of phenotypes including
sleep duration, napping, insomnia, chronotype, etc. A significant amount of
research has been focused on the effect of different sleep traits on
cardiometabolic diseases. Some studies provided evidence that sleep
duration [40, 41], napping [42-44], insomnia [45, 46] and chronotype [47, 48]
were associated with risk of cardiometabolic diseases. MR analyses provided
evidence that sleep duration, insomnia and daytime napping are causally
associated with cardiometabolic diseases [42]. Although many studies have
addressed the effect of sleep traits on cardiometabolic diseases, limited
studies have taken into account the interaction between different sleep
phenotypes [49-51]. These studies suggested that sleep duration is not the
only sleep trait contributing to the risk of cardiometabolic diseases. In future
studies, we may need to focus more on other sleep traits and on the
combination of different sleep phenotypes affecting cardiometabolic diseases.
In addition to sleep, it is also important to examine the effect on
cardiometabolic diseases from other related lifestyle factors such as exercise,
diet, and explore their potential interactions.

Is medication use overlooked in epidemiological observational studies?
Can we benefit from multi-disciplinary approaches to handle this
confounder?

One of the major challenges in epidemiological observational studies of
cardiometabolic disease is medication use by the study participants.
According to the paper published by Jungyeon, et.al., many epidemiological
studies have not considered or given sufficient attention to medication use,
which may have impacted the results leading to bias or wrong interpretation
[52]. In this paper, etiological studies from high-ranked journals published
between 2015 and 2019 focusing on blood pressure, glucose or lipid
measurements were assessed. The results indicated that a large proportion of
studies (47%) did not report information on medication use or only provided
medication use for part of the variables affected (14%) [52]. One of the main
reasons for not considering medication use is absence or insufficiency of data
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for medication use in the respective databases. To address this issue, we need
to raise awareness about the importance of recording medication use during
data collection. Chapter 6 in Part IV of this thesis introduced a novel
framework integrating pharmacometrics and epidemiological disciplines to
predict plasma concentrations based on dosages and then associated
predicted drug concentration with clinical outcomes of interest. Given that
the dosage information is accessible, Chapter 6 may provide the opportunity
to address the issue of the lack of medication concentration data. Further
efforts are required to determine how to deal with insufficient medication
data and how to handle medication use in observational research.

Does multi-omics pave the road toward achieving precision medicine?

The findings presented in Chapter 4 of this thesis provide evidence for
considerable individual heterogeneity, and Chapter 6 stressed the
importance of personalized medicine especially for medication with a
narrow therapeutic window. These observations provide arguments to
further develop the discipline of precision medicine. According to US Food
and Drug Administration (FDA), precision medicine is an approach to
provide a precise strategy for prevention, diagnosis and treatment of disease
taking into account people’s differences in genes, lifestyles and environments
[53]. In the current thesis, genomics and metabolomics were used to identify
genetic variants that were associated with cardiometabolic disease, and to
unravel underlying biological pathways of cardiometabolic disease to
increase our awareness of personalized medicine. However, neither
genomics alone nor other single omics cannot capture the complex holistic
biological processes underlying most diseases [54]. With the advancement of
different omics techniques, high-throughput data in the disciplines of
genomics, epigenomics, transcriptomics, proteomics, and metabolomics can
now be relatively easily and cheaply obtained [55]. Integration of multiple
omics data (which is called multi-omics) needs to be applied in future studies
to provide a more comprehensive view of the etiology and pathophysiology
of cardiometabolic diseases [56]. With the increasing availability of multi-
omics data and awareness of the importance of biological interconnections,
network-based approaches are rapidly emerging as a promising method
which represent biological systems as interconnected networks of bio-
molecules (including genes, proteins, metabolites, etc.) [57]. Employing
network-based approaches for analyzing multi-omics data enables the
integration of biochemical process which includes gene regulation of protein
production, protein interaction with each other to carry out cellular functions
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and the interconnectivity of metabolites across different metabolic pathways
[58]. By comprehensive elucidation of disease pathophysiology, this
approach has the potential to significantly advance both personalized
prevention and treatment of diseases [59]. The realization of personalized or
stratified medicine can be achieved through patient stratification or disease
subtyping based on identified mechanisms and identification of risk factors
for distinct populations.
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Appendices

Summary

Despite extensive research, significant gaps remain in fully understanding
and preventing the onset of cardiometabolic disease. In this thesis, we aimed
to unravel part of the etiology and pathophysiology of cardiometabolic
disease by investigating potential (causal) risk factors and the interplay
between genetic and environmental factors in cardiometabolic diseases using
cutting-edge statistical and epidemiological methods.

In Chapter 1, I provided an overview of the disease background, explained
the relevant biological concepts, described the methodology employed and
the study populations utilized in this thesis.

In Chapter 2 of this thesis, we focused on insulin sensitivity of metabolomic
measures. Although the association between insulin sensitivity and
metabolomic measures has been extensively studied, the actual response of
these measures to changes in insulin concentration in non-diabetic
individuals has been understudied. We examined this response of
metabolomic measures under different hyper-insulinemic levels while
maintaining euglycemic conditions in middle-aged non-diabetic individuals.
In this study, we compared the changes in the concentrations of 151
metabolomic measures after low- and high-dose insulin infusion compared
to baseline levels by using linear mixed-effect models for repeated measures.
The results showed that 90 out of the 151 metabolomic measures changed in
concentration after low-dose insulin infusion compared with baseline, and
121 metabolomic measures changed in concentration after high-dose insulin
infusion compared with baseline. Additionally, we compared the changes in
concentrations of metabolomics measures after high-dose insulin infusion
with those after low-dose insulin infusion. We found that some metabolomic
measures seemed to reach their maximum response already at low-insulin
infusion, while 99 out of 151 metabolomic measures showed an additional
response at high-insulin dose infusion. In particular, the amino acids
including leucine, isoleucine, valine, glutamine and tyrosine had a large
decrease in concentration after high-dose insulin infusion when compare to
baseline and low dose insulin infusion. In conclusion, metabolomic measures
are differentially insulin sensitive and may thus be differentially affected by
the development of insulin resistance. Those findings also suggested that the
response to different insulin levels is likely organ-specific, which is reflected
by changes in metabolomic measure after low-dose insulin infusion
(primarily affecting metabolomic measures in the liver) and high-dose
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insulin infusion (primarily affecting metabolomic measures in peripheral
tissues). For patients, this could provide additional insight in the stage or the
type of insulin resistance and thus potentially provide opportunities for
personalized intervention.

In Chapter 3 of this thesis, we investigated the relationship between blood
mitochondrial function and type 2 diabetes (T2D). Mitochondria are essential
organelles for the production of cellular energy and dysfunctional energy
production may be cause and/or consequence of T2D. We associated
mitochondrial DNA copy number (mtDNA-CN) as a measure for
mitochondrial function and associated this measure with T2D incidence. We
performed this analysis using multivariable-adjusted Cox proportional
hazard models, and we found that a higher level of blood mtDNA-CN was
associated with lower risk of developing T2D. To assess whether or not this
association is causal, we performed bi-directional two-sample Mendelian
Randomization (MR) analyses. The results showed that there was no
evidence for a causal association between blood mtDNA-CN and type 2
diabetes in either direction. In order to investigate this relationship further,
we analyzed the potential causal association between blood mtDNA-CN and
BMI using bi-directional two-sample MR, but no indication for causal
associations between these two features was found in either direction. Our
hypothesis that blood mtDNA-CN drives the risk of T2D and obesity is based
on the assumption that blood mtDNA-CN reflects overall mitochondrial
function including mitochondrial function of tissues like liver and muscle
that play critical roles in T2D. With some additional analyses, we found that
higher blood mtDNA-CN was not associated with lean mass, nor with AST,
ALT and ALP as measures of liver function. A slightly lower GGT was
observed with an increase in blood mtDAN-CN. Altogether, these results
suggest that the observed association between low blood mtDNA-CN and
higher risk of type 2 diabetes is likely not causal. This could potentially be
explained by our findings that blood mtDNA-CN is not associated with
muscle mass and weakly with liver function and may thus not be a marker
of muscle mitochondrial function and only a weak marker for liver
mitochondrial function.

In Chapter 4 of this thesis, we investigated the association between blood
IGF-1 levels and T2D. Although it is biologically plausible that IGF-1 plays a
role in T2D, previous studies have reported inconsistent findings on this
association. We first performed Cox proportional hazard analyses on blood
IGF-1 levels and T2D, and investigated a possible J-shape association
between IGF-1 concentration and T2D, with low levels of IGF-1 being
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associated with a higher risk of developing T2D. Subsequently, we
performed two-sample MR analyses in the same study population, and
observed that higher genetically-influenced IGF-1 was associated with
higher risk of T2D. Considering the large heterogeneity in the estimated
causal effects of the individual genetic instruments in the two-sample MR,
we employed a novel method, clustered MR, to investigate the association
between genetically-influenced IGF-1 level with T2D. We identified six
clusters of genetically-influenced IGF-1, based on genetic instruments with
similar estimated causal effects, to be associated with T2D, among which
three clusters were related to a higher risk of T2D while the remaining three
clusters were related to a lower risk of T2D. The main clusters in which a
higher IGF-1 was associated with a lower risk of type 2 diabetes comprised
instruments mapping to genes in the growth-hormone signaling pathway,
whereas the main clusters in which a higher IGF-1 was associated with a
higher risk of type 2 diabetes comprised instruments mapping to genes in
pathways related to amino acid metabolism and genomic integrity. These
results provide evidence that the effect of IGF-1 on T2D is dependent on the
underlying metabolic/biomolecular pathways.

In Chapter 5 of this thesis, we aimed to understand the effect of genetic
factors and exposure to both long and short habitual sleep duration on
dyslipidemia traits including high-density lipoprotein cholesterol (HDL-c),
low-density lipoprotein cholesterol (LDL-c) and triglycerides (TG). In this
study, 732,564 individuals from multiple population groups across 55 cohorts
were involved. Through a 1-degree of freedom genome-wide variant-sleep
interaction analyses on lipid levels, we identified 9 lead variants of which
variants mapping to AMPD3 (LDL-c, LTST), ASPH (TG, LTST) and DLEU1
(TG, STST; HDL-c, STST) genes were most significant. Seven additional lead
variants were identified by a 2-degree of freedom joint analyses, among
which the lead variant mapping to SLC8A1 (TG, STST) which had been
previously identified as a therapeutic target for reduction of ischemic
damage following acute myocardial infarction. In conclusion, these results
provided insight into the biological pathways underpinning the associations
between disturbances in habitual sleep duration and lipid levels.

In Chapter 6 of this thesis, in order to make best use of observational data
and to understand how the drug concentration can associate with the
outcome, we introduced a novel methodological framework,
PHARMACOM-EP], which can predict drug concentrations at occurrence of
a clinical outcome. A warning was issued by the U.S. Food and Drug
Administration in 2021 on the antiseizure drug lamotrigine, which claimed
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that lamotrigine has the potential to increase risk of arrhythmias and related
sudden cardiac death. Our hypothesis is that the increase risk of arrhythmias
and related sudden cardiac death results from drug toxicity. By utilization of
the PHARMACOM-EPI framework, lamotrigine concentrations for older
patients with seizure were predicted at the time of death using a published
population pharmacokinetic model which was selected based on
demographic information and model accessibility. Patients were
subsequently categorized into toxic and non-toxic groups based on the
lamotrigine therapeutic range, after which the association between two
groups and all-cause mortality were analyzed. This study found that a toxic
plasma concentration of lamotrigine is associated with increased risk of all-
cause death in the older lamotrigine users. Application of this novel
framework PHARMACOM-EPI provided evidence to support our
hypothesis that the increased risk of all-cause and cardiovascular death was
associated with a toxic plasma concentration level of lamotrigine among
older lamotrigine users. By leveraging this methodology, observational data
could be harnessed more effectively.

In Chapter 7, I discussed the findings from Chapter 2 through Chapter 6

within the context of previous researches, their potential applications and
future directions of research.
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Samenvatting

Ondanks uitgebreid onderzoek blijven er aanzienlijke hiaten in het begrip
van de ontwikkeling van cardiometabole ziekten en daarmee in het
ontwikkelen van preventieve mogelijkheden. In dit proefschrift trachtten we
een deel van de etiologie en pathofysiologie van cardiometabole
aandoeningen te ontrafelen door potentiéle (causale) risicofactoren en de
interactie tussen genetische en omgevingsfactoren bij cardiometabole ziekten
te onderzoeken met behulp van geavanceerde statistische en
epidemiologische methoden.

In Hoofdstuk 1 wordt een overzicht gepresenteerd van de achtergrond van
cardiometabole ziekten, de relevante biologische concepten uitgelegd, en de
gebruikte methodologie en de studiepopulaties beschreven die in dit
proefschrift zijn gebruikt.

In Hoofdstuk 2 van dit proefschrift hebben we ons gericht op de
insulinegevoeligheid van metabolieten in het bloed. Hoewel veel bekend is
over de associaties van insuline niveaus met metabolieten in met name
individuen met insuline resistentie, is er relatief weinig bekend over de
response van metabolieten op insuline in niet-diabetische individuen. Deze
response hebben we onderzocht door de niveaus van metabolieten te
vergelijken onder verschillende hyperinsulinemische niveaus, waarbij
euglycemische omstandigheden werden gehandhaafd in niet-diabetische
individuen van middelbare leeftijd. In deze studie vergeleken we de
veranderingen in de concentraties van 151 metabolieten metingen na infusie
met lage en hoge dosis insuline ten opzichte van het startpunt van de studie,
met behulp van regressie modellen voor herhaalde metingen. De resultaten
lieten zien dat, vergeleken met het startpunt van de studie, de concentratie
van 90 van de 151 metabolieten veranderden na infusie met lage dosis
insuline en de concentraties van 121 metabolieten veranderden na infusie
met hoge dosis insuline. Daarnaast vergeleken we de veranderingen in
concentraties van metabolieten na infusie met hoge dosis insuline met die na
infusie met lage dosis insuline. We vonden dat sommige metabolieten al bij
lage dosis insuline-infusie hun maximale respons leken te bereiken, terwijl
99 van de 151 metabolieten een aanvullende respons vertoonden bij hoge
dosis insuline-infusie. In het bijzonder de aminozuren leucine, isoleucine,
valine, glutamine en tyrosine vertoonden ten opzichte van de basislijn een
sterke afname in concentratie na infusie met hoge dosis insuline vergeleken
met de infusie met lage dosis insuline. Hieruit kunnen we concluderen dat
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de insuline gevoeligheid van metabolieten verschilt en dus dat deze
metabolieten verschillend worden beinvloed bij de ontwikkeling van
insulineresistentie. Deze bevindingen suggereren ook dat de respons op
verschillende insulineniveaus waarschijnlijk orgaanspecifiek is, wat blijkt uit
de veranderingen in metabolieten na infusie met lage dosis insuline (primair
van invloed op metabolieten in de lever) en hoge dosis insuline (primair van
invloed op metabolieten in perifere weefsels). Voor patiénten kan dit
aanvullende inzichten bieden in de fase van, of het type insulineresistentie
en aldus kansen bieden voor een gepersonaliseerde interventie.

In Hoofdstuk 3 van dit proefschrift hebben we de relatie tussen
mitochondrién in het bloed en type 2 diabetes (T2D) onderzocht.
Mitochondrién zijn cruciaal voor de energieproductie van de cel en
verstoring van deze functie kan zowel oorzaak als gevolg zijn van T2D. Als
maat voor mitochondriéle functie hebben we het aantal mitochondriéle DNA
kopieén (mtDNA-CN) in het bloed genomen en geassocieerd met T2D. Dit is
gedaan met behulp van Cox proportionele regressiemodellen, waarbij we
gecorrigeerd hebben voor confounders. We hebben gevonden dat een hoger
bloed mtDNA-CN was geassocieerd met een lager risico op het ontwikkelen
van T2D. Om te beoordelen of deze associatie causaal is, hebben we
bidirectionele Mendeliaanse Randomisatie (MR) analyses uitgevoerd. De
resultaten lieten echter geen bewijs zien voor een causale associatie tussen
bloed mtDNA-CN en type 2 diabetes in welke richting dan ook. Om deze
relatie verder te onderzoeken, hebben we ook de mogelijke causale associatie
tussen bloed mtDNA-CN en body mass index (BMI) met behulp van
bidirectionele MR geanalyseerd. Maar ook hierbij hebben we geen
aanwijzingen gevonden voor causale associaties tussen deze twee
kenmerken in welke richting dan ook. Onze hypothese dat bloed mtDNA-
CN het risico op T2D en obesitas aandrijft is gebaseerd op de veronderstelling
dat bloed mtDNA-CN een weerspiegeling is van de algehele mitochondriale
functie. Dit inclusief de mitochondriale functie van weefsels zoals de lever en
spier die een cruciale rol spelen in T2D. Met aanvullende analyses hebben we
gevonden dat hoger bloed mtDNA-CN niet geassocieerd was met minder
spiermassa, noch met AST, ALT en ALP als maten voor leverfunctie. Een iets
lagere GGT werd waargenomen bij een verhoging van bloed mtDNA-CN. Al
met al suggereren deze resultaten dat de waargenomen associatie tussen laag
bloed mtDNA-CN en een hoger risico op type 2 diabetes waarschijnlijk niet
causaal is. Dit wordt mogelijk verklaard door onze bevindingen dat bloed
mtDNA-CN niet geassocieerd is met spiermassa en slechts zwak
geassocieerd is met leverfunctie. Derhalve is bloed mtDNA-CN mogelijk
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geen marker van mitochondriale functie in spierweefsel en slechts een
zwakke marker voor mitochondriale functie in de lever.

In Hoofdstuk 4 van dit proefschrift hebben we de associatie tussen bloed
IGF-1-niveaus en T2D onderzocht. Hoewel het biologisch plausibel is dat
IGF-1 een rol speelt in T2D, hebben eerdere studies over deze associatie
inconsistente bevindingen gerapporteerd. We hebben eerst confounder-
gecorrigeerde Cox proportionele regressiemodellen uitgevoerd op bloed
IGF-1-niveaus en T2D. Vervolgens hebben we een mogelijke J-vormige
associatie tussen IGF-1 concentratie en T2D onderzocht, waarbij specifiek
lagere IGF-1 niveaus werden geassocieerd met een hoger risico op het
ontwikkelen van T2D. Vervolgens hebben we MR-analyses uitgevoerd in
dezelfde studiepopulatie. Hierbij vonden we dat een hoger genetisch
beinvloed IGF-1 geassocieerd was met een hoger risico op T2D. Echter, de
geschatte causale effecten van de individuele genetische instrumenten voor
IGF-1 in de MR analyses lieten een grote heterogeniteit zien. Om dit nader te
onderzoeken hebben we een nieuwe methode gebruikt, geclusterde MR, om
de associatie tussen genetisch beinvloed IGF-1 niveaus en T2D te
onderzoeken. Op basis van genetische instrumenten met vergelijkbare
geschatte causale effecten vonden we zes clusters van genetisch beinvloed
IGF-1, die geassocieerd waren met T2D. Hiervan waren drie clusters
gerelateerd aan een hoger risico op T2D, terwijl de overige drie clusters
gerelateerd waren aan een lager risico op T2D. De belangrijkste clusters
waarin een hoger IGF-1 geassocieerd was met een lager risico op type 2
diabetes bestonden uit instrumenten die betrekking hadden op genen in het
groeihormoon-signaleringspad. De belangrijkste clusters waarin een hoger
IGF-1 werd geassocieerd met een hoger risico op type 2 diabetes bevatten
instrumenten die betrekking hadden op genen in paden gerelateerd aan
aminozuurmetabolisme en genoom-integriteit. Deze resultaten geven aan
dat het effect van IGF-1 op T2D afhankelijk is van de onderliggende
metabole /biomoleculaire mechanismen.

In Hoofdstuk 5 van dit proefschrift hebben we de interacties onderzocht
tussen slaap en lipiden die een rol spelen bij het risico op hart- en vaatziekten.
Dat er een verband is tussen slaap en hart- en vaatziekten is duidelijk, maar
niet of lipiden daar mogelijk een rol bij spelen. We hebben het effect
onderzocht van genetische factoren en blootstelling aan zowel lange als korte
gebruikelijke slaapduur op dyslipidemie zoals high-density lipoprotein
cholesterol (HDL-c), low-density lipoprotein cholesterol (LDL-c) en
triglyceriden (TG). In deze studie waren 732.564 individuen uit meerdere
bevolkingsgroepen van 55 verschillende cohorten betrokken. Door middel
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van een genoomwijde interactieanalyse tussen varianten en slaapduur
hebben we we 9 leidende varianten geidentificeerd waarvan varianten die
betrekking hebben op de AMPD3 (LDL-c, LTST), ASPH (TG, LTST) en
DLEUI1 (TG, STST; HDL-c, STST) genen het meest significant waren. Zeven
aanvullende leidende varianten werden geidentificeerd door een
gezamenlijke analyse met 2 vrijheidsgraden, waaronder een variant gelinkt
aan SLC8A1 (TG, STST) die eerder is geidentificeerd als een therapeutisch
doelwit voor de vermindering van ischemische schade na een acuut
myocardinfarct. Deze resultaten bieden inzicht in de biologische paden die
ten grondslag liggen aan de associaties tussen verstoringen in de
gebruikelijke slaapduur en lipiden niveaus die een rol spelen bij hart- en
vaatziekten.

Bij interventie studies met medicijnen is het belangrijk om te weten bij welke
concentratie van werkzame stof in het bloed mogelijke bijwerkingen
optreden. Echter deze concentraties worden zelden gemeten en zeker niet op
grote schaal. Om optimaal gebruik te maken van de grote hoeveelheden
beschikbare observationele gegevens en te begrijpen hoe de
medicijnconcentratie kan worden geassocieerd met de uitkomst van een
interventiestudie, hebben we een nieuw methodologisch raamwerk
geintroduceerd in hoofdstuk 6 van dit proefschrift, PHARMACOM-EP], dat
medicijnconcentraties in bloed kan voorspellen bij het optreden van een
klinische uitkomst. In 2021 werd een waarschuwing uitgegeven door de U.S.
Food and Drug Administration over het anti-epileptisch medicijn
lamotrigine, waarin werd aangegeven dat lamotrigine het risico op
hartritmestoornissen en gerelateerde plotse hartdood zou kunnen verhogen.
We hebben de hypothese getest dat het verhoogde risico op
hartritmestoornissen en gerelateerde plotse hartdood voortkomt uit
medicijntoxiteit. Door gebruik te maken van het PHARMACOM-EPI
raamwerk, werden lamotrigine-concentraties voor oudere patiénten met
epileptische aanvallen voorspeld op het moment van overlijden. Dit hebbe
we gedaan met behulp van gepubliceerde populatie-farmacokinetische
modellen die geselecteerd waren op basis van demografische informatie en
modeltoegankelijkheid. Patiénten werden vervolgens gecategoriseerd in
toxische en niet-toxische groepen op basis van het therapeutische bereik van
lamotrigine, waarna de associatie van deze twee groepen met de totale sterfte
werd geanalyseerd. Deze studie vond dat een toxische plasmaconcentratie
van lamotrigine geassocieerd is met een verhoogd risico op totale sterfte bij
oudere lamotrigine-gebruikers. Toepassing van dit nieuwe PHARMACOM-
EPI raamwerk leverde bewijs ter ondersteuning van onze hypothese dat het
verhoogde risico op totale en cardiovasculaire sterfte geassocieerd is met een
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toxisch  plasmaconcentratieniveau van lamotrigine onder oudere
lamotrigine-gebruikers. Deze methodologie maakt het mogelijk om
observationele gegevens effectiever te benutten.

In Hoofdstuk 7 heb ik de bevindingen uit Hoofdstuk 2 tot en met Hoofdstuk

6 besproken in de context van eerder onderzoek, de mogelijke toepassingen
van de bevindingen, en de toekomstige richtingen van onderzoek.
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